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Background: Chest computed tomography (CT) scans play an important role in the diagnosis of coronavirus disease 2019 (COVID-19). This study aimed to describe the quantitative CT parameters in COVID-19 patients according to disease severity and build decision trees for predicting respiratory outcomes using the quantitative CT parameters.

Methods: Patients hospitalized for COVID-19 were classified based on the level of disease severity: (1) no pneumonia or hypoxia, (2) pneumonia without hypoxia, (3) hypoxia without respiratory failure, and (4) respiratory failure. High attenuation area (HAA) was defined as the quantified percentage of imaged lung volume with attenuation values between −600 and −250 Hounsfield units (HU). Decision tree models were built with clinical variables and initial laboratory values (model 1) and including quantitative CT parameters in addition to them (model 2).

Results: A total of 387 patients were analyzed. The mean age was 57.8 years, and 50.3% were women. HAA increased as the severity of respiratory outcome increased. HAA showed a moderate correlation with lactate dehydrogenases (LDH) and C-reactive protein (CRP). In the decision tree of model 1, the CRP, fibrinogen, LDH, and gene Ct value were chosen as classifiers whereas LDH, HAA, fibrinogen, vaccination status, and neutrophil (%) were chosen in model 2. For predicting respiratory failure, the decision tree built with quantitative CT parameters showed a greater accuracy than the model without CT parameters.

Conclusions: The decision tree could provide higher accuracy for predicting respiratory failure when quantitative CT parameters were considered in addition to clinical characteristics, PCR Ct value, and blood biomarkers.

Keywords: coronavirus disease 2019, pneumonia, hypoxia, respiratory failure, quantitative CT, decision tree


INTRODUCTION

The coronavirus disease 2019 (COVID-19) pandemic, resulting from severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection, persists as a major health concern worldwide (1). As of March 12, 2022, over 6 million deaths were recorded from COVID-19 (2). The clinical course of COVID-19 varies, ranging from asymptomatic or mild illness to respiratory failure requiring mechanical ventilation, and in the worst case scenarios leading to death (3–5). In a rapidly evolving situation in which the number of infected persons is increasing at a quick pace (6), predicting patient outcomes remains an important issue in light of the distribution of limited medical resources, and in order to provide the best possible care to patients. In this regard, previous studies highlighted several demographic characteristics and laboratory features as prognostic factors in COVID-19, including older age (7), presence of comorbidities (8), obesity (9), C-reactive protein (CRP) (10), and D-dimer levels (11).

Chest computed tomography (CT) scans play an important role in the diagnosis of COVID-19. In particular, they are useful for identifying characteristic features of COVID-19 pneumonia, such as ground glass opacities (GGOs) and/or consolidations predominantly in peripheral areas which may otherwise be difficult to detect on chest radiographs in some cases (12, 13). It is considered the first-line imaging modality, especially in the initial stages of COVID-19 due to its high sensitivity (14). Recent advances in artificial intelligence have enabled the automatic quantification of various parameters obtained from chest CT images (15–17). These advances may be channeled into developing objective imaging biomarkers for predicting COVID-19 outcomes. Using appropriate density threshold ranges, it is possible to differentiate lung parenchyma involved in COVID-19 from normal lung parenchyma (18).

Information on lung density and airway thickness can be easily obtained using quantitative analysis software powered by a fully automated artificial intelligence algorithm, but there remain insufficient data on whether using this information yields any benefits in addition to clinical/laboratory indicators as regards the prediction of patient clinical severity. This study sought to describe the quantitative CT parameters in COVID-19 patients according to disease severity and assess the correlation between CT and blood biomarkers. We also built decision trees for predicting respiratory outcomes in triage patients using demographic, laboratory, and CT parameters, and assessed the role of quantitative CT parameters.



MATERIALS AND METHODS


Study Subjects and Data Collection

This retrospective cohort study was conducted at Ilsan Paik Hospital, South Korea. Patients admitted with COVID-19 confirmed by reverse transcriptase-polymerase chain reaction (RT-PCR) were enrolled. Patients were excluded if they were admitted after an acute stage of the disease. Baseline characteristics, including age, sex, body mass index (BMI), vaccination history, and comorbidities, were obtained from electronic medical records. Cycle threshold (Ct) values of the RdRp/E genes from RT-PCR and laboratory findings were also acquired.

The study patients were classified based on the level of disease severity: (1) no pneumonia or hypoxia, (2) pneumonia without hypoxia, (3) hypoxia without respiratory failure, and (4) respiratory failure. Pneumonia was defined as radiological evidence of pulmonary infiltrates on chest radiography or chest CT. Hypoxia was defined as an oxygen saturation of <94% on room air at sea level. Respiratory failure was defined as the requirement for oxygen supply via a high-flow nasal cannula, mechanical ventilation, and/or extracorporeal membrane oxygenation. This study was conducted in accordance with the principles of the Declaration of Helsinki. The Institutional Review Board of Ilsan Paik Hospital, Inje University approved of the study protocol (IRB No: 2022-01-025). The need for informed consent was waived given the retrospective nature of the study.



Laboratory Test Measurements

The following blood tests were performed for all study patients: complete blood cell count with differentials, liver function test, lactate dehydrogenase (LDH), CRP, procalcitonin, fibrinogen, D-dimer, and ferritin. All routine tests were performed in the central laboratory of our hospital within an hour of blood collection. Tests for SARS-CoV-2 were performed using ExiPrep 48 Dx (Bioneer, Daejeon, South Korea) for nucleic acid extraction and STANDARD M nCoV Real-Time Detection Kit (SD Biosensor, Suwon, South Korea) for RT-PCR targeting the RdRp and E genes of SARS-CoV-2. All the test procedures were carried out according to the manufacturers’ instructions.



Quantitative Chest Computed Tomography Analyses

Chest CT images were obtained in the supine position with standardized CT screening protocols at a tube voltage of 120 kVP and current of 24 mA, which were applied in the high-pitch spiral mode (Aquilion One from Toshiba). Acquired whole-lung images were analyzed using commercial software (Aview® system; Coreline Soft Inc., Seoul, South Korea), which automatically segmented the lungs and detected the airways. High attenuation area (HAA) was defined as the quantified percentage of imaged lung volume with attenuation values between −600 and −250 Hounsfield units (HU), and low attenuation area (LAA) as <−950 HU (19, 20). HAA corresponds to pneumonia-related alterations such as GGOs and consolidation (18). Airway measurements were performed using the full-width-half-maximum (FWHM) method. Details of the airway measurement algorithm for FWHM have been reported previously (21). AWT-Pi10, a surrogate for airway wall thickness, was derived by plotting the square root of the airway wall area against the internal perimeter of each measured airway to assess the theoretical airway with an internal perimeter of 10 mm using a regression line.



Statistical Analyses

The subjects’ characteristics are presented as means and standard deviations for continuous variables and as relative frequencies and percentages for categorical variables. Statistical analyses were performed using R software (version 3.6.0). Continuous variables were compared using analysis of variance (ANOVA), and categorical variables were compared using a chi-squared test or Fisher’s exact test. For the correlation matrix, Pearson’s correlation between variables was performed using the cor function in the stats package. Linear regression analysis was performed for HAA levels and laboratory values. A violin plot was drawn using the ggplot2 package. To create a decision tree model, patients were divided into training and testing sets with a 7:3 ratio for cross-validation; models were developed in the training set. Two different types of decision tree models were assessed. Model 1 included demographics, Ct values for gene PCR, and blood biomarkers. Model 2 further included the values of quantitative chest CT analysis in addition to model 1. Model 1 was developed in all patients whereas model 2 was built in patients who underwent chest CT. The tree package was used to draw decision trees. A tree is a non-parametric statistical classification procedure that uses a set of if-then-else logical conditions to assign unknown features to a predefined category. Algorithms for constructing a tree work by choosing a variable at each step that best splits the set of items from top to bottom. The tree creates a partition recursively to lower impurities using the Gini index. Gini index measures the probability of a particular variable being incorrectly classified when it is randomly chosen, and it is calculated by subtracting the sum of squared probabilities of each class from 1. The cut-off values of each node were determined as the points that increase the purity of set using the Gini index. The number of pruning nodes was selected using K-fold cross-validation. The accuracy of the tree model was validated using a testing set.




RESULTS


Baseline Characteristics

Between September 1 and December 31, 2021, a total of 389 hospitalizations with a diagnosis of COVID-19 were identified. We excluded two patients who were transferred from other hospitals for post-acute care. The mean age of the 387 patients was 57.8 years, and 194 (50.3%) were women. Of these, 204 (52.7%) were fully vaccinated.

The study patients were categorized into four groups based on respiratory outcomes: no pneumonia or hypoxia (n = 186, 48.1%), pneumonia without hypoxia (n = 116, 30%), hypoxia without respiratory failure (n = 66, 17.1%), and respiratory failure (n = 19, 4.9%). Table 1 describes the baseline demographic characteristics and findings of the microbiological and laboratory studies according to the respiratory outcome group. Patients with respiratory failure were significantly older than patients without hypoxia irrespective of pneumonia (mean age, 66.2, 56.3, and 56.2 years in patients with respiratory failure, those with pneumonia but not hypoxia, and those without pneumonia, respectively). Sex and BMI were not significantly different between the four groups. Compared to patients without pneumonia, those with pneumonia, hypoxia, or respiratory failure included significantly more patients who were not vaccinated (33.3, 58.6, 62.1, and 63.2%, respectively). The levels of LDH, aspartate aminotransferase (AST), CRP, fibrinogen, neutrophil (%), and ferritin tended to increase as disease severity increased.


TABLE 1. Characteristics of COVID-19 patients stratified by severity.

[image: Table 1]


Quantitative Chest Computed Tomography Imaging Parameters

A total of 147 patients (38.0%) underwent chest CT scans. The baseline clinical characteristics are shown in Supplementary Table 1. Quantitative chest CT findings are presented in Table 2. The mean value of whole-lung HAA, which reflects the extent of pneumonic infiltration, was 11.7% in all patients. The mean values of whole lung LAA and AWT-Pi10 were 3.4% and 4.0 mm, respectively. The histograms for HAA and LAA in each lobe are represented in Supplementary Figure 1. When calculated in each lobe, HAA tended to be higher in the lower lobes, probably reflecting higher attenuation in dependent areas (Supplementary Figure 2). The mean HAA was 8.7, 8.1, 16.3, 9.6, and 18.3% in the right upper (RUL), right middle (RML), right lower (RLL), left upper (LUL), and left lower (LLL) lobes, respectively.


TABLE 2. Quantitative CT findings according to the level of severity.

[image: Table 2]
When comparing the groups based on disease severity, HAA increased as the severity of the respiratory outcomes increased. The mean HAA was 7.7% in patients without pneumonia, 9.7% in patients with pneumonia without hypoxia, 14.2% in patients with pneumonia with hypoxia, and 23.0% in patients with respiratory failure. Violin plots representing the distribution of HAA in each group are shown in Figure 1. The HAA level sequentially increased with worsening of respiratory outcomes. The mean LAA was significantly lower in patients with respiratory failure (1.3%) than in the other groups. The mean AWT-Pi10 and wall area did not differ significantly across groups.


[image: image]

FIGURE 1. Violin plot of the HAA values according to the respiratory outcomes of COVID-19. Each violin plot represents the distribution of HAA. HAA was sequentially increased in order of patients without pneumonia, those with pneumonia without hypoxia, those with hypoxia without respiratory failure, and those with respiratory failure. Abbreviation: HAA, high attenuation area; COVID-19, Coronavirus disease 2019.




Correlation Between Quantitative Computed Tomography Parameters, Blood Biomarkers, and Respiratory Outcomes

To understand the association between quantitative CT parameters, blood biomarkers, and clinical features, a correlation matrix was constructed (Figure 2). When associations between respiratory outcomes and quantitative CT or blood biomarkers were assessed, a moderate correlation (a coefficient of 0.4–0.6) was present for pneumonia with CRP and fibrinogen, hypoxia with LDH and CRP, and respiratory failure with HAA (total or each lobe). Total HAA had a moderate correlation (a coefficient of 0.4–0.6) with LDH, CRP, and total LAA, and a weak correlation (a coefficient 0.2–0.4) with AST, fibrinogen, WBC count, neutrophil (%), and ferritin. Detailed values are represented in Supplementary Table 2. Total HAA was chosen as a representative imaging biomarker given its strong correlation with the values of all other lobes (Supplementary Figure 3). Scatter plots showing linear regression analysis of total HAA and blood biomarkers are shown in Figure 3. The LDH, AST, CRP, fibrinogen, WBC count, neutrophil, and ferritin levels were significantly associated with total HAA levels.


[image: image]

FIGURE 2. A correlation matrix of demographic, laboratory and quantitative CT image findings. Pearson correlation between variables was performed. The circle sizes and intensity of colors correlate with the strength of their association. The blue and red color indicate positive and negative correlation, respectively. Only statistically significant associations are drawn. Abbreviation: BMI, body mass index; LDH, lactate dehydrogenase; AST, aspartate aminotransferase; ALT, alanine aminotransferase; CRP, C-reactive protein; WBC; white blood cell; LAA, low attenuation area; RUL, right upper lobe; RML, right middle lobe; RLL, right lower lobe; LUL, left upper lobe, LLL; left lower lobe; HAA, high attenuation area.



[image: image]

FIGURE 3. Correlation between HAA and blood biomarkers. A linear regression analysis was performed for total HAA and blood biomarkers. Different colors indicate each respiratory outcome group (green, no pneumonia; yellow, pneumonia without hypoxia; orange, hypoxia without respiratory failure; and red, respiratory failure). The regression coefficients and p-values are as follows: LDH, R = 8.84, p < 0.001; AST, R = 0.76, p = 0.002; CRP, R = 0.37, p < 0.001; fibrinogen, R = 9.49, p < 0.001; D-dimer, R = 0.02, p = 0.21; WBC, R = 151.1, p < 0.001; neutrophil (%), R = 0.88, p < 0.001; procalcitonin, R = 0.004, p = 0.75; ferritin, R = 24.06, p = 0.002. Abbreviation: LDH, lactate dehydrogenase; HAA, high attenuation area; AST, aspartate aminotransferase; CRP, C-reactive protein; WBC; white blood cell.




Decision Tree Models to Predict Respiratory Outcomes–Role of the Quantitative Computed Tomography Biomarker

All study patients were randomly allocated to a training and testing set in a 7:3 ratio. A decision tree model for predicting clinical outcomes was developed in the training set and validated in the testing set. Two models were developed: quantitative CT parameters were not considered in model 1 but included in model 2.

In model 1, the CRP, fibrinogen, LDH, and Ct values of the RdRp gene were selected as classifiers (Figure 4A). The balanced accuracies for the classification of patients into groups of no pneumonia, pneumonia without hypoxia, hypoxia without respiratory failure, and progression to respiratory failure were 0.739, 0.620, 0.776, and 0.500, respectively. The decision tree of model 1 was not appropriate for predicting respiratory failure given its low accuracy. Further, when the decision tree of model 1 was developed only including patients who underwent chest CT, the balanced accuracies for no pneumonia, pneumonia without hypoxia, hypoxia, and respiratory failure were 0.519, 0.467, 0.681, and 0.500, respectively (Supplementary Figure 4).


[image: image]

FIGURE 4. Decision trees for predicting respiratory outcomes. (A) Model 1 using the clinical characteristics, PCR Ct values, and laboratory variables, (B) model 2 using quantitative CT parameters in addition to the variables in model 1. Abbreviation: PCR, polymerase chain reaction; Ct, cycle threshold; CT, computed tomography; CRP, C-reactive protein; LDH, lactate dehydrogenase; HAA, high-attenuation area.


In model 2, quantitative CT parameters were included in addition to the variables in model 1, and the following variables were chosen: LDH, HAA, fibrinogen, vaccination status, and neutrophil (%) (Figure 4B). The balanced accuracies for the classification of groups of no pneumonia, pneumonia without hypoxia, pneumonia with hypoxia, and respiratory failure were 0.659, 0.514, 0.671, and 0.807, respectively, which were superior for predicting progression to more severe outcomes than those of model 1. Three-dimensional scatter plots between values of CRP, fibrinogen, and LDH and between values of LDH, HAA, and fibrinogen and respiratory outcomes are represented in Supplementary Figures 5A,B.




DISCUSSION

This study described the quantitative CT parameters in patients with COVID-19 according to their respiratory outcomes. We also built a simple, easy-to-interpret decision tree to predict respiratory outcomes. The decision tree could provide more accuracy in predicting respiratory failure when quantitative CT parameters are considered in addition to clinical characteristics, PCR Ct values, and blood biomarkers.

The fully automated quantification of CT parameters is being increasingly implemented. In the context of the COVID-19 pandemic, a moderate to strong correlation has been demonstrated between software-driven automatic quantification of the proportion of GGO and/or consolidation and visual assessment of chest CT by radiologists (22). Previous studies have highlighted that quantitative CT biomarkers are useful for predicting COVID-19 outcomes including death (23–27). In a retrospective study including 236 patients with COVID-19, Colombi et al. found that the proportion of well-aerated lung (%) on chest CT predicted adverse outcomes (23). The proportion of well-aerated lung, assessed either visually or by software, was less than 73% on the initial chest CT and was associated with intensive care unit admission or death. Meanwhile, Liu et al. analyzed patients for whom chest CT examinations on days 0 and 4 were available (24). The percentages of GGO volume, semi-consolidation volume, and consolidation volume on chest CT images were obtained using artificial intelligence algorithms in 134 patients diagnosed with COVID-19. They demonstrated that these features on day 0, as well as their changes from day 0 to day 4, could predict the risk of progression to severe illness. In our study, HAA, which represents automatically quantified areas of imaged lung volume with attenuation values between −600 and −250 HU, showed a significant correlation with disease severity and several blood biomarkers and served as a classifier in a decision tree.

In contrast to other studies, the outcomes of COVID-19 infection were divided into four mutually exclusive groups in our study: no pneumonia, pneumonia without hypoxia, hypoxia without respiratory failure, and respiratory failure. This classification may be meaningful for triaging patients in a pandemic situation in which hospital crowding and shortage of beds are of great concern. Indeed, patients without pneumonia or those with no oxygen demand do not necessarily require hospitalization and may be treated at home, whereas patients with hypoxia need to be admitted for supplemental oxygen treatment. In addition, decision trees may provide clues to the pathogenesis of disease progression through their own structure.

Interestingly, a higher HAA level positively corresponded to a greater severity of the disease, supporting its role as a biomarker in predicting COVID-19 severity. In contrast, AWT-Pi10 was not significantly associated with disease severity or other blood biomarkers. One study revealed that patients with COVID-19 have more frequent airway thickening, measured by wall area (%) and AWT-Pi10 compared with those without COVID-19, but there was no significant association between airway thickness and disease severity (28). The authors suggested that this finding likely results from the fact that the primary structures attacked by SARS-CoV-2 are alveoli, not airways (28).

Several blood biomarkers have been linked to disease severity. Pneumonia was found to be correlated with CRP and fibrinogen levels, whereas hypoxia was correlated with LDH and CRP levels. LDH is considered a general marker of cell or tissue injury and reflects the severity of inflammation. Elevated LDH levels are a predictor of severe COVID-19 (29–31). Fibrinogen has also been shown to be higher in patients with severe disease than in those without severe disease (32) and to predict poor prognosis in patients with COVID-19 (33). When the decision tree model was created with relevant variables without quantitative CT parameters, the selected classifiers were CRP, fibrinogen, LDH, and Ct values of the RdRp gene, all of which were considered to represent the severity of inflammation. However, the discriminative power of the decision tree for severe respiratory outcomes was higher in model 2, where quantitative CT parameters were considered in addition to the variables in model 1, supporting the role of quantitative CT in predicting the prognosis of COVID-19, especially respiratory failure.

This study had several limitations that need to be addressed. First, this was a retrospective study that included patients from a single center. Further evaluations with a larger patient population are necessary to confirm our findings. Second, the fact that we carried out quantitative CT analyses using a specific software may have limited the widespread clinical application of our results. However, the role of quantitative CT does not seem to be vendor-specific, given the similar results from other studies that used different software. Third, we did not perform a qualitative assessment of chest CT images. We did not evaluate whether specific CT features of COVID-19 (e.g., distribution, consolidation type, or reverse halo sign) were associated with disease severity or outcomes. In addition, visual assessment was not performed. Although HAA may reflect the extent of viral pneumonia, it cannot distinguish other causes with increased density, such as atelectasis or post-inflammatory fibrosis. Interpretation may need to be supplemented with visual assessment in certain patients. However, fully automated quantification enables an easy, fast, and objective assessment in general.

In conclusion, HAA was associated with respiratory outcomes and was found to be strongly correlated with blood biomarkers in patients with COVID-19. The decision tree provided higher accuracy for predicting respiratory failure when quantitative CT parameters were considered in addition to clinical characteristics, PCR Ct values, and blood biomarkers.
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The current COVID-19 pandemic is caused by the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2). Many countries have reported the experience of at least two contagion waves, describing associated mortality rates and population behavior. The analysis of the effect of this pandemic in different localities can provide valuable information on the key factors to consider in the face of future massive infectious diseases. This work describes the first retrospective and comparative study about behavior during the first and second waves of the COVID-19 pandemic in Chile from a primary Healthcare Center. From 19,313 real-time quantitative PCR (RT-qPCR) tests assessed, the selected 1,694 positive diagnostics showed a decrease in mortality rate in the second wave (0.6%) compared with the first (4.6%). In addition, we observed that infections in the second wave were mainly in young patients with reduced comorbidities. The population with a complete vaccination schedule shows a decrease in the duration of symptoms related to the disease, and patients with more comorbidities tend to develop severe illness. This report provides evidence to partially understand the behavior and critical factors in the severity of the COVID-19 pandemic in the population of Santiago of Chile.

Keywords: SARS-CoV-2, COVID-19, waves of infection, vaccination, Chile


INTRODUCTION

The COVID-19 pandemic collapsed the global public health systems at the beginning (1–3), due to the lack of information about it, both in its behavior and treatment. To date, most countries have experienced several waves of infections since the beginning of 2020 in Wuhan, China (4). The empirical data collected to date show differences in viral infection behavior between the periods in the population diagnosed with COVID-19, in age range, symptoms, and disease severity, in different countries and locations (5, 6). For example, patients in the second wave were younger, and the length of hospitalization and the case fatality rate were lower than those in the first wave in Spain, with differences in risk factors for mortality, such as comorbidities (7). On the other hand, Seong et al. (8) reported a higher case fatality rate in the third wave compared with the second (0.91 vs. 1.96%) in South Korea (8). While in Thailand, the infections and spread were enormously increased in the third wave, with significant differences between age ranges (5), possibly due to the lack of public and social health policies. In addition, the vaccination plan has decreased the rate of deaths and infections in different waves of infections (9). However, despite these data being handy for understanding the behavior of this and other possible massive infections in different countries and geographic regions, there is no report on the behavior of the SARS-CoV-2 virus in the first wave of contagion in Santiago of Chile. In this study, we analyzed the population's behavior from Centro de Salud Familiar San José de Chuchunco, a primary healthcare center in the Metropolitan region. We compared in SARS-CoV-2 positive-diagnosed patients the age, symptomatology duration, and severity between the first and second waves of SARS-CoV-2 infection and evaluated the effects of vaccination on the course of the second wave. Our analysis indicates that the first wave of infections occurred in the older population with a 4.5% mortality rate with a series of related comorbidities. This mortality rate decreased to 0.6% in the second wave, which is related to a younger population with fewer comorbidities and the beginning of mass vaccination of older patients. These results shed light and suggest the behavior of the COVID-19 disease at the beginning of the pandemic in Chile, one of the 15 best countries to live in times of pandemic according to The Covid Resilience Ranking (10).



MATERIALS AND METHODS


Data From San José de Chuchunco Family Healthcare Center (Santiago of Chile)

We used the database of San José de Chuchunco, a primary healthcare attention center in the Metropolitan region of Santiago, Chile, to conduct a retrospective study for the first and second waves of infection of SARS-CoV-2 in a population of Chile between March 2020 and June 2021. A total of 19,313 real-time quantitative PCR (RT-qPCR) tests were performed, with 12.7% overall positivity (2,470). The first wave corresponds to the date between March and July 2020 (1,721 tests and 742 positives), the inter-wave between August 2020 and January 2021 (10,445 tests and 564 positives), and the second wave from February to June 2021 (7,147 tests and 1,164 positives). The beginning and end of the waves of infection are related to the sustained and significant increase and decrease in infections at the national level. The periods of the first and second waves of our study coincide with those officially reported for the country by the Ministry of Health of the Government of Chile (11). We obtained access to 1,694 exams used for this study. The analysis includes the first wave (666 positives), inter-wave (323 positives), and second-wave (705 positives) analysis, related to gender, symptoms prevalence, viral load, comorbidities, and effect of mass vaccination on health personnel and older adults (≥ 60-year-old).

Based on the patient's information, we calculated the severity of the infection, which was the summary of the values recorded in symptoms, hospitalization, and intensive care unit (ICU)/intensive treatment unit (ITU). This variable moves between 0 (patient with COVID-19 symptoms) and 3 (patient in ICU/ITU). To analyze the comorbidities, we quantified the number of comorbidities of each patient; this variable moves between 0 (no-comorbidity) and 17 (all comorbidity).



Viral Load

To estimate quantitatively the viral load from patient samples, we constructed a standard curve of RT-qPCR by making serial 1/10 dilutions using the positive control TaqMan 2019-nCoV Control Kit v1 (104 copies/μl) (Thermo Fisher Scientific, Cat. No. A47533). By plotting the log10 copy number vs. Cq, the following equation of the line was obtained (y = −3.07 × X + 40.2). The Cq obtained from sample data in RT-qPCR was replaced in X.



Data Representation and Statistical Analysis

Our analysis focused on the difference between the pandemic stage and post-pandemic stage in terms of record distribution. The dichotomic variables (gender, presence/absence of symptoms, death, or survival) were analyzed using chi-square and contingency tables, evaluating the homogeneity of these associations. Between March 2020 and June 2021, the continuous distribution of the variables and the number of symptoms per patient in each period were analyzed using one-way ANOVA. Then, we analyzed the weight of each factor in the determination of the fourth response variable: (a) vaccination (vaccinated vs. unvaccinated), (b) symptoms duration, (c) viral load, (d) severity of the illness, and (e) mortality. These analyses were performed using analysis of covariance (ANCOVA), where the age of the patients was used as a covariable, and the rest of the variables (pandemic stage, gender, presence/absence of symptoms, and vaccination) were factors. A p-value of < 0.05 was considered statistically significant. GraphPad Prism 8 statistical software was used to analyze and plot the data obtained.



Ethics Statement

The data included in this study were authorized by the Ethical Committee of the University of Santiago of Chile (No. 226/2021) and the Scientific Ethical Committee of the Central Metropolitan Health Service, Ministry of Health, Government of Chile (No. 370/2021), and following the Chilean law in force.




RESULTS

The study included 1,694 positive patients; 666 corresponding to the first wave, 323 for inter-waves, and 705 in the second wave. The behavior of the first and second waves are shown in Figure 1. The black circles correspond to the positive cases, and the open circles to the total RT-qPCR performed on each day. The first wave of infections is shown for dates between March 2020 and July 2020, and the second wave is between February 2021 and June 2021. From the 1,694 diagnostics analyzed, 791 were men and 903 were women. The proportion of male and female patients differs from the expected proportion of 50% (X2 = 7.4; p < 0.05), implying that women make up a more significant proportion than men in the patient population in each wave. This difference remains unchanged in the three stages of the pandemic studied (Table 1; X2 = 2.1; p > 0.05). The mean age of patients changed depending on the pandemic stage; in the first wave, the mean age was 47.5 ± 17 years, between waves, it was 44.9 ± 17 years, and in the second wave it was 42.7 ± 16 years (Table 1), indicating a shift of the infected patients toward the younger population. In addition, we saw a change in the asymptomatic patients, 8% during the first wave, 9.3% between waves, and 5.2% in the second wave, with a greater number of symptomatic patients for the second wave of infections (Table 1). Moreover, the patient from the first wave presenting symptoms of longer duration (first wave = 17.5 ± 13 days; inter-wave = 11.6 ± 12 days; second wave = 11.5 ± 7 days) (Table 1, F = 74.2; p < 0.05). In the first wave, the main symptoms were cough (16%), headache (14%), myalgia (15%), and fever (10%). While in the second wave, an increase in respiratory distress (13%), gastrointestinal disease (14%), anosmia (13%), and headache (19%) were observed, with symptoms, such as asthenia and myalgia decreasing (Table 2). In addition, we observe that the number of symptoms per patient increases in the inter- and second wave compared with the first wave of infections (Figure 2).


[image: Figure 1]
FIGURE 1. Confirmed patients in the Chuchunco primary health center during the first and second waves of infections in Santiago de Chile. The analyses include 1,694 patients distributed between the first wave (March to July 2020), inter wave (August 2020 to January 2021), and second wave (January to June 2021). The analyses include 666, 323, and 705 confirmed positive cases, respectively. Black circles correspond to positive cases, and open circles correspond to total tests carried out in the health center.



Table 1. Clinical and epidemiological characteristics of patients with COVID-19 infection from Chuchunco health center.
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Table 2. Prevalence of symptomatology by patients in the three periods analyzed.
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FIGURE 2. The number of symptoms per patient in the first, inter, and second waves. The graph corresponds to the number of symptoms per patient from the 1,694 positive tests per analyzed period. *p < 0.05. Each period is shown with the mean value.


The mortality rate during the first wave was 4.5, 1.5 in the inter-wave, and 0.6% in the second wave (Table 1), decreasing significantly between the first and second wave (X2 = 24.6; p < 0.05). The lower mortality in the second wave could be associated with a lower viral load among infected patients, where in the first wave of infection it was 1.15 × 107 ± 5.37 × 107, inter-wave; 1.73 × 106 ± 7.0 × 106, and the second wave of infection it was 4.56 × 105 ± 2.64 × 105 viral copies/μl (Table 1).

On the other hand, male patients show a higher level of severity (ICU admission) than women (F = 5.2, p < 0.05). By the end of the analyzed periods, the total number of deaths was 39 patients (22 men and 17 women) (Table 3), registering no significant differences between sexes (X2 = 1.5; p < 0.05) in the periods analyzed. The prevalence of infections in women and men does not have significant differences, showing the same susceptibility to COVID-19 infection in the analyzed data (Supplementary Table S1). Based on these analyses, we determined a decrease in the age of the infected patient, a reduction in the incidence of severe illness, and less duration of the symptoms at the second wave.


Table 3. Deceased and recovered by gender, in the three periods analyzed (number).
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Comorbidities in COVID-19 Severity

From the 1,694 positive-diagnosed patients, the number of comorbidities decreased in the second wave of infections. Thus, we registered 42.8% for the first wave, while the number of comorbidities decreased to 30% for the second wave (Table 1, X2 = 136.4, p < 0.05). The most common of them were arterial hypertension (AHT) and type 2 diabetes (DM2) for the three periods. The other comorbidities were about 10% or less frequent. Patients with comorbidities registered a close association with serious illness (F = 70.4, p < 0.05), showing an average of 2.3 comorbidities in deceased patients compared with recovered patients (0.7) (F = 70.4; p < 0.05). Severity was also related to the gender of each patient, since men showed more admission to ICU/ITU (F = 5.2, p < 0.05). Furthermore, there is no relationship between the type of comorbidity and the survival rate of the patients (Table 4). Therefore, these data suggest that increasing the number of comorbidities in a patient increases the risk of generating severe COVID-19. At the same time, the data are not sufficient to relate the specific types of comorbidities to the severity of the disease.


Table 4. Main types of comorbidities and their relationship with recovery or death from COVID-19 disease (n).
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Vaccination Effect in the Second Wave

In Chile, the vaccination process began in December 2020. The patients from the second wave showed less severity, suggesting that the less severe outcome is associated with the decrease in the age of the patients but not with the vaccination, since only people older than 60 years had been vaccinated at that time. The second wave consisted of 705 patients, of whom 451 were not vaccinated, 141 received both doses (full vaccinated), and 113 had only one dose (incomplete vaccination schedule). The distribution of hospitalized patients was 12.4% for those with an incomplete vaccination schedule, 7.1% for patients with two doses, and 7.1% for unvaccinated patients, concerning the total number of patients in each group analyzed. Of the total hospitalized, 25, 17.86, and 57.14% were patients with incomplete, complete, and no vaccine schedules, respectively. However, most of the non-hospitalized patients had no vaccine schedule (64.56% of the total cases) (Table 5). These differences were not significant, indicating that more data are needed to determine the actual contribution of vaccination to hospitalization and severe COVID-19. Importantly, patients with a complete vaccination scheme (two doses) presented a reduction in the duration of symptoms compared with incompletely vaccinated (one dose) and unvaccinated (no dose) patients (Figure 3, F = 12.0, p < 0.05). Unexpectedly in the second wave, even though complete vaccination in patients showed a decrease in the severity of COVID-19, it was related to a higher viral load than patients with incomplete or no vaccination schedule (F = 6.8, p < 0.05). These results suggest that the vaccination process only reduces the duration of symptoms in infected patients. Importantly, in Chile the people 60-years older were the first group to be vaccinated with Pfizer and CoronaVacVaccine until June 2021. Thus, we hypothesize the severity of COVID-19 in the youngest population could be related to a delay in the administration of the vaccine.


Table 5. Relationship between vaccination schedule (incomplete, full, or unvaccinated) and hospitalization of patients infected with COVID-19 in the second wave.
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FIGURE 3. Effect of vaccination on the duration of COVID-19 symptoms. The period in days of duration of symptoms in patients with incomplete vaccination (one dose), complete vaccination (two doses), and without vaccination (no dose) during the second wave is shown. *p < 0.05. Analysis performed with a chi-square test.





DISCUSSION

Previous retrospective studies have documented the behavior of SARS-CoV-2 infection waves in different localities, countries, and patient groups. For example, Coyer et al. (12), reported a higher infection rate in minority ethnic groups than those of Dutch origin during the second wave in Amsterdam (12). On the other hand, Vinceti et al. (13) indicated that Italian provinces with a higher incidence of infections in the first wave experienced lower incidences in the second, possibly due to the early generation of local immunity (13), which, according to a study in China, can last up to 9 months (14). In contrast, a study in India indicated a sharp increase in the spread of SARS-CoV-2 during the second wave compared with the first wave apparently due to the appearance of new and more contagious variants, thus generating a higher mortality rate, especially in older patients associated with comorbidities (15). Another study reported younger patients infected in the second wave in Reus (Spain), although with shorter hospitalizations and a lower mortality rate than in the first wave (7). In addition, a more recent study indicated that the fourth wave of infections generated by the Omicron variant was less lethal than that previously generated by the third wave associated with the Delta variant in South Africa (16). These antecedents indicate that there are different behaviors of the waves of contagion by SARS-CoV-2 in different parts of the world. In our study, we compared for the first time the behavior of patients infected with SARS CoV-2 between the first two pandemic waves in a Chilean primary health center. We found a decrease in mortality related to COVID-19 during the second wave, with an age shift toward younger patients. At the same time, COVID-19 severity was associated with a greater number of comorbidities in infected patients. Although the unvaccinated group shows the highest percentage of hospitalized and non-hospitalized patients, our data showed that vaccination was not related to avoiding serious cases of COVID-19 in the second wave. Our results are similar to those published by Minnai et al. (9), who reported a lower mortality rate after the second wave, while the younger cases were associated with a lower rate of disease severity, although this severity was increased in the masculine gender (9), as was observed in our study. In a similar way to the behavior of the first and second waves in Chile, Iftimie et al. (7) reported that the second wave was recorded in younger people, while comorbidities were a determining factor in generating a severe COVID-19 disease in Spain (7). Therefore, these antecedents suggest that the virus behaved similarly in Chile, South America, the Mediterranean area, and Western Europe. However, although Chile presented similar behavior in the first wave of the pandemic compared with other countries (such as, Spain and Italy), we observed that a lower mortality rate occurred in the first wave compared with other European countries (17, 18). This does not necessarily indicate better public policies of the authorities since factors, such as geographic location, the genotype of the patients, the capacity of the health system, and population behavior itself are also variables for controlling the disease. Certain limitations of our study are worth noting. First, our data only represents a primary health center in Santiago of Chile. However, the data shown here can give an idea of the behavior of the pandemic in a specific population. Second, in the second wave, no difference was made between types of vaccine manufacturer nor in the days elapsed since the doses were administered after infection by COVID-19. Third, although it has been reported that vaccination significantly reduces the severity of COVID-19 (19), our data did not reduce the severity of COVID-19 positive cases, according to hospitalization criteria. Finally, the relationship between comorbidities and age cannot be established since older people have a greater number of comorbidities, which, in effect, are the focus of study in a SARS-CoV-2 infection (20).

On the other hand, circulating variants of SARS-CoV-2 were not considered in this report. It is interesting to note that in the second wave period, the predominant variants in Chile were Gamma and Alpha (21), which have been related to greater viral spread (22) and they are responsible to cause second waves of infections in other countries (23). These variants have been also associated with higher mortality, longer duration of symptoms, and viral load in the second wave. Importantly, this effect was not reflected in our data.

Collectively, this is the first retrospective report on the behavior of the first and second waves of the pandemic in a population of Chile. However, it must be considered that this is reflected by data from only one public health center that has been uninterruptedly monitored during the pandemic in Santiago de Chile. This study reports valuable information on the COVID-19 behavior and the result of the strategies applied during the pandemic.



CONCLUSION

Our analyses indicate a lower rate of deaths associated with COVID-19 in the second wave than in the first wave in a public primary health center in Santiago de Chile. According to our statistics, the group of patients infected in the second wave was younger than in the first wave. This antecedent is related to a lower number of associated comorbidities, a critical factor in the risk of severe COVID-19 disease. Finally, vaccination was effective in reducing the duration of symptoms and viral load.
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The fast, exponential increase of COVID-19 infections and their catastrophic effects on patients' health have required the development of tools that support health systems in the quick and efficient diagnosis and prognosis of this disease. In this context, the present study aims to identify the potential factors associated with COVID-19 infections, applying machine learning techniques, particularly random forest, chi-squared, xgboost, and rpart for feature selection; ROSE and SMOTE were used as resampling methods due to the existence of class imbalance. Similarly, machine and deep learning algorithms such as support vector machines, C4.5, random forest, rpart, and deep neural networks were explored during the train/test phase to select the best prediction model. The dataset used in this study contains clinical data, anthropometric measurements, and other health parameters related to smoking habits, alcohol consumption, quality of sleep, physical activity, and health status during confinement due to the pandemic associated with COVID-19. The results showed that the XGBoost model got the best features associated with COVID-19 infection, and random forest approximated the best predictive model with a balanced accuracy of 90.41% using SMOTE as a resampling technique. The model with the best performance provides a tool to help prevent contracting SARS-CoV-2 since the variables with the highest risk factor are detected, and some of them are, to a certain extent controllable.

Keywords: COVID-19, machine learning, feature selection, imbalanced data, predictive model


1. INTRODUCTION

The exponential growth of infections by COVID-19, a disease associated with the SARS-CoV-2 virus leads to a global death burden, impelling the World Health Organization (WHO) to declare it a global pandemic (1). The virus can spread from an infected COVID-19 person to a healthy person through physical contact, mucous contact, or airborne transmission (2). It can be transmitted before starting showing symptoms or without ever developing symptoms at all. The COVID-19 pandemic has wreaked havoc globally, causing an economic crisis, a sanitary emergency, and confinement periods that affected people's lifestyles, habits, and daily activities (3).

Despite scientific advances in medicine, particularly the development of vaccines and Reverse Transcription Polymerase Chain Reaction (RT-PCR) tests to detect COVID-19, the pandemic has not been adequately controlled yet (3, 4). A timely and effective diagnosis remains crucial to save lives and prevent the spread of infections. Machine learning, an integral part of artificial intelligence, has been widely applied to predict or diagnose diseases, improve treatment accuracy, detect anomalies, and provide solutions to other aspects derived from the healthcare domain (5).

Concerning COVID-19, machine learning models have been developed to predict the risk of contracting the virus, indicating the severity, the risk of death, and other predictive tasks with great potential (6, 7). The timely and effective detection of COVID-19 has become an essential task for healthcare organizations since it may help decrease the deadly effect of the virus and support the planning of care (8–10). In these cases, machine learning models have been developed to assess the prognosis or mortality risk in patients with COVID-19 (11), for instance, used a Random Forest (RF) model to predict the forecasts of patients with COVID-19; similarly, the Gini index was used to identify the most critical variables (features) to assess risk and indicate the prognoses of patients.

The study by Pourhomayoun and Shakibi (12) included a dataset of 32 items related to demographic, physiological, and laboratory data and developed a predictive model to determine the health risk and also forecast the risk of mortality for patients with COVID-19. The techniques used there were: Support Vector Machines (SVM), Artificial Neural Networks (ANN), RF, Decision Tree (DTs), Logistic Regression, and K-Nearest Neighbor clustering (KNN). The ANN demonstrated the best performance with an accuracy of 93.75%.

Further research (13) has made use of computational intelligence methods to predict the daily total COVID-19 infections and deaths as observed during three lockdown schemas (partial, herd, complete). The techniques used were RF, K-NN, SVM, DTs, polynomial regression, Holt winter, ARIMA, and SARIMA. Finally, the authors concluded that herd lockdown is the best policy to control COVID-19.

In García-Ordás et al. (14), the authors studied the impact between the nutrition of the different countries and the number of deaths caused by COVID-19. They made clusters with K-means by country according to the distribution of fat, energy, and protein in 23 different types of food and the ingested in kilograms. They found a relationship between high-fat consumption and the highest death rates.

The study by Kenneth and So (15) presents the application of an extreme gradient boosting algorithm (XGboost) to predict mortality (AUC of 81.4%) and severity (72.3%) among infected individuals. The authors used 97 clinical features, specifically: demographic variables, comorbidities, blood measurements, anthropometric measures, and other risk factors (e.g., smoking/drinking habits).

The analysis by Sun et al. (16) also used XGboost to predict COVID-19 severities achieving a mean micro-average AUROC (area under the receiver operating characteristic curve) of 97%. Moreover, a mean micro-average AUPR (area under the precision-recall curve) of 94%, using 60 features (consisting of 19 proteins, 11 metabolites, seven lipids, and 23 mRNAs) was also achieved.

In García-Ordás et al. (14), the authors studied the association between the feed habits of the diverse nations and the number of deaths caused by the illness. The authors used demographic, clinical, physiological, and biochemical tests. The authors proposed an application to detect critical features and faculties of self-care in individuals with COVID-19 disease, and infectious and internal medicine specialists selected the elements to consider in self-monitoring. They concluded that interventions encouraging healthy conduct are essential conditions of COVID surveillance (17).

However, other known risk factors for illness and death from COVID-19, associated with sleep disturbances, physical activity, alcohol, metabolic syndrome, and poor diet were not included in their analysis (18–22). In this stdy, we used a dataset related to clinical and anthropometric parameters, biochemical screening, sleep disturbances, physical activity, alcohol, diet, habits, and health status during the confinement due to the COVID-19 pandemic (refer to Table 1). The primary purpose is to identify the main features of the participants who contracted COVID-19, based on their health history as registered and stored in the Tlalpan 2020 project (23), and considering the follow-up questionnaire to determine the most importable risk factors for infection.


Table 1. Dataset variables.
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Identifying potentially modifiable lifestyle and risk factors increasing the odds of infection during a novel pandemic (such as COVID-19) is highly relevant since it will provide the health policy authorities with further information to broaden the spectrum of non-pharmacological interventions (NPI), perhaps to include data-driven strategies to lower population risks (24–27). NPIs are still relevant to preventing infections, despite the advancement of population-level vaccination (and in the absence of widespread targeted therapies to treat people already infected); in particular, in the context of the surge of new SARS-CoV2 variants, some of which may potentially escape the effects of current vaccines.

Indeed, the use of computational intelligence and data analytics approaches for the vigilance and early survey of SARS-CoV2 infection has been an extremely relevant topic during the COVID-19 pandemic. Shabbir and collaborators (28) have implemented a strategy based on exploratory data analytics from diverse sources, coupled with telemonitoring and the use of internet of things (29–31) to detect COVID-19 severity in the context of smart hospitals (32–34). Also relevant is the use of concepts from computational social science (ambient intelligence, in particular) and again data from wearables (in this case, smartwatches) to develop early warning alerts (35–37). Several additional approaches to use machine learning to prevent or warn in advance for COVID-19 are discussed in the monographic review by Saeed et al. (38). The authors present a survey of recent literature regarding invasive non-invasive or non-contact technologies to detect, diagnose, and monitor human activities (39–41), particularly those inducing risks for COVID-19 infection or reflecting individuals with related symptoms, such as irregular respiration, in an automated fashion. Additional advances along these lines can be found in the studies by Kallel et al. (42), Conroy et al. (43), Pandey et al. (44), and Khoa et al. (45), to name but a few remarkable studies.

Despite all these timely and worthy contributions, much of these require special efforts, measurement devices, and infrastructure that may not be available at a large scale in under-developed or in-development economies. Even in medium-to-high income countries such as Mexico and even in the context of a large metropolis such as Mexico City there are large disparities in health services that prevent such (somehow sophisticated) strategies to be applied massively. In this regard, the contributions of this study will be centered on providing a machine learning approach to analyze relatively accessible clinical and sociodemographic data available in most medium-to-large hospitals (i.e., those that can treat most COVID-19 hospitalized cases), in order to provide clues for health officials to monitor for risk factors in large populations. The conditions needed for our analyses are thus of more broad applicability, in particular in places with disparities in access to healthcare services and appliances.

This article is organized as follows: In Section 2, the materials and methods are introduced. In Section 3, computational experiments' performance is shown and results are presented. A discussion (Section 4) and some concluding remarks are given (Section 5), also some ideas on the implications for future studies are outlined.



2. MATERIALS AND METHODS


2.1. Data

The dataset comprised in this research was acquired from the Tlalpan 2020 study (23), a cohort at the National Institute of Cardiology in Mexico (Instituto Nacional de Cardiología-Ignacio Chávez, INC-ICh) [IRB approval code 13-802]. Data was collected from the baseline of 714 healthy adult residents of Mexico City between 20 and 50 years old. Also, a follow-up survey to know participants' habits and health status during confinement due to the COVID-19 pandemic; a total of 218 participants confirmed having contracted the COVID-19 infection. It is essential to mention that all participants gave written informed consent.

This dataset includes health variables that are related to anthropometric measurements and clinical parameters, biomedical tests, other factors such as smoking habit, alcohol consumption, physical activity, psychological stress level, sleep disorders, dietary as well as habits, and health status during the confinement due to pandemic associated with COVID-19 (refer to Table 1). Also, it is essential to mention that the dataset is imbalanced; this scenario is expected in medical diagnoses for detecting illnesses (46).


2.1.1. Anthropometric Measurements and Clinical Parameters

The International Society for the Advancement of Kinanthropometry (ISAK) policies (47) declare necessary measurements with the patient fasting, particularly the weight, height, and waist circumference. The ratio between weight and height to the square is the BMI, and the ratio of waist and height is the WHtR in cm. Another registration is the blood pressure, specifically systolic (SBP) and diastolic (DBP); therefore, the record consists of the average of three measures with a 3-min gap. The JNC7 standard procedure defines the hypertension status when SBP ≥ 140 mm Hg, a DBP ≥ 90 mm Hg, or both (48).



2.1.2. Biochemical Tests

The records for the screen test consist of measuring fasting plasma glucose (FPG), triglycerides (TGs), and high-density lipoprotein-cholesterol (HDL-C) in blood after 12 h of overnight fasting at the Central Laboratory of INC-ICh.



2.1.3. Additional Risk Factors

(1) The classification for the smoking practice is as a never, retired or present smoker.

(2) In the case of alcohol consumption, the category is a present drinker or not; the number of drinks (cups or beers) and frequency is another registration.

(3) The extended version of the International Physical Activity Questionnaire, IPAQ (49) measures the physical conditioning, through the activity in METs (metabolic equivalents)-minutes/week, and the categories are low, moderate, and high, via questions concerning four occupations: work, home, transportation, and leisure time.

(4) Psychological stress level was determined by the State-Trait Anxiety Inventory (STAI) categorized into five categories high-level anxiety (>65), moderate-high anxiety (56–65), medium anxiety (46–55), minor anxiety (36–45), and low-level anxiety (<35) (50, 51).

In the case of (5) sleep disorders, the Medical Outcomes Study-Sleep scale of 12 items was measured (52, 53).



2.1.4. Habits and Health Status During the Confinement Due to the COVID-19 Pandemic

The following habits and health status during confinement due to the COVID-19 pandemic were collected.

(1) Workplace during pandemic (wrk_f, wrk_h), (2) Degree of concern about COVID-19 (cocr), (3) Isolation level during the pandemic (quislt, outli, kpgoing), (4) Diseases and comorbidities, (5) Situations of family violence during the pandemic (violence), (6) Media consulted for news about the pandemic (news_f, news_sn, and news_tv), (7) Diagnosis of COVID-19 (COVID), (8) Recovery place COVID-19 (lckd_hosp), (9) Cigarettes consumed per day (smk_q), and (10) Diagnosis of hypertension (hipert) and (11) physical activity during the pandemic (phyact), which was defined by exercising at least three times per week for at least 30 min per session according to the minimum guidelines by American College of Sports Medicine (54).




2.2. Methods

Figure 1 illustrates a general representation of the prediction model and describes the methodology applied, where we used the data that the participants have provided to the Tlalpan 2020 project (physical activity, dietary, sleep disorders, smoking habit, alcohol consumption, psychological stress, biochemical test, and anthropometric) in visits and follow-ups, as well as the data from the follow-up questionnaire carried out during the COVID-19 lockdown.


[image: Figure 1]
FIGURE 1. Prediction model.


Moreover, we used the National Cholesterol Education Program Adult Treatment Panel III criteria to classify participants with metabolic syndrome (MetS). From the follow-up questionnaire, it was possible to extract the habits and health status and positive COVID-19 infections from the same participants.

Once the dataset was conformed, we applied feature selection methods (Chi-squared, random forest, rpart, and Xgboost) to obtain the essential variables. Subsequently, we performed a correlation coefficient analysis to determine irrelevant and redundant features to create a new subset of features that contains the best features obtained by each method. The dataset was divided into two-thirds for the training and one-third for testing. Consequently, we applied data balancing methods such as over-sampling, under-sampling, and synthetic minority oversampling technique (SMOTE) to change the class distribution in the training dataset.

In this study, we applied four machine learning models: random forest, CART, C4.5, XGBoost, as well as deep neural networks, based on their high performance to diagnose COVID-19 (11, 55–57). To evaluate each model we made 30 executions with different seeds. Subsequently, we evaluated the models based on the following performance measures: sensitivity (SENS), specificity (SPC), accuracy (ACC), balanced accuracy (B.ACC), and the geometric mean (G-means); these last two metrics have been used for imbalanced data learning assessment (58). Finally, an optimized predictive model was obtained.


2.2.1. Data-Balancing Methods

The data-balancing methods improve the performance of machine learning models when the class distribution in a dataset is not equal. Models have a better performance in the majority class and a higher misclassification rate in the minority class (59). For this reason, we used two-hybrid methods, the function Random Over-Sampling Examples (ROSE) from the ROSE package (60) and SMOTE from performanceEstimation package (61), to change the class distribution in the training dataset.

Datasets related to COVID-19 have imbalanced data (62); some studies declare the improvement of machine learning methods applying SMOTE technique (63–66) and a novel variant of SMOTE (67), also ROSE is used (68).



2.2.2. Correlation Coefficient Analysis

The correlation coefficient analysis allows the feature selection procedure to measure the relationship between the dataset variables. The range of correlation values is between -1 and 1, indicating the relationship's dependency on the variables. To make this process, we used Pearson correlation, with a correlation coefficient threshold of 0.5, as defined by Equation 1 (69):
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where ru, i and [image: image] are the contribution scores, and also [image: image] and [image: image] are the average assortments.



2.2.3. Chi-Square

Chi-square is a statistical test –based on the eponymous statistic and distribution– commonly used in machine learning to rank variables and support the feature selection process (70). Given a feature f and the class c ([image: image], [image: image] as complements), the chi-squared could be computed as follows:

[image: image]

where k is the number of classes, xi is the frequency of occurrence in class i, and the mi is the expected frequency for the same class.



2.2.4. ANOVA

Another method used to rank the importance of continuous variables was the analysis of variance (ANOVA), which is a family of statistic tests applied to compare if the means of two or more samples are significantly different. ANOVA tests can be implemented for feature selection (71), in this study, we used ANOVA f-tests to estimate the ranks of features.



2.2.5. Random Forest

Random forest developed by Breiman (72), is an ensemble machine learning algorithm consisting of multiple randomized decision trees. This algorithm is able to derive the importance score for each variable via statistical permutation tests, both methods correlate adequately (73). Hence, in this study, we calculated the variable importance through the second method using the Gini Index, computed by the equation:

[image: image]

where ntree is the number of trees.



2.2.6. Classification and Regression Trees

Classification and regression trees (CART) is the name of a family of Decision Tree inference methods that are algorithmically based on either classification or regression. The actual nature of the inference task (classification, regression, clustering-based, or a combination) depends on the type of data available. CART has grown up to be a robust suite of methods, able to deal with mixed data types for which optimized data pre-processing schemes (discretization, normalization, etc.) are available thus expanding the original scope of decision tree inference methods. This algorithm is implemented in the rpart package (74) and uses the Gini Index (as defined by Equation 3) to split each node and allow for optimized feature selection.



2.2.7. C4.5

The machine learning algorithm C4.5 developed by Quinlan (75), builds a decision tree using recursive partitions. Similarly, it applies the gain ratio to select the attribute to split the tree. The gain ratio can be calculated by the following equations:

[image: image]

where S is a set of the data samples distributed on m distinct classes, pi is the probability of samples that belongs to the class.



2.2.8. Extreme Gradient Boosting

The extreme gradient boosting (XGBoost) proposed by Chen and Guestrin (76) is an ensemble machine learning method based on the tree boosting algorithm that can obtain a predictive model with high accuracy and calculates feature importance.



2.2.9. Support Vector Machines

Support vector machines introduced by Bose et al. (77) is a supervised machine learning algorithm. SVM uses mathematical functions (kernels) to take training data as the input space and transform it into an upper dimensional space (feature space), where it aims to obtain a maximum margin hyperplane that divides the data between classes. In this research, we used the linear kernel SVM approach.



2.2.10. Performance Measures

Each model was evaluated using B.ACC, SENS, SPC (78), and G-means performance evaluation metric to determine their predictive performance, customarily defined as follows:
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Where P = Positive, N = Negative, TP = True Positive, FN = False Negative, TN = True Negative, and FP = False Positive, respectively.



2.2.11. Deep Learning

The basis for improving deep learning is ANN, which works within the association among multiple hidden layers to train and obtain features for the final model (79). The implementation used here is carried out by the library Keras (80) in Python, particularly applying the sequential model; it implies that the ANN is designed by layer.

The input for the network conforms to the number of the established characteristics; then, a convolutional layer is connected with a dimension of 16, after a flattening process is made; the second layer is dense in eight dimensions; finally, a dense network of a single output is obtained; and the activation function is a sigmoid. For the training process, the essential parameters are Adam's optimizer, 2,500 epochs, and a batch size of 100. The selected parameters and architecture are according to proof of better achievement.





3. EXPERIMENTAL SETUP

The machine learning algorithms were executed using R platform 3.6.1 with RStudio and the following packages: FSelector (81), caret (82), randomForest (83), rpart (84), ROSE (60), performanceEstimation (61), xgboost (85), and Matrix (86). In the case of deep learning, we used the Python programming language.

The computer equipment used was a Workstation Dell, Core Intel(R) Xeon(R) with 32 GB of RAM and 3.50 GHz processor speed, and Windows as an operating system. The computational resources in studies using machine learning applied to help manipulate data about COVID-19 are various and similar to those presented here. Rasheed et al. (87) used 32 GB in RAM with a processor of 3.40 GHz, even when they employed chest images; other works needed a GPU (graphic processor unit) (88). Also, specific studies operate a quantum computer (89), and others utilized fewer resources in processor (2.8 to 3.2 GHz) and RAM (8 or 12 GB) (90–92).



4. RESULTS

The first step was to obtain the essential variables of the dataset by applying RF, chi-squared, xgboost, and rpart. Table 2 shows a list of these features sorted in descending order. Similarly, a correlation coefficient analysis was carried out to determine how strong the relationship between the features is.


Table 2. Results of the feature selection process.
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Figure 2 displays the graphic correlation coefficient of features, where it was possible to identify the statistical dependency structures. The results of this process indicated that weight, waist, BMI, and height were strongly correlated as expected. A fifth subset (consensus set) was created by summarizing the effects of the essential variables, comprising the best features obtained by each method; nevertheless, highly correlated variables were eliminated to avoid colinearity.


[image: Figure 2]
FIGURE 2. The correlation coefficient of the continuous variables of the dataset.


As shown in Table 2, only the BMI feature remains in the consensus set unlike weight, waist, and uric, which appear in the previous subsets. Each subset of features was tested to find which subset gives the best performance.

In order to choose the best subset of features, we made 30 independent executions using each machine learning algorithm (rpart, C4.5, RF, and SVM) with different seeds, considering the metrics presented in the performance measures section B.ACC is the primary metric to consider. Similarly, it was needed to use balancing methods (SMOTE and ROSE) with each algorithm since a class imbalance in the dataset affected the performance of the algorithms.

In the case of rpart, RF, and SVM, it was necessary to perform a pre-execution for parameter tuning. For tuning RF, the value of the ntree parameter varied between 100 and 1,000, and the mtry was varied between 1 and 10. In all cases, the grid search method introduced by Hsu et al. (93) was applied. Similarly, we used 10-fold cross-validation with ten replays in the training process and ensured the different proofs of the diversity partition of data.

Table 3 displays each classifier's results filtered by applying SMOTE as a balancing method, the average of the 30 executions, and the standard deviation (SD). The highest average result of each classifier in B.ACC is highlighted in bold.


Table 3. Feature selection results (SMOTE).
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As shown in Table 3 three classifiers got the best performance using the subset generated by Xgboost. Then, RF has the more remarkable achievement in balanced accuracy (B.ACC) of 90.41% and SD of 1.05. Followed by 80.61% in B.ACC and 3.03 in SD using rpart. The third place is the C4.5 model (B.ACC = 85.25% and SD = 2.35). The model obtained by SVM shows a better result through the rpart subset obtained; however, the performance is not the highest; the metrics are B.ACC = 72.81% and SD = 0.93.

Table 4 shows the results using ROSE as a balancing method, where the SVM with the subset of features obtained by rpart achieved the best performance, reaching a B.ACC of 73.11% and SD of 0.0140. Nevertheless, the results obtained with ROSE do not improve in comparison with the results obtained with SMOTE.


Table 4. Feature selection results (ROSE).
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The worst performance was obtained by the deep learning model since the sensitivity is low (refer to Table 4), which may be due to the number of existing patient records since the capacity of neural networks with a more significant amount of data has been demonstrated. Therefore, according to the metrics results obtained by the machine learning classifiers, it was feasible to determine the most suitable model and the main characteristics of participants who contracted COVID-19.

The finest model was RF with a ntree of 200 and a mtry of 3, and the subsequent attributes obtained by Xgboost: BMI, glu, cocr, HDL, quislt, trig, age, slps3, LDL, crea, SBP, phyactmet, EtOH_q, and weight. These relevant features are firmly related to COVID-19 infections, such as the consumption of alcoholic drinks (94–96), sleep disorders (97), BMI (98–100), age (101, 102), and physical activity (103).



5. DISCUSSION

It is interesting to notice that even though computational intelligence and machine learning approaches at the level presented here are not able to provide any mechanistic nor semi-mechanistic explanation of the underlying phenomena behind their predictions; since this is not the goal for which they were designed.

These tools can be used however to perform timely predictions based on the data. These predictive models can thus be used by decision makers and public health authorities for the design and implementation of policy and actionable measures that are especially needed in critical times such as the ones presented by the global COVID-19 pandemic.

Hence, even though it is quite likely that the selected features are indeed proxies for the actual (unknown and likely unmeasured) determinants of infection; they present an important opportunity since many of them are actionable (either controllable or measurable).

Take for instance the selected features in the Consensus set. As presented in Table 2, the set consists of 11 features: body mass index (measurable and to some extent controllable), worry for COVID-19 contagion (measurable, or more properly, surveyable and to a certain extent controllable), isolation during the COVID-19 pandemic (measurable and controllable), uric acid levels (measurable and to some extent controllable), HDL levels (measurable and to some extent controllable), triglycerides levels (measurable and to some extent controllable), age (measurable), glucose levels (measurable and to some extent controllable), Systolic Blood Pressure (measurable and to some extent controllable), frequency of alcohol consumption during the pandemic (surveyable and controllable), and sleep somnolence (surveyable). Similar remarks can be made about most other features selected by the diverse approaches used in this study.

Several of these features have been of course analyzed in the context of disease severity, once the individuals are already infected, but the role they may be playing or their potential associations with the infection itself, have been less discussed in the literature with some remarkable exceptions regarding BMI (104, 105), HDL (106, 107), age (108), alcohol consumption (109), and somnolence (110), among others.

In a nutshell, even if the actual risk factors are not the features selected by our machine learning algorithm, these are likely either a combination of those features selected or a statistically dependent set of these. In either case, it is likely that by controlling/modifying these issues, COVID-19 infections may become intervened. Hence, knowing these variables, that in the end predicted with very high sensitivity and specificity COVID-19 infections in an urban population of a large metropolitan area such as Mexico City, may provide some opportunities for interventional policy.

A number of these featured variables for instance are related to metabolism, food consumption, exercise habits, and lifestyle. Though these issues are not easily modifiable in the short run, public health interventions can be made to address them in a medium to a long time.

However, since these indicators are measurable or surveyable, this opens the possibility to implement policy measures to protect high risk individuals (HRIs). For instance, HRIs can be prioritized to work from home or they can be tested more often, etc. Indeed, the data-driven design of non-pharmaceutical interventions to alleviate the burden caused by COVID-19 infections has been discussed recently in diverse contexts including social contact structure, human mobility, and environmental constraints (24–27).

In fact, in recent times, it has been consistently discussed how machine learning approaches may be extremely valuable tools for the design of public health policy (111, 112). This is particularly true for the management of infectious diseases, both in the clinical decision and primary care (113, 114), epidemiological surveillance (115), social perception (116), and policy making levels (117–119).

In particular, feature selection approaches to risk assessment of infectious diseases have been successfully applied in the case of tuberculosis (120), zika (121), dengue (122), clostridium difficile (123), HIV (124), and even COVID-19 (125, 126). These previous efforts have shown the advantages of these approaches as reliable tools for epidemic outbreak prevention and containment.

In the particular case of the present study, we can highlight the fact that the features selected are not only measurable/surveyable but are actually relatively easy to measure. Indeed, measurements and surveys are low cost, easily manageable, and highly scalable. These characteristics are relevant in the context of the actual implementation of the predictive models here presented to design policy and implement actions to tackle a challenging situation such as the COVID-19 pandemic.



6. CONCLUSION

Machine learning algorithms have played a critical role in the diagnostics and containment of the COVID-19 pandemic since, through multivariate methods, these tools may provide an overview of the association between various factors and their relationship regarding potential risk factors for infection, unveiling hidden patterns that may result essential for the proper implementation of public health policy.

In the approach followed in this study, we have implemented and bench-marked several state of the art feature selection methods on a dataset obtained in real time over a well-studied cohort consisting of adults of both sexes living in the metropolitan area of Mexico City. We believe that some of our results, aside from being useful in our socio-geographical context, maybe somehow generalizable to other similar urban populations.

We are confident that embracing data-driven policy designs may further contribute to faster, targeted interventions to cope with current and future challenges to public health, such as the case of the COVID-19 pandemic.
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Background: Meteorological factors have been proven to affect pathogens; both the transmission routes and other intermediate. Many studies have worked on assessing how those meteorological factors would influence the transmissibility of COVID-19. In this study, we used generalized estimating equations to evaluate the impact of meteorological factors on Coronavirus disease 2019 (COVID-19) by using three outcome variables, which are transmissibility, incidence rate, and the number of reported cases.

Methods: In this study, the data on the daily number of new cases and deaths of COVID-19 in 30 provinces and cities nationwide were obtained from the provincial and municipal health committees, while the data from 682 conventional weather stations in the selected provinces and cities were obtained from the website of the China Meteorological Administration. We built a Susceptible-Exposed-Symptomatic-Asymptomatic-Recovered/Removed (SEIAR) model to fit the data, then we calculated the transmissibility of COVID-19 using an indicator of the effective reproduction number (Reff). To quantify the different impacts of meteorological factors on several outcome variables including transmissibility, incidence rate, and the number of reported cases of COVID-19, we collected panel data and used generalized estimating equations. We also explored whether there is a lag effect and the different times of meteorological factors on the three outcome variables.

Results: Precipitation and wind speed had a negative effect on transmissibility, incidence rate, and the number of reported cases, while humidity had a positive effect on them. The higher the temperature, the lower the transmissibility. The temperature had a lag effect on the incidence rate, while the remaining five meteorological factors had immediate and lag effects on the incidence rate and the number of reported cases.

Conclusion: Meteorological factors had similar effects on incidence rate and number of reported cases, but different effects on transmissibility. Temperature, relative humidity, precipitation, sunshine hours, and wind speed had immediate and lag effects on transmissibility, but with different lag times. An increase in temperature may first cause a decrease in virus transmissibility and then lead to a decrease in incidence rate. Also, the mechanism of the role of meteorological factors in the process of transmissibility to incidence rate needs to be further explored.

Keywords: COVID-19, meteorological factors, transmissibility, generalized estimating equations, lagged effect


INTRODUCTION

As the country with the third-largest land area range in the world, China has a wide range of climates from north to south. It was found that temperature could be the most important predictor of growth rate during the COVID-19 outbreak (1, 2). When the temperature increases, the basic reproduction number (R0) continues to decrease (3), as well as the mortality rate of moderate and severe patients (4, 5). In addition, air humidity is the main climatic factor influencing the development of the COVID-19 epidemic (6, 7). Some studies have shown a negative correlation between absolute humidity and the number of reported cases (8), while others have concluded that there is a positive correlation between the number of reported cases and relative humidity and absolute humidity (9). Studies have also shown that temperature and relative humidity are the main drivers of the COVID-19 epidemic, and they vary with season and geographic location (10). In summer, increased relative humidity and decreased maximum temperature promoted the spread of COVID-19 in inland cities, while decreased relative humidity favored the spread of COVID-19 in coastal cities (10). For relatively humid coastal cities, lower relative humidity and higher winter minimum temperatures promote the spread of COVID-19 (10). In addition, the effects of wind speed and precipitation on COVID-19 have shown different results in different studies (8, 11–14). As can be seen from the above studies, differences may exist when the outcome variables of the study are incidence rate, fatality rate, or number of cases. Also, the outcome variable was mostly single across studies, but differences in socioeconomic background (2) and prevention and control measures (15) in the selected areas in different studies may affect the results. To quantify the differences in the effects of meteorological factors on different outcome variables, this study planned to analyze the effects of key meteorological factors on the transmissibility, incidence rate, and number of COVID-19 in the same study and to compare whether there were differences in their effects on different outcome variables.

In addition, lack of knowledge of meteorological data may also be a cause of discrepancies (16). In addition, meteorological factors are changing daily. If we can analyze their effects on COVID-19 with serial data over time, we can reveal the effects of meteorological factors more accurately (17). In the study of the relationship between key meteorological factors and hand-foot-and-mouth disease: it was proposed that the effective reproduction number (Reff) may be an intermediate link between meteorological factors and incidence rate (18), that the effect of meteorological factors on transmissibility may precede the number of reported cases. Based on this, the study will explore the differences in the effects of key meteorological factors on different outcome variables using panel data and further assess whether there is a lagged effect of meteorological factors on the three outcome variables and the lagged time differences.



METHODS


Data Collection

In this study, the daily number of reported cases and deaths of COVID-19 was obtained from the provincial and municipal health commissions in China, and the meteorological data were obtained from the website of the China Meteorological Administration (http://www.cma.gov.cn/). Since only one cumulative confirmed case was found in Tibet, and meteorological data were not available for Hong Kong Special Administrative Region, Macau Special Administrative Region, and Taiwan Province, data from 682 conventional meteorological stations (Supplementary Figure 1) in 30 provinces, autonomous regions, and municipalities directly under the central government were finally used in this study. The meteorological data included temperature (°C), relative humidity (%), precipitation (mm), sunshine hours (h), air pressure (hPa), and wind speed (m/s) at each station. On December 7, 2019, the first confirmed case of the COVID-19 was reported in China, while on January 10, 2020, the case was first reported on the official website of the Wuhan Municipal Health Planning Commission. Considering the completeness and continuity of the data, the starting date of data collection was January 10, 2020. The first imported case in China was reported on February 26, 2020, and to control for the impact of the imported cases on our study, we collected national outbreak data before the end of February 26, 2020. We also included holiday as a categorical variable in the generalized estimation model to control for potential confounding effects. In China, there are traditional holidays, including the Spring Festival, in addition to Saturdays and Sundays, which are included in this study period. More importantly, due to the epidemic, the State Council extended the week-long Spring Festival holiday to February 2, 2020. Therefore, we defined each date during this study period based on the Chinese State Council's holiday notification (1 = holiday, 0 = working day). In addition, we collected data on population, birth rate, and death rate for each province and city.



SEIAR Model Building

We built the Susceptible–Exposed–Symptomatic–Asymptomatic-Recovered/Removed (SEIAR) model based on previous researches of our group (19, 20). To implement the model, individuals were divided into the following five categories: susceptible (S), exposed (E), symptomatic (I), asymptomatic (A), and recovered/removed (R). Supplementary Figure 2 showed the framework of SEIAR model in detail.

The differential equations are:

[image: image]
 

Parameter Estimation

Model parameter values and their sources were listed in Table 1. There were 10 parameters in this model, namely br, dr, β, κ, p, 1/ω, 1/ω', f , 1/γ and 1/γ'.

(1) The birth rate br and the mortality dr were derived from the statistical year books of corresponding regions.

(2) The actual report data of COVID-19 were fitted by SEIAR model to obtain the transmission relative rate β.

(3) In the early study, the transmissibility of asymptomatic infections was unable to determine, so this study was based on one article previously published by our team and set κ to 0.526 (19).

(4) In the early study, the proportion of asymptomatic infections was unable to determine, so this study was based on the articles previously published by the team and set P to 0.526 (19).

(5) Our study set the incubation period to 5 days (19, 22), and set the latent period to 5 days, that was ω = ω' = 0.2.

(6) The case fatality rate f of COVID-19 was calculated from the actual data, and its value was 0.02348.

(7) We set the infectious period to 6 days (1/γ = 1/γ' = 0.1667) (19, 22).


Table 1. Description and values of parameters in the susceptible–exposed–symptomatic–asymptomatic-recovered/removed (SEIAR) model.
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Indicator for Assessing Transmissibility

The R0 was usually used for quantitatively assessing the transmissibility (19, 23–27), but it described the natural transmissibility of the disease in an ideal state. In actual situations, the transmissibility of infectious diseases was generally measured by Reff. In this study, the formula for calculating Reff is as follows:

[image: image]
 

Model Fitting and Statistical Analysis

This study used Berkeley Madonna 8.3.18 software for data fitting (developed by Robert Macey and George Oster of the University of California, Berkeley, Copyright 1993–2001 Robert I. Macey and George F. Oster), and adopted Fourth-order Runge–Kutta method (22, 28–32). Then, we set the tolerance to .001 to solve the differential equation. We used coefficient of determination (R2) calculated by IBM SPSS 21.0 to evaluate the curve fitting.

We organized the data by Microsoft Office Excel 2010 and draw the spatial distribution map of 682 meteorological stations. We calculated the daily incidence rates, temperature (°C), relative humidity (%), precipitation (mm), sunshine hours (h), air pressure (hPa), and wind speed (m/s) by IBM SPSS 21.0, and the daily meteorological data adopted the arithmetic average of all stations in the province and city; GraphPad Prism 7.0 was used for charting the above indicators.

The daily meteorological data of each city were set as independent variables. The daily Reff value, incidence rate and the number of reported cases in each province were set as dependent variables, respectively. We used the generalized estimation equation to evaluate the short-time effect of independent variables on the dependent variables by SAS 9.4 software.

The working correlation matrix was used to evaluate the correlation of each repeated measurements and provided effective variance estimation for parameter estimates (33, 34). That is the correlation between the daily measurements of the dependent variables. Taking the Reff value as an example: we can calculate the correlation coefficient between the Reff value of the ith day and the other Reff value of the (i+1)th day by working related matrix, to evaluate the correlation mentioned above.

This working correlation matrix include four different methods: (1) Autoregressive (1): AR (1): the correlation was related to the number of measurement intervals. The correlation was weak when the measurement intervals were far apart; (2) Exchangeable (EXCH) referred to the same correlation between any two measurements; (3) Unstructured (UN) referred to the off-diagonal data in a matrix formed by repeated measurements differing with each other; and (4) Independent (IND): it meant that there was no correlation between dependent variables of repeated measurement. In matrix selection, data types and generalized estimation equations fitting criterion quasi-likelihood under the independence model criterion (QIC) results were combined, in which the lower the QIC value, the better the model fit.

For example, take six repeated measurements as follows:
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During the data analysis, it was necessary to create different databases to explore both immediate and lag effects. First, we needed to create a database to explore immediate effects; second, the dependent variable data for 1 day should be dropped and the dependent variable foe the next day corresponds to the meteorological factor values for the first day. By analogy, a database exploring lagged effects was established. In this study, model 1 is a model of the fitness effect, model 2 is a model of the 1-day lag effect, model 3 is a model of the 2-day lag effect, model 4 is a model of the 3-day lag effect model, model 5 is a model of the 4-day lag effect model, and model 6 is a model of the 5-day lag effect model.




RESULTS


Description of the Changing Trend of Meteorological Factors at Provincial Level

The spatial distribution map shows that 682 weather stations are distributed evenly in all provinces and cities. Figure 1A shows the trend of daily average temperature in each province and city. The trend of variation among provinces and cities is obvious, among which Heilongjiang Province, Jilin Province, and Inner Mongolia Autonomous have lower average daily temperature, while Hainan Province has higher average daily temperatures. The trend of daily average relative humidity is shown in Figure 1B. The daily relative humidity exceeded 20% in all provinces and cities and showed a fluctuating trend during the study period. Figure 1C shows the trend of daily average precipitation from January 10 to February 26, where most provinces and cities had low precipitation, with the least precipitation in Ningxia Province, Qinghai Province, Shaanxi Province, and Shanxi Province. Other provinces and cities show certain periodic changes in precipitation, with the most precipitation around January 22–26 and February 11–15.


[image: Figure 1]
FIGURE 1. Change in trend of key meteorological factors in 30 provinces and cities. (A) daily average temperature; (B) relative humidity; (C) precipitation; (D) sunshine hours; (E) air pressure; (F) wind speed.


Figure 1D shows the trend of daily average sunshine hours. The sunshine hours in Chongqing are relatively low. The sunshine hours vary somewhat among provinces and cities and show a clear trend of fluctuation over time. The trends of daily average air pressure are shown in Figure 1E. In general, all provinces and cities, except Qinghai Province, showed a relatively stable trend during the selected period. The trends of daily mean wind speed are shown in Figure 1F. In general, all provinces and cities have some differences and fluctuating trends in wind speed, with the peak wind speed occurring around February 15.



The Trend of COVID-19 Transmissibility, Incidence Rate, and the Number of Reported Cases

The COVID-19 data from 30 Chinese provinces and cities were fitted using the SEIAR model. The results showed that the overall fit of the model was good (P < 0.05, Table 2). Figure 2A shows the trend of COVID-19 transmissibility in each province and city. It can be seen that the Reff values of each province and city showed a decreasing trend over time. Among them, Reff in Qinghai province first started to be below than 1 on January 26. After February 12, Reff of all provinces and cities were <1.


Table 2. The results of goodness-of-fit in China.
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FIGURE 2. Trend of transmissibility, incidence rate, and the number of reported cases. (A) transmissibility; (B) incidence rate; (C) the number of reported cases.


The incidence rate and the number of reported cases in all provinces and cities generally showed a trend of rising and then falling, which can be roughly divided into three phases in Figures 2B,C. The peak periods were mainly in late January and early February, but the situation differed from place to place. Among them, an abnormal value was observed in Hubei province due to the change of testing method on February 12th. The incidence rate and the number of reported cases were significantly higher in Hubei Province than in other regions.



The Results of Generalized Estimation Equation

Figure 3 showed the results of the effects of the major meteorological factors on transmissibility, incidence rate, and number of reported cases. All correlation coefficients |r| were <0.8, so there was no strong correlation between the main meteorological factors. The variance inflation factor (VIF) values among all covariates were between 1.21 and 3.58, so the collinearity between the major meteorological factors in models 1–6 was not substantial. In general, temperature, relative humidity, precipitation, sunshine hours, and wind speed had immediate and lagged effects on transmissibility, with different number of days lagged. Temperature had a lagged effect on incidence rate, while relative humidity, precipitation, sunshine hours, air pressure, wind speed, and holiday had both immediate and lagged effects on both incidence rate and the number of reported cases.


[image: Figure 3]
FIGURE 3. Analysis results of influencing factors based on the generalized estimation equation. Model 1: the just-in-time effect model; model 2: 1 day lag effect model; model 3: 2 days lag effect model; model 4: 3 days lag effect model; model 5: 4 days lag effect model; model 6: 5 days lag effect model; p is based on the results of the generalized estimating equation; *** = p < 0.001; ** = p < 0.01; * = p < 0.1. All correlation coefficients |r| were <0.8, so there was no strong correlation between x1 and x6; the variance inflation factor (VIF) values among all covariates were between 1.21 and 3.58, so the collinearity between x1 and x6 in models 1–6 was not substantial.


We found that precipitation and wind speed had a negative effect on transmissibility, while humidity had a positive effect. The effect of temperature, sunshine hours, wind speed, and relative humidity on the transmissibility lasted for at least 5 days, and the degree of effect decreased day by day. The lagged effect of precipitation on the transmissibility lasted for 4 days. Air pressure had no effect on transmissibility. The effect of wind speed on transmissibility was the same as the effect of sunshine hours. Holiday had a negative effect on transmissibility and had a lagged effect.

The higher the temperature, the higher the incidence rate. Also, the effect of temperature on incidence rate lagged by 5 days. The remaining five meteorological factors had a timely and lagged effect on incidence rate. Precipitation had a negative effect on incidence rate, but relative humidity had a positive effect on it. Except for model 3, the longer the sunshine hours, the higher incidence rate. The results showed that air pressure had a positive effect on incidence rate, but wind speed had a negative effect. In terms of the effects of key meteorological factors on the number of reported cases, the effect was approximately the same as that on the incidence rate.




DISCUSSION

Overall, the SEIAR model developed in this study was able to fit the epidemic data of Chinese provinces and cities, and the fitting results were satisfactory. Based on the fitting results, the trend of transmissibility of COVID-19 in each province and city could be evaluated.

In exploring the effects of meteorological factors on the prevalence of COVID-19, different studies have used different methods and outcome variables. In a study involving the effect of meteorological factors in 429 cities, scholars defined the outcome variable as the cumulative number of cases and explored the effect of meteorological factors on the number of reported cases through the generalized linear mixed model and restricted cubic spline model (1). In another study exploring the factors influencing of the prevalence of COVID-19 in South American countries, in addition to the number of daily confirmed cases as an outcome variable, the number of daily incubation cases was defined as another outcome variable, defining the number of daily confirmed cases as the number of incubation cases 4 days earlier. These two outcome variables were analyzed separately for Spearman rank correlation with meteorological factors for each country (8). In another study on factors influencing COVID-19 in Latin America and the Caribbean, the number of new cases per day and the number of deaths were defined as outcome variables, also correlated using Spearman rank correlation (14). In addition to the number of reported cases, the incidence rate can also be used as an outcome variable. In a study exploring the effect of climatic conditions on the incidence rate of COVID-19 in 31 Chinese provinces, the daily incidence rate in each province was used as the outcome variable, and the relationship between meteorological factors and outcome variables was analyzed using locally weighted regression scatter smoothing (7). In another study comparing the impact of COVID-19 factors in Wuhan and non-Wuhan cities, daily incidence rate and daily fatality rate were used as outcome variables, respectively, and the correlation between temperature and them was analyzed by Pearson correlation or Spearman rank correlation method (4). In this study, we used daily incidence rate, the number of reported cases, and Reff as outcome variables to explore the impacts of key meteorological factors on the COVID-19 transmission. Generalized estimating equations were used to calculate the immediate and lagged effects of meteorological factors on the three outcome variables.

In a large number of studies on the impact of meteorological factors on COVID-19, the results were not identical (16). In addition to the differences caused by the outcome variables and analysis methods, the treatment of meteorological factors could also influence the results. At the national level, the first-hand data available were various types of meteorological data from meteorological stations across the country. In contrast, daily meteorological data for each province were not directly available. In this study, data at the provincial level were obtained by averaging the daily meteorological data from the stations included in each province. The processing method was the same as other existing studies (1, 4, 7). Also, according to the national distribution map of weather stations, the distribution of weather stations within each province was relatively uniform. Also, the average values of the data from the stations included in each province were representative. We included the categorical variable of holiday in the generalized estimation model to control the potential confounding effects of other independent variables on the three outcome variables.

Studies had found that changes in temperature may affect the outbreak of Severe acute respiratory syndrome coronavirus (SARS) (35, 36). The survival times of Severe-Acute-Respiratory-Syndrome-Coronavirus (SARS-CoV), Middle East Respiratory Syndrome coronavirus (MERS-COV), and other coronaviruses was reduced at higher temperatures (37). In addition, lower temperatures were more conducive to the spread of influenza viruses (38). These suggested that respiratory infections like COVID-19 may also be influenced by temperature.

In a study that included 24,136 COVID-19 cases from China and 26 other countries, temperature was found to affect the cumulative number of COVID-19 cases. It was found that when the temperature rose to 30°C, the cumulative number of cases increased by only 3.38, suggesting that novel coronavirus may be highly sensitive to high temperatures (1). Similarly, it has been implied that both the number of reported cases and transmissibility of COVID-19 may be affected as the temperature continued to rise (12). Early differences in COVID-19 growth rates in different regions also reflected the effect of temperature on disease transmission (2). In a study of COVID-19 in Wuhan based on a transmission dynamic model, the R0 calculated from the model fitting was negatively correlated with temperature. The higher the temperature, the lower the transmissibility (3). In addition, studies have shown that COVID-19 mortality is also influenced by temperature (5, 39). There was evidence that mortality from respiratory diseases is affected to varying degrees by both cold and hot conditions (4). The effect of temperature on COVID-19 mortality was mostly reduced in higher temperatures in both general and severe patients (4). In this study, the effect of temperature on incidence rate and transmissibility also showed a negative correlation.

It was found that the mean positive rate of the Severe-Acute-Respiratory-Syndrome-Coronavirus-2 (SARS-CoV-2) was negatively correlated with the dose of ultraviolet radiation in the sunlight (40). The virus was rapidly inactivated by sunlight (41, 42). The results of present study were similar. The longer the sunshine hours, the lower the transmissibility. However, in this study, the sunshine duration had an opposite relationship with incidence rate and the number of reported cases, unlike other studies (43). Although sunshine affects the transmission of the virus in the external environment and influences its viral activity, it may also affect human activities. The incidence rate and the number of reported cases have been largely controlled in the provinces and cities after the implementation of various interventions, which may influence the effect of sunshine hours on the number of reported cases. Data quality and other issues may also influence the result, which need to be further studied.

It was found that the SARS virus could live for at least 5 days in the external environment when the temperature was 22–25°C and the relative humidity was 40–50%, but the survival ability of the virus decreased rapidly with the increase of relative humidity (24). The same as the influenza viruses (44). It can be seen that the viability of airborne respiratory viruses varies with the relative humidity of the environment (45). However, in the published literature, the relationship between humidity and COVID-19 was different. Some studies have found no significant correlation between absolute humidity and incidence rate (46), but more studies have shown that humidity can affect COVID-19 (5–13, 15–17, 19, 20, 22–35, 47, 48). For example, R0 and the number of daily cases were negatively correlated with humidity (3, 8). Salom et al. suggested that temperature had negative correlation with transmissibility (49). A study in Indian showed that the number of cases per day was positively correlated with relative humidity and absolute humidity (1). In this study, the influence of relative humidity was positively correlated with the three outcome variables. When the relative humidity is relatively high, there are small droplets suspended in the air, then the novel coronavirus can survive for a long time (47).

The impact of precipitation on COVID-19 also showed different results in different studies (4, 5, 9, 36, 43, 45, 48, 49). In this study, the impact of precipitation on transmission, incidence and the number of reported cases was negative, which is the same as the results of Salom et al. (49). Precipitation has been shown to significantly reduce the risk of COVID-19 (50). Besides, people avoiding going outside during rainy days may be another reason (51).

Studies have shown that wind speed affects the survival and transmission of SARS coronavirus (52), and its impact on COVID-19 has been confirmed (3, 53). In this study, higher wind speed reduced transmissibility, incidence rate, and the number of reported cases, which was the same as the results of existing studies (43). The reason may be that the virus could remain active in the air for several hours. At higher wind speed, the stability of the virus may be compromised, thus, affecting the transmission of the disease (54).

A study showed that wind speed was not correlated at all with R0 (49). Air pressure also had no effect on transmissibility in this study. Another study indicated that air pressure exhibited a statistically significant and negative impact on the COVID-19 confirmed cases (55). Therefore, the influence of air pressure on COVID-19 needs to be further explored.

In this study, we found that the effect of temperature on incidence rate was lagged. Looking at the whole transmission chain of infectious diseases, the impact of meteorological factors on the virus itself was reflected in the change of transmissibility, while the impact on the host was reflected in the change of incidence rate. On the one hand, human activity patterns and immunity would be affected by environmental factors. However, due to the unlikelihood of extreme weather and the lack of specific immunity to emerging viruses, the impact of the environment on humans during COVID-19 outbreaks is limited (7). On the other hand, environmental factors affect the virus itself more severely and rapidly than that the host, due to differences in virulence and mode of transmission of the virus in different environments (7). Therefore, it was found that the transmissibility of the virus decreasing with the increasing temperature, which then led to a decrease in the incidence rate and the number of reported cases (7). In terms of lag time, the results showed that the impact of temperature on incidence rate was lagged by 5 days, which was essentially the same as the average incubation period of COVID-19. Of course, the specific reasons for the lag effect may also be related to the micro level, and the mechanism of meteorological factors in the propagation to incidence rate process needs to be further explored. The present study also has some limitations. The number of reported cases was not fully representative of the number of new cases of COVID-19. Besides, this study did not cover many indicators of social factors to control for possible effects.



CONCLUSIONS

In this study, the effects of meteorological factors on incidence rate and the number of reported cases were essentially the same. In contrast, there were some differences in the influence of meteorological factors on transmissibility. Precipitation and wind speed had negative effects on transmissibility, incidence rate and the number of reported cases, while relative humidity had a positive effect on them. The higher the temperature, the lower the transmissibility. Also, the effect of temperature on incidence rate was lagged, with a 5-day lag time. This may be the fact that the environmental factors affect the virus itself more severely and rapidly than the host, whereas the environment has a limited effect on humans. Thus, an increase in temperature may first cause a decrease in viral transmissibility, and then lead to a decrease in incidence rate. In addition, the mechanism of meteorological factors in the process of transmissibility to incidence rate needs to be further explored.
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Background: Public health and social measures (PHSM) against COVID-19 in Japan involve requesting the public to voluntarily reduce social contact; these measures are not legally binding. The effectiveness of such PHSM has been questioned with emergence of the SARS-CoV-2 Alpha variant (B.1.1.7), which exhibited elevated transmissibility.

Materials and Methods: We investigated the epidemic dynamics during the fourth epidemic wave in Japan from March to June 2021 involving pre-emergency measures and declaration of a state of emergency (SoE). We estimated the effective reproduction number (Rt) before and after these interventions, and then analyzed the relationship between lower Rt values and each PHSM.

Results: With implementation of pre-emergency measures (PEM) in 16 prefectures, the Rt was estimated to be < 1 in six prefectures; its average relative reduction ranged from 2 to 19%. During the SoE, 8 of 10 prefectures had an estimated Rt < 1, and the average relative reduction was 26%–39%. No single intervention was identified that uniquely resulted in an Rt value < 1.

Conclusion: An SoE can substantially reduce the Rt and may be required to curb a surge in cases caused by future SARS-CoV-2 variants of concern with elevated transmissibility. More customized interventions did not reduce the Rt value to < 1 in this study, but that may be partly attributable to the greater transmissibility of the Alpha variant.

Keywords: coronavirus, statistical estimation, modeling, Infectious Disease, mathematical model, effective reproduction number


INTRODUCTION

Public health and social measures (PHSM) against COVID-19 are non-specific countermeasures, previously referred to as non-pharmaceutical interventions, which have been implemented in many countries to control the pandemic. Whereas published studies report a strong overall epidemiological impact of lockdowns or PHSM in reducing cases (1–14), other studies suggest that lockdown itself may not be very effective if individual measures, such as wearing masks and restricting the use of restaurants and public facilities, are properly implemented (15, 16). Additional scientific evidence on the effectiveness of individual non-specific countermeasures is called for (e.g., school closures, bans on eating out and on large gatherings) (17–34). When the SARS-CoV-2 Alpha variant (B.1.1.7) with elevated transmissibility started to become widespread in Europe, strict lockdown measures were instated in European countries, which precluded an evaluation of each PHSM other than movement restriction of entire communities (35).

In Japan, PHSM have primarily comprised request-based nationwide cooperation in voluntarily reducing social contact and have not involved any legally binding penalties. The legal and administrative basis of such countermeasures is the state of emergency (SoE), which in Japan is declared based on the Act on Special Measures for Pandemic Influenza and New Infectious Diseases Preparedness and Response (2002) (36). In Japan, the first SoE was declared in April 2020 owing to a surge in cases during the first epidemic wave. Although the first SoE was lifted in May 2020, an SoE was declared twice, in January and April 2021, for municipalities in the Tokyo metropolitan area and the Kansai region owing to increasing pressure on health care services during the third and fourth epidemic waves. During the fourth wave, a larger number of people were infected with the Alpha variant (B.1.1.7), which has greater transmissibility than other previously circulating SARS-CoV-2 strains (37, 38). Because an SoE involves substantial adverse social and economic effects, pre-emergency measures (PEM) were devised as an alternative to an SoE. More customized countermeasures began from February 2021, and PEM were newly implemented based on the Revised Special Measures for Pandemic Influenza and New Infectious Diseases Preparedness and Response (2021), in the hopes of avoiding an SoE (39). In the PEM, the local governor of the target area can decide which sub-regional areas (e.g., cities, towns, and villages) will be subject to the countermeasures. PEM is a general term for interventions that do not involve restrictions on movement; instead, the countermeasures are more customized and focused on high-risk settings, including eating and drinking establishments that serve alcohol (40). That is, whereas SoE may be regarded as self-restrained contact reduction or a voluntary lockdown measure, PEM are more customized pre-lockdown policies that are expected to be implemented early in the epidemic and that represent more targeted intervention in high-risk settings only. Customized policies are in line with the scientific evidence that high-risk situations include drinking alcohol late at night and attending indoor gatherings, which sometimes trigger super-spreading events (41, 42).

During the fourth epidemic wave, an SoE and PEM were declared multiple times, targeting municipalities across Japan. However, the effectiveness of these countermeasures in controlling infections has yet to be evaluated, especially considering the spread of the highly transmissible Alpha variant (43). These countermeasures have been diverse. In areas of intervention, different series of countermeasures have been implemented, including a request for residents to refrain from unnecessary movement and restricting the use of public facilities. In particular, the content, intensity, and duration of PEM have not been uniform because local governments decide the details regarding countermeasures. Like an SoE, PEM are not legally binding. Thus, the effectiveness of these measures depends on the compliance of residents and employers in areas of intervention and how well contact can be avoided that could lead to infection. Objectively assessing the effectiveness of such countermeasures remains a scientific challenge.

With emergence of the Alpha variant, which led to a surge in COVID-19 cases close to the Christmas holiday season, many European countries immediately imposed strict lockdown policies and did not permit customized interventions to be implemented (44). In many prefectures of Japan, PEM with various customized interventions were implemented, which were subsequently followed by an SoE that enforced restrictions on free movement. The fourth wave involving the Alpha variant in Japan thus offers a unique opportunity to evaluate the effectiveness of such countermeasures. Considering that there may be additional opportunities to implement PHSM in the future (45), and complete reliance on pharmaceutical interventions and vaccination is not possible (46), it is vital to explicitly assess those interventions. Thus, in the present study, we aimed to estimate the effectiveness of PHSM in Japan.



MATERIALS AND METHODS


Epidemiological Data and Interventions

The present study was focused on the fourth epidemic wave in Japan, from March 1st to June 30, 2021, involving more than 370,000 confirmed COVID-19 cases and 6000 confirmed deaths across Japan. COVID-19 cases in Japan are confirmed by means of reverse transcription polymerase chain reaction (RT-PCR) and antigen testing, and all diagnosed cases are mandatorily notified to the government via the local health center. During the study period, two types of antigen detection kits using immunochromatography were approved in Japan, but PCR testing with a Taqman probe was used consistently for all confirmatory diagnosis (47). We used the incidence of confirmed cases as a function of the date of diagnosis and the date of illness onset as registered in the Health Center Real-Time Information-sharing System on COVID-19 (HER-SYS) (48). During the study period, random sampling of PCR-positive patients in Japan was conducted to screen for the N501Y point mutation that was commonly seen in the Alpha variant (B.1.1.7) using real time RT-PCR, so as to estimate the percentage of infections with this variant (49). As of March 28, approximately 30% of all infected patients identified on each day were screened (50). Some were tested using whole-genome sequencing, but the sequencing results were not used to determine the proportion of variants, because it takes about two weeks to report and cannot provide a timely picture of the infection situation in real time. The results of these screenings were entered into the HER-SYS along with other epidemiological information. We estimated the number of infections with the Alpha variant in the country according to the number of infected persons per day, the number of screening tests per day, and the number of cases that were positive for the N501Y point mutation.

Information regarding the types and length of PHSM were systematically collected according to prefecture and local government. According to the type of intervention, PHSM were classified into seven different categories: (a) official requests not to sell and serve alcoholic beverages and shortened business hours for restaurants at night; (b) closure of public facilities where large gatherings of people could be expected; (c) stay-at-home measures, combined with requests of the public not to travel across prefectures; (d) school closures; (e) requests to not organize public events; (f) requests to not engage in free movement within a city/ward; and (g) enlarging of the geographic area in which the above six countermeasures were implemented. To understand the impact of the epidemiological “stage” on reducing the effective reproduction number (Rt), the following datasets were also collected and examined in relation to Rt: hospital bed occupancy (both in general wards and intensive care units), the daily number of newly reported cases, daily PCR-positivity rate, which is the number of reported PCR-positive patients divided by the total number of PCR tests (51), and the proportion of unlinked infections among confirmed infections (i.e., the proportion of cases whose source could not be identified) (52). We used these variables to determine the epidemiological stage in Japan, leading to different levels of PHSM.



Estimation of the Effective Reproduction Number

We used methods proposed by Nakajo and Nishiura for calculating Rt (53, 54). The Rt of COVID-19 was estimated as the epidemiological outcome, particularly its absolute and relative changes before and after the start of interventions. Rt was estimated using the incidence according to the date of illness onset (21). Letting ct be the incidence according to date of illness onset t,
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where E(.) is the expectation, fs is the probability mass function of the incubation period duration s, and λu is the probability mass function of secondary transmission as a function of the time since illness onset u. The maximum likelihood method was used for the estimation of Rt. It should be noted that the resulting estimated Rt is a function of the date of infection.

Following Nakajo and Nishiura (53, 54) we assumed that x is the duration of infectiousness prior to illness onset, and we set x = 5 days (i.e., cases became infectious 5 days prior to the illness onset date). fs was assumed to follow a lognormal distribution with mean 5.2 days and variance 14.9 (55), and λu was assumed to follow a gamma distribution with mean 12.9 days and variance 8.1 (56).

The abovementioned equation was further applied to estimate the Rt for the Alpha variant only. For this, we reconstructed the incidence of infections with variant Alpha using the partially screened dataset of real time RT-PCR screening of cases for the N501Y mutation. As proposed by Murayama et al. (57), a hypergeometric distribution was used to estimate the incidence, i.e., on each day, the total number of cases infected with variant Alpha represents a random selection of screening tests conducted among the total number of confirmed cases and a random selection of cases that were positive for the Alpha variant among all screened cases.

The effectiveness of PEM or SoE was calculated by comparing the change in Rt, that is, between (i) the Rt value 7 or 14 days prior to implementation of the PHSM and (ii) the first 7 days or total days of the PHSM. To facilitate this estimation, we used a piecewise constant model for Rt (i.e., handling Rt as a step function) for the respective periods. A 7-day period was specifically chosen for period (ii) because that period was followed by the so-called Golden Week, a spring holiday period in Japan of more than 10 consecutive days, which influences people’s mobility characteristics. In addition to relative and absolute risk reductions in secondary transmission, we also explored whether the Rt value during each intervention period (with PEM or SoE) was < 1, indicating that the incidence of COVID-19 infection was in a declining trend. We truncated the last 10 days of data and conducted analysis through May 27, 2021 because the most recent Rt estimation using onset data is an underestimate owing to reporting delay. We varied the combinations of duration of periods (i) and (ii) to assess the reductions in Rt; for example, we alternatively used the estimated Rt for the entire period of intervention rather than using a fixed length of 7 days as part of sensitivity analysis. Among prefectures in which interventions were implemented, Miyagi was excluded from our analysis because most COVID-19 cases in Miyagi were caused by a SARS-CoV-2 strain with the E484K mutation, which was not classified as either a variant of concern or variant of interest (23). To avoid underestimation of Rt, the dataset for the period under PEM in Hokkaido was analyzed for only 6 days post intervention; similarly, the dataset under the SoE in Okayama was analyzed for the first 5 days of intervention owing to right truncation. In Hokkaido, Gifu, and Mie prefectures, the 10-day national holiday period overlapped with the 7-day period immediately before the implementation of PEM, potentially overestimating their effectiveness. Thus, we also compared the Rt values before and after intervention, using the 7-day period before the start of the national holiday as an alternative baseline.

To explore the statistical association between a decline in Rt value and each individual countermeasure, we performed the Wilcoxon signed-rank test. Likewise, we carried out univariate analysis to explore the relationship between the stage of the epidemic when PHSM were implemented and a reduction in the Rt value.




RESULTS


Changes in the Effective Reproduction Number

Figure 1 shows the Rt in six prefectures where both PEM and an SoE were implemented, using a step function for the first 7 days before and during intervention. Overall, a decreasing trend in the Rt was noted during the countermeasure period.
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FIGURE 1. Estimated effective reproduction number in six prefectures implementing both pre-emergency measures and a state of emergency. (A–F) in the figure correspond to Hokkaido, Tokyo, Aichi, Kyoto, Osaka, and Hyogo prefectures, respectively. The blue shaded areas indicate the period of pre-emergency measures, and the red shaded areas indicate the state of emergency period. The bar graph is the estimated number of infections with the B.1.1.7 variant by onset date, and the solid line is the effective reproduction number (Rt). Using the 7 days before implementation of pre-emergency measures as the baseline, we compared the Rt for the 7 days immediately after the start of each measure.


The relative reduction in Rt values after PEM implementation was estimated to range from −110.9% to 43.0% (Table 1), where negative values represent a failure to reduce the Rt value. Among a total of 16 prefectures following PEM, six prefectures achieved an Rt value < 1 (Gunma, Gifu, Mie, Ehime, Kumamoto, and Okinawa). The average and median relative reduction in Rt in these 16 prefectures was 2.0% and 9.0%, respectively. Supplementary Table 1 shows the relative reduction in Rt, analyzing the values for the entire period of PEM implementation. The relative reduction in Rt was estimated to range from −15.9 to 51.6%, and the average and median relative reduction in Rt was estimated to be 11.3% and 14.8%, respectively, among a total of 16 prefectures. Using the Rt of the 14 days prior to PEM implementation, the relative reduction in Rt was estimated to range from −18.5 to 49.7% and the average and median relative reduction in Rt was estimated to be 19.4% and 20.6%, respectively.


TABLE 1. Effective reproduction number (Rt) during the 7 days before and after pre-emergency measures (PEM) were instated.
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Similar analysis was conducted for the SoE (Table 2). Among the 10 prefectures under an SoE, the relative reduction in Rt values under the SoE was estimated to range from −13.4 to 47.1%, using the 7-day average Rt before intervention as the baseline. The average and median relative reduction in Rt was estimated to be 25.9% and 31.5%, respectively. Kyoto and Okinawa did not achieve an Rt < 1 within 7 days of the start of the SoE; however, the Rt in the remaining eight prefectures was estimated to be < 1. Supplementary Table 2 shows the results for the SoE in different comparison periods before and after the intervention. The relative reduction in Rt under the SoE was estimated to range from −28.2 to 52.7%, using the 7-day average Rt before the intervention as the baseline. The average and median relative reduction in Rt was estimated to be 27.6% and 37.7%, respectively. Using the Rt of the 14 days before the start of the SoE, the relative reduction in Rt was estimated to range from −18.5 to 61.0%, and the median relative reduction in Rt was estimated to be 38.7% and 48.6%, respectively.


TABLE 2. Effective reproduction number (Rt) during the 7 days before and after declaration of a state of emergency (SoE).
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Content and Timing of Interventions

Figure 2 shows distributions of the absolute reduction and relative reduction in Rt values, grouped according to content of the PEM. The reduction in Rt tended to be greater in prefectures implementing school-related interventions than in the remaining prefectures. Interventions associated with eating and drinking establishments, recreational and community facilities, and large gatherings or events were implemented in all prefectures during the PEM period; therefore, we were unable to make comparisons for these measures.


[image: image]

FIGURE 2. Relationship between pre-emergency measure (PEM) categories and reduction in the effective reproduction number (Rt) compared with the 7 days before intervention (baseline period). This figure shows the relationship between the reduction in Rt during the 7 days prior to the intervention and during the 7 days after the intervention and presence of each PEM intervention. The only PEM categories for which there were differences in adoption among prefectures were (A) school-related measures, (B) expansion of the intervention scope (a pre-emergency intervention originally implemented in only part of a given prefecture was expanded to additional areas), and (C) requests (from the prefecture) for no out-of-prefecture travel. We calculated p-values using the Wilcoxon signed-rank test. The left-hand panel in each figure shows the absolute reduction in Rt and the right-hand panel shows the relative reduction in Rt.


Supplementary Figure 1 shows results regarding the SoE, which were similar to those of the PEM. We did not identify any significant differences regarding the reduction in Rt according to different types of intervention. These findings were consistent across different durations of baseline and intervention periods.

Figure 3 illustrates distributions of the absolute reduction and relative reduction in Rt according to the stage of the epidemic when interventions were carried out (as classified into four categories; see Figure 3 legend for the definitions). The reduction in Rt values in stage 4 of the PCR positivity rate tended to be greater than that in stages 2 and 3; the daily PCR positivity rate is defined here as: 5% or more of all tests positive is stage 3 and 10% or more is stage 4. Supplementary Figure 2 shows the results of analysis of stages at the time of SoE implementation. No marked association was identified between the stage of the epidemic and relative reduction in Rt during the SoE. This finding was maintained across varying durations of the baseline and intervention periods.
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FIGURE 3. Relationship between prefectural COVID-19 epidemic stage at the start of pre-emergency measures (PEM) and reduction in the effective reproduction number (Rt) during the PEM period compared with the 7 days before intervention (baseline period). This figure shows the relationship between the reduction in Rt during the 7 days prior to the intervention and during the 7 days after the intervention and the epidemic stage at the time of the intervention. The horizontal axis is the “stage” of the COVID-19 epidemic, according to definitions of the Japanese government. (A,B) Hospital-bed occupancy is defined as stage 3 when 20% of COVID-19 beds are occupied and stage 4 when 50% of beds are occupied. (C) The prevalence of active cases is defined as the number of patients who are hospitalized or under observation at home. Twenty or more cases per 100,000 population in a prefecture is defined as stage 3, and 30 or more cases is defined as stage 4. (D) The daily PCR-positivity rate is defined as stage 3 with 5% or more positive test results among the total tests and stage 4 with 10% or more. (E) The daily number of newly reported cases is defined as stage 3 with 15 or more newly reported cases per 100,000 population and stage 4 with 25 or more newly reported cases per 100,000. (F) The percentage of unlinked cases is defined as 50% or more for stage 3 and less than 50% for stage 2. The left-hand panel shows the absolute reduction in the effective reproduction number (Rt) and the right-hand panel shows the relative reduction. We calculated p-values using analysis of variance or the Wilcoxon signed-rank test.





DISCUSSION

In the present study, we evaluated the impact of the PEM and SoE on the epidemiological dynamics of COVID-19 from March to June 2021 in different regions of Japan, during which time the SARS-CoV-2 Alpha variant was predominant in the country. When PEM were implemented in 16 prefectures, the Rt was reduced to < 1 in only six of these prefectures, with the average relative reduction ranging from 2 to 19%. However, implementation of an SoE led to an average Rt value < 1 in 8 of the 10 prefectures where implemented, with an average relative reduction in the Rt ranging from 26 to 39%. For individual interventions, only school closures during periods of PEM implementation showed significant differences in reducing the Rt; no other interventions helped to explain variations in the relative reduction in Rt. Although there was no significant association between the relative reduction in Rt and the timing of initiating interventions, an extremely high positivity rate in PCR testing may predict a substantial reduction in the Rt. An increasing trend over time in the positivity rate for PCR testing results has been shown to predict a forthcoming epidemic wave (58). The present study findings further showed that PCR testing results that are extremely high, i.e., a very high positivity rate, may be one signature of a forthcoming reduction in the Rt, perhaps because a very high positivity rate is usually a sign of the need for strong intervention measures.

The findings of the present study revealed is that customized interventions (referred to as PEM in our study) in high-risk transmission settings may be insufficient to lower the Rt to < 1. Before the introduction of variant Alpha in Japan, a simple modeling study showed that Rt decreased to < 1 only after instating customized PHSM focused on high-risk settings. During the summer of 2020, interventions were centered on eating and drinking establishments operating at night and public facilities for mass gatherings and included shortening of opening hours, requests to not serve alcohol in Tokyo, restricting the number of people eating at the same table to four, and closure of nightlife areas in Osaka (59). Through that experience, such focused interventions were legally formalized by the Japanese government and categorized as PEM to help avoid unnecessary adverse social and economic impacts on the entire population. Unfortunately, with introduction of the more-transmissible Alpha variant, our findings showed that in many prefectures, the introduction of PEM alone was not sufficient to reduce the Rt value to below 1 during the spring of 2021. From July 2021, the SARS-CoV-2 Delta variant, which is even more transmissible than variant Alpha (60, 61), was introduced and rapidly became predominant among all virus strains circulating in Japan (62). Whereas elevated temperatures may help to slightly lower the Rt value (63), only stronger restrictions such as an SoE can suppress a sharp rise in COVID-19 infections (64, 65). Therefore, swift decisions regarding declaration of an SoE are required to bring an epidemic under control.

The PHSM explored in this present study are not accompanied by legal penalties In Japan; instead, both PEM and an SoE involve an official request from national and local governmental bodies to adhere to the policies (36). Furthermore, even without government intervention, people may precautionarily adopt risk-avoidance behavior, especially when the number of infected individuals is increased. Because the PEM and SoE were not legally binding in principle, we cannot explicitly determine whether people actually reduced their risky behaviors voluntarily (but actively) under the interventions (66). This characteristic complicates the evaluation in two ways. First, we may not always be able to anticipate whether public reactions and behavioral responses to PEM or an SoE will be the same as those observed from March to June 2021. If the general public has difficulty enduring restrictions on high-risk behaviors, the findings of the present study may not be applicable and cannot be expected in the future (67). In this sense, request-based (voluntary) restriction of social contact behaviors cannot be causally evaluated and the effectiveness of repeated implementation cannot be ensured. Second, psychological impacts could influence our outcomes. The declaration of an SoE itself might have had the effect of preventing risky behaviors, but such behavioral changes might have been induced primarily by elevated risk awareness, e.g., the declaration led to voluntary cancelation of travel and large gatherings or events (68). As such, it is vital to remember that the PEM and SoE in Japan rely on voluntary cooperation of the general public and employers, and people’s psychological responses to such requests have a key role in the effect of intervention. In these respects, it is inherently difficult to separate the effects of intervention from the effects of voluntary risk-avoidance behaviors. We performed additional analyses with the aim to strengthen our findings. As shown in Supplementary Table 3, we made a comparison of the Rt at 1 and 2 weeks prior to the implementation of PEM. Indeed, whereas the Rt decreased before the start of PEM in some prefectures and this decrease was large, the same trend was not observed in many prefectures. Supplementary Figure 3 depicts the change in Google mobility before and after intervention. Although in some prefectures, mobility had already decreased before the PEM, it was found that mobility generally decreased with the intervention. These supplementary analyses do not refute the effect of voluntary risk-avoidance behaviors. Rather, the important point here is that many prefectures were unable to reduce the Rt to below 1 with customized PEM that mostly targeted eating and drinking establishments whereas the SoE was able to flatten the epidemic curve.

It is worth mentioning that in a part of our analysis, we adopted a baseline period of the 7 days prior to the implementation of PHSM. Of course, risk awareness had been gradually increasing owing to the increasing epidemic size prior to the start of PHSM; therefore, people’s social contact behavior could have already begun to change during the 7-day baseline period. Thus, as part of the sensitivity analysis, the duration of the baseline period was altered. Comparing the Rt 7 days prior to the intervention and during the entire intervention period, PEM and the SoE reduced the Rt by an average of 11.3% and 27.6%, respectively. When the baseline was set to 14 days, the PEM and SoE decreased the Rt by an average of 19.4% and 38.7%, respectively. However, this analysis did not substantially alter our findings.

Our results regarding school closures during PEM were consistent with those of published studies (69–74). School closures during an SoE did not lead to a marked reduction in Rt; therefore, school closures would not be consistently effective across all possible epidemiological conditions (74, 75).

Caution is needed when discussing the timing of PHSM implementation (74). The short-term goals of PHSM may include to (i) suppress an epidemic, (ii) ease caseload pressure on health care facilities, and (iii) buy time to increase protection via pharmaceutical interventions (e.g., vaccination). If goal (iii) is not critical, early implementation of PHSM will always be the most effective owing to the containment of an epidemic at a local level. This is particularly true for PEM; the risk of an epidemic wave could have been greatly reduced if PEM had been implemented before a substantial increase in the COVID-19 incidence and if the PEM covered the areas or regions with increasing virus transmission. It must be remembered that the estimated relative reduction in Rt found in the present study is conditional on implementation at a given timing; in general, the effectiveness of PHSM is greater if implemented earlier (76, 77).

Certain limitations in this study must be acknowledged. First, the quantified risk reduction would not be causal, as mentioned above; thus, similar impacts of PHSM are not guaranteed (40). Second, our analysis relied on the change in Rt before and after intervention. We argued that this change may be attributable to extrinsic effects, namely, PHSM. However, other extrinsic factors (e.g., behavioral changes) and intrinsic factors (e.g., depletion of susceptibles) can also lead to a reduction in the Rt value. In fact, there were continual government announcements with respect to the ongoing risk of infection and requests to wear a face mask, maintain an appropriate social distance, and engage in preventive measures (76). Third, in our analysis, we did not evaluate the time-dependent variations in intervention effectiveness. During the later stages of PHSM, the degree of preventive effectiveness can sometimes be magnified, perhaps owing to a gradual reduction in high-risk contacts. Fourth, we used the prefecture as the unit in our analysis, and these were analyzed independently. Spatial correlations associated with travel across prefectures could not be controlled (40).

Although not causal, the present study provides important evidence indicating that achieving a substantial reduction in Rt in the presence of a highly transmissible SARS-CoV-2 variant requires implementation of an SoE. Continued epidemiological assessment of PHSM is critical, alongside further analysis of the heterogeneities in effectiveness among interventions.
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Supplementary Figure 1 | Relationship between state of emergency (SoE) categories and reduction in the effective reproduction number (Rt) during an SoE compared with the 7 days before intervention (baseline period). This figure shows the relationship between the reduction in Rt during the 7 days prior to the intervention and during the 7 days after the intervention and presence of each SoE intervention. The only SoE categories for which there were differences in adoption among prefectures were (A) school-related measures, (B) expansion of the intervention scope (SoE originally implemented in only part of a given prefecture expanded to additional areas), and (C) requests (from the prefecture) for no out-of-prefecture travel. We calculated p-values using the Wilcoxon signed-rank test. The left-hand panel in each figure shows the absolute reduction in Rt and the right-hand panel shows the relative reduction in Rt.

Supplementary Figure 2 | Relationship between prefectural COVID-19 epidemic stage at the start of a state of emergency (SoE) and reduction in the effective reproduction number (Rt) during the SoE compared with the 7 days before intervention (baseline period). This figure shows the relationship between the reduction in Rt during the 7 days prior to the intervention and during the 7 days after the intervention and the epidemic stage at the time of the intervention. The horizontal axis is the “stage” of the COVID-19 epidemic according to definitions of the Japanese government. (A,B) Hospital-bed occupancy is defined as stage 3 when 20% of COVID-19 beds are occupied and stage 4 when 50% of beds are occupied. (C) The prevalence of active cases is defined as the number of patients who are hospitalized or under observation at home. Twenty or more cases per 100,000 population in a prefecture is defined as stage 3, and 30 or more cases is defined as stage 4. (D) The daily PCR-positivity rate is defined as stage 3 with 5% or more positive test results among the total tests and stage 4 with 10% or more. (E) The daily number of newly reported cases is defined as stage 3 with 15 or more newly reported cases per 100,000 population and stage 4 with 25 or more newly reported cases per 100,000. (F) The percentage of unlinked cases is defined as 50% or more for stage 3 and less than 50% for stage 2. The left-hand panel shows the absolute reduction in the effective reproduction number (Rt) and the right-hand panel shows the relative reduction. We calculated p-values using analysis of variance or the Wilcoxon signed-rank test.

Supplementary Figure 3 | Google mobility: retail and recreation percent change from baseline during and before intervention. The broken line shows the retail and recreation percent change from baseline for mobility provided by Google. The relative change in time spent compared with that at the baseline of January 2020 is shown. The blue shading in the figure indicates pre-emergency measures (PEM), the red shading indicates state of emergency (SoE), the yellow shading indicates PEM 1 week earlier, and the green shading indicates PEM 2 weeks earlier. Panels (A–F) in the figure correspond to Hokkaido, Tokyo, Aichi, Kyoto, Osaka, and Hyogo prefectures, respectively. In (A,D), mobility appears to have already started decreasing before the intervention. In the other panels, the effect of intervention appears to be working, especially for the SoE.
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Objective: The coronavirus disease 2019 (COVID-19) vaccines are considered to be an effective way to prevent the spread of the infection. Our previous study has shown that about 75% of healthcare workers (HCWs) in China were willing to receive the vaccine when it became available. Here, we examined the acceptance of a third booster dose among Chinese people and identified the influencing factors.

Methods: A cross-sectional online survey was conducted and the snowball sampling method was utilized. An online questionnaire was provided to all the participants in the form of a quick response (QR) code. The questionnaire included general demographic information, views on vaccines, the General Health Questionnaire-12 (GHQ-12), and the Depression, Anxiety, and Stress Scale-21 (DASS-21). The univariate analysis was done between all the variables and our dependent variable. Then, we used the multivariate logistic regression model to examine the influencing factors of the third booster dose acceptance.

Results: We collected 1,062 complete answers. Of these, 90.39% (n = 960) declared that they would accept the booster dose. Knowing more about the vaccine and recognizing the efficacy of vaccines were significantly associated with greater acceptance of the booster dose. People willing to take the booster dose had better psychological health. A belief that the booster dose could prevent severe infection caused by COVID-19 and enhance the effectiveness of the first two doses were the main contributing factors to vaccine acceptance. Vaccine hesitancy was mainly due to a low perceived risk of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection and rapid mutation of SARS-CoV-2.

Conclusion: This study revealed that Chinese people were very receptive to the third booster dose, which is an inspiring result. More positive attitudes regarding COVID-19 vaccination were supported by its efficacy and few side effects.

Keywords: COVID-19, vaccine, acceptance, third booster dose, Chinese people


INTRODUCTION

The ongoing pandemic of coronavirus disease 2019 (COVID-19) has caused extensive damage worldwide. Despite established supportive therapies and the development of new antiviral drugs, vaccination is considered an effective method to prevent infection of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), particularly for at-risk populations. In China, the COVID-19 vaccines started to be used in priority groups on 15 December 2020. The Chinese government accelerated free vaccination for all the Chinese citizens starting in late March 2021 (1). As of 18 February 2022, more than three billion COVID-19 vaccine doses had been given nationwide and more than 1.2 people had completed the two-dose regimen (2).

However, typically, vaccine-induced immunity diminishes over time. Also, newly emerging SARS-CoV-2 variants can evade the immunity primed with vaccines developed against older variants (3). Hence, the need for a third dose of the COVID-19 vaccine has been discussed (4).

Increasing numbers of studies have suggested that a third booster dose could induce robust cellular and humoral immunity, thereby mitigating the fading of neutralizing antibodies after inoculation with two doses and reducing the risk of SARS-CoV-2 infection (5–9). A systematic review of 30 published studies on the efficacy and safety of the third dose of the COVID-19 vaccine has suggested that the reduction in the risk of infection ranged from 88 to 92% and conversion rates for immunoglobulin G ranged from 95 to 100% (10). Also, in cancer cases or immunocompromised patients, a significant increase in the antibody titer was noted (10). Studies have also shown that the third dose of the COVID-19 vaccine can reduce the risk of severe illness (5). Meanwhile, the safety of the third dose of the COVID-19 vaccine has been shown in several studies. A study about the safety and immunogenicity of the third dose in Chinese adults indicated that the third dose with either homologous or heterologous vaccine showed favorable safety profiles (3). A randomized controlled trial has shown that there were no serious side effects within 28 days after the third dose (9). Alasdair Munro et al. have assessed the safety of seven COVID-19 vaccines as a third dose and found that serious adverse events were uncommon and similar in active vaccine and control groups (11). Although all the studies mentioned above revealed the safety and immunogenicity of the third dose of a COVID-19 vaccine, whether people are willing to receive the third dose of the COVID-19 vaccine is still unknown. A total of 54.6% of Chinese people reported “probably yes” regarding their intent to accept the COVID-19 vaccine before it was developed (12). We previously reported that only one-third of healthcare workers (HCWs) in China were willing to take the COVID-19 vaccine when it became available (13). A total of 58.2% of medical students reported vaccine hesitancy months after the COVID-19 vaccine became available for use (14). Here, we examined the acceptance of the third booster dose among Chinese people and assessed the factors associated with its acceptance.



MATERIALS AND METHODS


Study Participants

The study protocol was approved (2022-S-27) by the Ethics Committee of Third People's Hospital of Chengdu (Chengdu, China). Informed consent was obtained before study enrollment. This was a cross-sectional online survey using a social media platform (WeChat™)-based survey program “Questionnaire Star” between 1 December and 31 December 2021. The online questionnaire was provided to all the participants in the form of a quick response (QR) code via WeChat. The snowball sampling method was utilized; thus, agreeable participants could send the QR code to their respective WeChat friends in the same way. Participants answered the questions on the questionnaire by scanning the QR code. Participation was voluntary and the responses were anonymous. All the adults (>18 years of age), regardless of region, occupation, or status, were eligible to participate in our study.



Questionnaire Design and Data Collection

Before initiating the study, we first consulted psychologists working at the Third People's Hospital of Chengdu and the psychologists recommended two commonly used scales, as described below, suitable for measuring psychological status. The questionnaire gathered information on: (i) general demographics (e.g., sex, age, education level, occupation, marital status, children, and income); (ii) whether or not to accept the third booster dose; and (iii) the reasons for being willing or not willing to be vaccinated. Moreover, this questionnaire included the General Health Questionnaire-12 (GHQ-12) and the Depression, Anxiety, and Stress Scale-21 (DASS-21) to investigate the psychological health of respondents.

Participants were asked if they would accept the third booster dose of the COVID-19 vaccine. They rated the item regarding their attitudes toward a booster dose on a four-point scale (1 = strongly agree, 2 = agree, 3 = disagree, and 4 = strongly disagree). Those answering 1 or 2 were identified as the vaccine-agree group. Those who answered 3 or 4 were identified as the vaccine-disagree group. Then, we listed common or possible causes of people's willingness or unwillingness to be vaccinated. People who agreed to take the vaccine could voluntarily select factors promoting their willingness to be vaccinated. Those who did not agree to take the vaccine could voluntarily choose the factors causing their resistance. The percentage of people who chose different factors was calculated.

With the help of a consultant psychologist, we chose the scores for the GHQ-12 and the DASS-21 to measure participants' mental health. The GHQ-12 is widely used to identify common psychiatric conditions (15, 16). The questionnaire consists of 12 items, where each is assessed with a four-point Likert scale ranging from “never” to “often” and is used with the 0–0–1–1 scoring method. The total score ranges between 0 and 12 points (poor mental health was defined as a total score ≥3) (17). The higher the score, the more significant the mental problem. The DASS-21 is a popular measure of mental health (18, 19). It consists of the subscales of depression, anxiety, and stress with 21 items (seven items for each subscale). Each seven-item subscale is rated on a four-point Likert scale ranging from 0 (“Did not apply to me at all”) to 3 (“Applied to me very much”). The higher the score, the more significant is the mental problem (20, 21).

Only complete questionnaires could be collected and incomplete data could not be submitted through the Questionnaire Star. The Questionnaire Star automatically collected data. We could convert all the data into text format and numeric form and export them to spreadsheets.



Statistical Analysis

Descriptive analyses were conducted on all the study variables, which were reported as the mean, SD, number (n), and percentage. We used the univariate analysis with the t-test or the chi-squared test to compare the two groups (agree and disagree) to identify the factors associated with vaccine hesitancy. Then, the multivariate logistic regression model was employed to examine and identify the factors associated with the acceptance of the COVID-19 vaccine. Statistical analyses were performed using SPSS version 23.0 (IBM Incorporation, Armonk, New York, USA). p ≤ 0.05 was considered statistically significant.




RESULTS


Acceptance of the Third Booster Dose

We collected 1,062 responses. Of these, 960 responders (90.39%) declared that they would accept a booster dose. Of those who were willing to accept the third booster dose, 884 responders (83.2%) were strongly willing and 76 responders (7.1%) were willing but waiting to review more data. Of the 1,062 participants, only 102 (9.6%) participants were not willing to accept the third booster dose. Of them, 71 (6.7%) participants did not plan to receive the COVID-19 vaccine and 31 (2.9%) participants were strongly against taking the booster dose. We found that 95.6% (1,016) of respondents had completed the two-dose regimen and 97.3% (935) of respondents who had completed the two doses were willing to receive the third dose (Table 1).


Table 1. Demographics of study population and the univariate analysis between the agree and disagree groups (n = 1,062).
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Variables Associated With Acceptance of the Third Booster Dose

The univariate analysis was used to decide significant differences between the two groups (the agree and disagree groups; Table 1). There were significant differences among the respondents in worrying about experiencing COVID-19, understanding how the vaccine works, completing a two-dose regimen, thinking that the vaccine works, and having good mental health. Results of the univariate analysis are shown in Table 1. Individuals willing to receive the booster dose were more worried about infection (χ2 = 5.577, p = 0.018), had a better understanding of how the vaccine works (χ2 = 5.849, p = 0.016), had nearly completed a two-dose regimen, were more likely to think that the vaccine works (χ2 = 91.816, p = 0.000), and had better mental health based on the GHQ-12 (χ2 = 14.805, p = 0.002; depression: F = 9.378, p = 0.002; anxiety: F = 17.03, p = 0.000). However, the two groups did not differ significantly in terms of sex, age, occupation, educational level, marital status, contact with a person with COVID-19, living in a high-risk area, or income.

To determine the factors associated with the willingness to be vaccinated, we used the multivariate logistic regression models. Results are given in Table 2. Five factors were significantly associated with the acceptance of the third booster dose: (a) worried about experiencing COVID-19; (b) understanding how the vaccine works; (c) completion of COVID-19 vaccination with a two-dose regimen; (d) the vaccine is effective; and (e) the GHQ-12 score. Those with a high perceived risk of being infected had twice the odds of vaccine acceptance compared with those with no perceived risk of being infected [odds ratio (OR) = 2.159; 95% CI = 1.331–3.501; p = 0.002]. Additionally, those who knew more about vaccine properties were almost three times more likely to accept the third booster dose (OR: 2.879; 95% CI: 1.143–7.148; p = 0.025). People who had completed the two-dose regimen were more likely to accept the third dose compared with those who had not completed the two-dose regimen (OR: 9.708; 95% CI: 4.474–21.069; p = 0.000). People who believed that the vaccine was effective had 7.949 times greater odds of accepting the third dose compared with those who believed that the vaccine was not effective (OR: 7.949; 95% CI: 4.769–13.251; p = 0.000). People with the lower GHQ-12 score were more likely to accept the third dose (OR: 2.903; 95% CI: 1.476–5.708; p = 0.002) compared to those with the higher GHQ-12.


Table 2. The multivariate logistic regression analyses showing the factors associated with acceptance of a booster dose (n = 1,062).
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Reasons for Willingness or Unwillingness to Be Vaccinated

Of 960 respondents who were willing to receive the third dose, 927 (96.6%) respondents chose the reasons for accepting the third dose. Of 102 respondents who were not willing to receive the third dose, 88 (86.3%) respondents chose the reasons for rejecting the third dose. The top two reasons for accepting the third dose were that the booster dose can prevent severe infections (69.6%) and enhance the effect of the first two doses (63.2%; Figure 1). The top two reasons for rejecting the third dose were a perceived low risk of infection (35.2%) and rapid mutation of SARS-CoV-2 (31.8%; Figure 2).


[image: Figure 1]
FIGURE 1. The main contributing factors for taking the third booster dose; responses from 960 participants who said they would accept the booster dose.
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FIGURE 2. Reasons for hesitancy in taking the third booster dose; responses from 102 participants who said they would refuse the booster dose.





DISCUSSION

Despite newly approved antiviral drugs, the role of vaccination remains crucial. However, the efficacy of vaccination diminishes over time. Cohn and their colleagues have demonstrated that the efficacy of the COVID-19 vaccine against infection declined from 87 to 48% from February to October 2021 (22). Protection levels against SARS-CoV-2 (including the Delta variant) infection or symptomatic infection decline over time (23–25). Therefore, policymakers have begun to consider using the third booster dose to improve protection.

Most surveys on COVID-19 have focused on the safety and immunogenicity of the third dose. Only a few studies have assessed the acceptance of the third booster dose. Suman and their colleagues have found that nearly two-thirds of respondents were concerned that vaccination may be ineffective against new strains of SARS-CoV-2 and that booster doses may be required. However, acceptance by vaccine-hesitant respondents of a hypothetical booster dose was only 14.3% (26). Another study has indicated that 84.5% of medical students were willing to receive the third dose of the COVID-19 vaccine (4). Those studies were aimed at HCWs and were conducted from August to October 2021. However, after those studies, an increasing number of studies have demonstrated the efficacy and safety of the third booster dose. Hence, what are the attitudes of the general population toward the booster dose? What are the influencing factors? Our study provided some answers to those questions.

In our study, 90.39% of participants declared that they would accept the booster dose. This acceptance rate was higher than that of the first two doses in our previous study (76.63%) (13) among HCWs in the USA (36%) (27), among the general adult population in Kuwait (53.1%) (28), among citizens of the Democratic Republic of Congo (55.9%) (29), and among the general population in some other low- and middle-income countries in Asia and Africa (55%−80%) (30). Studies have found major barriers concerning the safety and efficacy of the COVID-19 vaccine and the rapid mutation of SARS-CoV-2 (13, 31). However, the first two factors became the motivator for the third booster dose in the present study. Having a low perceived risk of COVID-19 was an important factor for vaccine hesitancy, an issue not addressed in previous studies except in one review, in which the author has drawn a similar conclusion by analyzing some phenomena among Muslims (32). This perception may occur because people felt that they had already benefited from the first two doses and surveillance and control measures had been taken by the government. Additionally, worrying about the rapid mutation of SARS-CoV-2 was one of the primary factors making people hesitant about taking the booster dose. We included anti-COVID-19 drugs as a factor in the options and 7.9% of participants chose it as a factor, most of whom concurrently chose the factor “worried about the efficacy and safety of vaccines.” This finding suggested that some people prefer to believe that drugs, rather than vaccination, can be used to treat COVID-19, which may be related to the safety and side effects of vaccines and the uncertainty of the efficacy of vaccines.

Our study indicated that people with a high perceived risk of being infected had twice the odds of vaccine acceptance compared with those without a perceived risk of being infected. This concern is not surprising given that vaccines remain the main protection method against COVID-19. This result is similar to the findings noted by Harapan and collaborators and Rajamoorthy and coworkers (33, 34). Another study has also found that a high perceived risk of COVID-19 was associated with the acceptance of the COVID-19 vaccine among HCWs in China (35). We found that ~40% of respondents did not worry about experiencing COVID-19. This observation may be, at least in part, due to the effective control of the COVID-19 epidemic in China. In China, everyone was required to wear a face-covering mask outdoors during the COVID-19 epidemic. Especially during the COVID-19 epidemic outbreak, people were forbidden to gather in a public places, such as karaoke, bars, or movie venues, workers were encouraged to hold online meetings, and frontline HCWs were asked to take PCR tests twice a week. Hence, effective protective measures are also extremely important besides vaccination.

Our study indicated that learning more about the COVID-19 vaccine might have contributed to people being more willing to take the vaccine compared with those who had known less about the vaccine. This finding is consistent with data from our previous study, suggesting that greater education efforts toward vaccination against COVID-19 should be considered to increase public understanding of vaccines. People who believed that the COVID-19 vaccine was effective had 7.949 times greater odds of accepting the third dose compared with those who believed that the COVID-19 vaccine was not effective. Harapan and colleagues have reported similar findings (33). We found that approximately 90% of respondents thought that the COVID-19 vaccine was efficacious, showing that the efficacy of the COVID-19 vaccine was accepted widely. Importantly, people who had completed the two-dose regimen were more likely to accept the third dose compared with those who had not completed the two-dose regimen, as also suggested by Sugawara et al. (4). Those data suggest that: (i) the first two doses are widely approved and (ii) if there is sufficient evidence to demonstrate the efficacy and safety of the COVID-19 vaccine, then people will be more willing to be vaccinated. Wheelock and their coworkers have studied the psychological factors underlying adult behavior toward the influenza vaccine. They have revealed that a better understanding of the psychological aspects of vaccination across contexts and vaccines is a priority (36). However, no studies have linked psychological factors to the acceptance of COVID-19 vaccination except in our previous study. In the present study, we included the questionnaire internationally recognized scales to assess mental health. We found that people with the lower GHQ-12 score were more likely to accept the third dose. This observation suggests that people who were willing to take the booster dose had better psychological health. However, the low mental health status may be related to many factors (e.g., illness, living conditions, and work pressure), which may affect vaccine acceptance.

Our study had two major strengths. First, it was the first study to evaluate the acceptance of the third booster dose among the general population in China. Second, we evaluated mental health to investigate if it influenced vaccine hesitancy.

Our study had two main limitations. First, we employed an electronic questionnaire to collect data (instead of a face-to-face interview), which resulted in uncontrolled conditions during questionnaire completion. Second, as we used a snowball sampling method, some individuals in this sample have still not been found and some individuals are probably omitted by a provider, leading to a biased sample. Third, the sample size was small, limiting the generalizability of our findings.



CONCLUSION

In China, about 1.2 billion people have completed the two-dose regimen. The safety and efficacy of the COVID-19 vaccines have been recognized. People's acceptance of the booster dose has also been improved. Our study findings make us optimistic about the COVID-19 vaccination. We believe that the COVID-19 vaccination campaign will progress smoothly and will eventually provide herd immunity against COVID-19.
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Background: Coronavirus disease 2019 (COVID-19) has significantly impacted healthcare, especially the nursing field. This study aims to explore the current status and hot topics of nursing-related research on COVID-19 using bibliometric analysis.

Methods: Between 2019 and 2022, publications regarding nursing and COVID-19 were retrieved from the Web of Science core collection. We conducted an advanced search using the following search query string: TS = (“Novel coronavirus 2019” or “Coronavirus disease 2019” or “COVID 19” or “2019-nCOV” or “SARS-CoV-2” or “coronavirus-2”) and TS = (“nursing” or “nurse” or “nursing-care” or “midwife”). Bibliometric parameters were extracted, and Microsoft Excel 2010 and VOSviewer were utilized to identify the largest contributors, including prolific authors, institutions, countries, and journals. VOSviewer and CiteSpace were used to analyze the knowledge network, collaborative maps, hotspots, and trends in this field.

Results: A total of 5,267 papers were published between 2020 and 2022. The findings are as follows: the USA, China, and the UK are the top three prolific countries; the University of Toronto, the Harvard Medical School, the Johns Hopkins University, and the Huazhong University of Science & Technology are the top four most productive institutions; Gravenstein, Stefan, and White, Elizabeth M. from Brown University (USA) are the most prolific authors; The International Journal of Environmental Research and Public Health is the most productive journal; “COVID-19,” “SARS-CoV-2,” “nurse,” “mental health,” “nursing home,” “nursing education,” “telemedicine,” “vaccine-related issues” are the central topics in the past 2 years.

Conclusion: Nursing-related research on COVID-19 has gained considerable attention worldwide. In 2020, the major hot topics included “SARS-CoV-2,” “knowledge,” “information teaching,” “mental health,” “psychological problems,” and “nursing home.” In 2021 and 2022, researchers were also interested in topics such as “nursing students,” “telemedicine,” and “vaccine-related issues,” which require further investigation.

Keywords: COVID-19, nursing, bibliometric analysis, hotspots, CiteSpace, VOSviewer


INTRODUCTION

In late 2019, the first Coronavirus disease 2019 (COVID-19) case was reported in Wuhan, China, which has eventually spread worldwide (1). On January 30, 2020, the World Health Organization declared the outbreak to be an international emergency (2). Facing this global challenge for humanity, healthcare workers are first on the front line. Nurses play a pivotal role in controlling, mitigating infection, and providing primary and intensive care (3) despite putting their own lives at risk while combating COVID-19 (4). In Italy and Spain, the percentage of healthcare workers infected by COVID-19 was 20% (5, 6). Nurses were at high risk of being infected by COVID-19 because they were in close contact with patients and were exposed to them for a long time. According to the International Council of Nurses, the death due to COVID-19 among health professionals accounts for 7% of the total deaths, much higher than the general population (7). Liu et al. reported that nurses had experienced tremendous stress because of the stigmatization, increased risk of infection and mortality, heavy workload, and lack of protective gear and staff, in addition to the challenges related to providing care for patients during the COVID-19 pandemic (8). Besides, Chew et al. reported that among healthcare workers caring for COVID-19 patients, 8.7% showed moderate to extremely severe anxiety, 5.3% showed moderate to very severe depression, and 2.2% showed moderate to extremely severe stress (9). In addition, due to the pandemic and lockdown, nursing students have faced additional challenges, such as economic uncertainty, concern about infection, and difficulties with online learning during the COVID-19 pandemic (10, 11). The outbreak of COVID-19 has further emphasized the importance of nursing discipline in public health. Numerous studies on nursing and COVID-19 have been published in the past 2.5 years. However, no study has comprehensively analyzed the profile of nursing-related research on COVID-19 and presented potential future research directions in this area.

Bibliometric analysis is a quantitative technique that applies bibliometric tools (e.g., CiteSpace, VOSviewer, Bibliometrix R, Pajek, and Gephi) to analyze the scientific knowledge network and evolution in a given field. It summarizes the publication trend, the highest citation articles, leading researchers, institutions, countries, journals, and cooperation. The technique also allows for the detection of valuable references and visualization of hot topics and potential research directions in a particular field (12). Thus, this study aims to elucidate the knowledge structure and the main topics in nursing research on COVID-19 through a bibliometric analysis. Several directions for future research based on the findings are also presented in this paper.



METHODS AND MATERIALS


Search Strategy

On March 24, 2022, an advanced search was conducted on WoSCC using the search query string, TS = (“Novel coronavirus 2019” or “Coronavirus disease 2019” or “COVID 19” or “2019-nCOV” or “SARS-CoV-2” or “coronavirus-2”) and TS = (“nursing” or “nurse” or “nursing-care” or “midwife”), to identify publications related to COVID-19 in nursing research. The document type was restricted to articles and reviews, and the language was limited to English. The database was searched and screened independently by Jing Liu and Qian Zhang. Discrepancies were resolved through discussions with the other two authors (SL and JC) until a consensus was reached.



Data Extraction and Analytical Methods

Bibliometric parameters were extracted (e.g., title, keywords, authors, institutions, countries or regions, journal, publication year, total citations (TC), citations per publication (CPP), and cited references) and exported to the Microsoft Excel 2010 (Redmond, Washington, USA) and VOSviewer (version 1.6.11, Leiden University, Leiden, Netherlands) to identify the largest contributors, including prolific authors, institutions, and countries. VOSviewer and CiteSpace (Version 5.8. R3) were used to illustrate the map and strength of the collaboration between authors, institutions, and countries to demonstrate their influence in nursing research on COVID-19. In addition, keyword bursts and reference bursts were used to capture the knowledge base in this field. Furthermore, the co-occurrence of author keywords in VOSviewer and keyword co-occurrence in CiteSpace were utilized to visualize the hot topics and demonstrate the potential research frontiers. In the map of VOSviewer and CiteSpace, the node size represents the number of publications, whereas the line indicates the links between them. The larger the node, the higher the number of publications, while the thicker the line, the stronger the cooperation between the two nodes (13).




RESULTS


General Data

The study design and analytic approach are presented in Figure 1. The initial search query returned 6,182 results. After restricting the type of literature (original research and review) and the English language, 5,267 articles were retrieved. The following parameters were also determined: 55,224 TC; 10.48 CPP; 85 H-index. In total, 29,190 authors, 7,926 institutions, 134 countries/territories, and 1,144 journals were involved in these publications. As shown in Figure 2, the number of publications has increased from 1,096 in 2020 to 3,092 in 2021; a total of 1,079 publications were recorded in the first six months of 2022. Original articles constitute 92.8% of retrieved publications, while the remaining 7.2% are review articles.


[image: Figure 1]
FIGURE 1. Flow chart of data screening and bibliometric analysis.
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FIGURE 2. Distribution of publications by year (A) and type (B).




Top Contributing Authors

Table 1 presents the top contributing authors in nursing-related research on COVID-19. Gravenstein, S and White, EM from Brown University (USA) were identified as the most prolific author with 15 publications. They are followed by Labrague, LJ (Sultan Qaboos University, Oman), Feifer, RA (Genesis Health Care, USA), and Mor, V (Brown University, Australia) with 12 publications. However, the author with the highest citations was identified as Liu, ZC from Wuhan University, China (3,934 TC and 393.4 CPP), followed by Wang, Y from Wuhan University, China (3,500 TC and 350 CPP) and Cai, ZX from Wuhan University, China (3,472 TC and 496 CPP). The author's cooperation network was analyzed by VOSviewer and CiteSpace. As shown in Figure 3A, 45 authors with more than seven publications were identified by VOSviewer. Similarly, these authors were also identified by CiteSpace, as shown in Figure 3B, which also displayed their respective active periods. Reddy, SC, Jernigan, JA, Liu, ZC, and Wang, Y were active in 2020, while Gravenstein, S, White, EM, Feifer, RA, and Xiang, YT were active in 2021; Gravenstein, S, Gifford, D, and Mcconeghy, K were active in 2022. Six scholar groups with numerous collaborations were determined, and more collaborations occurred within the group comprised Jernigan, JA and Reddy, SC, and within the group comprised Gravenstein, S and White, EM.


Table 1. Top 15 most prolific authors.

[image: Table 1]


[image: Figure 3]
FIGURE 3. The cooperation network between the most productive authors based on VOSviewer (A) and CiteSpace (B). Node size indicates the number of publications. The width of links refers to the cooperation strength.




Top Contributing Institutions

Table 2 lists the most prolific institutions identified in this study. The top 10 contributing institutions have published 11.6% of articles in this field. The University of Toronto (Canada) ranks first with 76 publications, followed by the Harvard Medical School (USA) with 75 publications, the Johns Hopkins University (USA) with 67 publications, and the Huazhong University of Science & Technology (China) with 61 publications. In terms of the number of citations, the Wuhan University (China) ranks first with 7,233 TC, followed by the University of Washington (USA) with 2,471 TC, and the Center for Disease Control & Prevention (USA) with 2,050 TC. The institution's cooperative network was visualized by VOSviewer and CiteSpace. As shown in Figure 4A, 35 institutions with at least 30 publications were identified by VOSviewer, and Figure 4B presents the time evolution of these institutions. Institutions in China were active in 2020 and 2021 but less active in 2022 (e.g., Huazhong University of Science & Technology, Wuhan University, and Central South University); Institutions in North America, European, and Australia were active in 2021 and especially, 2022. The results demonstrate that inter-institutional cooperation exhibits a typical regional character and primarily occurs in the same country.


Table 2. Top 10 prolific institutions.
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FIGURE 4. The cooperation network between institutions based on VOSviewer (A) and CiteSpace (B). Node size indicates the number of publications. The link size refers to the cooperation Intensity.




Top Contributing Countries

Figure 5 displays the top productive countries and their respective collaboration. The study found the USA as the most productive country with 1,682 publications (31.9% of the total) and 16,666 TC, followed by China (613 publications, 15,268 TC) and the UK (482 publications and 7,931 TC) (Figure 5A). In terms of CPP, the USA ranks sixth (n = 9.9), lower than China (n = 24.9), Canada (n = 17.4), the UK (n = 16.9), Italy (14.6), and Germany (10.5). Analysis of the co-authorship-country by VOSviewer revealed the cooperation between countries. With at least 50 publications, a total of 28 countries were selected for the visualization, of which the USA, China, the UK, Italy, Spain, and Australia are represented by the most prominent nodes with relatively thicker links, signifying their closer collaboration and academic influence in this area (Figure 5B).


[image: Figure 5]
FIGURE 5. (A) Top 10 prolific countries, the number of publications, total citations (× 0.1), and citations per publication (× 50) for each country. (B) Collaboration among countries. Node size indicates the number of articles. The width of links indicates the cooperation strength.




Top Contributing and Co-cited Journals

Table 3 lists the top 10 active journals publishing articles related to nursing research on COVID-19, which are ranked either Q1 or Q2 by JCR. At the top of the list is the International Journal of Environmental Research and Public Health (n = 285), followed by BMJ Open (n = 118) and the Journal of Nursing Management (n = 97). However, the Journal of Nursing Management has recorded the highest CPP (n = 12.2), followed by the Journal of the American Medical Directors Association (n = 11.2) and the Frontiers in Psychiatry (n = 10.4). In terms of co-citation, the New England Journal of Medicine ranks first (n = 2,883), followed by the Lancet (n = 2,833) and JAMA—Journal of the American Medical Association (n = 2,754).


Table 3. The top 10 prolific journals and co-cited journals.
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Top Cited Articles

Table 4 lists the top 10 most cited publications. Of which, five papers discuss the mental health of healthcare workers; three papers report the transmission of SARS-CoV-2 in nursing facilities and long-term care facilities; one article provides the guideline for COVID-19; one article explores the outcomes of COVID-19 patients 6 months after being discharged from the hospital. Lai, J et al. published an article with the highest citation count (2,828 TC) in JAMA Network Open. In this article, the authors investigated the psychological problems and associated risk factors among 1,257 healthcare workers who treat patients suspected or confirmed for COVID-19 in 39 hospitals in China (14). The second most cited article (2,049 TC) was produced by Jin et al. in Military Medical Research. The authors provide a guideline for researchers and policy makers based on their successful experience in treating severe COVID-19 cases (15). Pappa et al. produced a review article, which gained the third-highest citation count (1,195 TC) and was accepted by Brain Behavior and Immunity. The authors meta-analyzed 33,062 participants in 13 studies; they found that among healthcare workers working on the front line, 23.2% suffered from anxiety, 22.8% suffered from depression, and 38.9% suffered from insomnia. The article also reports that females and nurses are at a 5–10% higher risk of suffering these symptoms than males and other medical personnel (16).


Table 4. Top 10 cited articles.
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Analysis of Co-citation References

To discover the evolution of scientific paradigms in nursing research on COVID-19, we conducted a co-citation analysis using CiteSpace. As shown in Figure 6A, articles with at least 100 citations are displayed in the network. Articles published in 2020 were centered around the topics, namely “SARS-CoV-2,” “knowledge,” “information teaching,” “burnout,” “depression,” and “anxiety.” Topics, namely “nursing student” and “vaccine-related issues,” make up the largest discussion in articles published in 2021, representing the major concern at that time. In addition, a citation burst was used to identify significant reference contributing to this field's knowledge. The top 25 publications with the highest citation burst were identified by CiteSpace (Figure 6B). Huang, C et al. published the article with the highest citation bursts (n = 39.94) in the Lancet on January 4, 2020. In this article, the authors introduced the epidemiological, clinical, laboratory, and radiological characteristics of COVID-19 and summarized the treatment and clinical outcomes of 41 cases with SARS-CoV-2 infection in Wuhan, China (17). Wang, D et al. published the article with the second-highest citation bursts (n = 22.84) in JAMA on February 7, 2020, reporting their findings regarding the features of 138 patients with COVID-19 in Wuhan, China. The article highlights that 41% of patients infected with COVID-19 within the hospital and 26% of patients require intensive care (18). The article with the third-highest citation bursts was published by Bai, Y et al., which reports on five patients in a familial cohort in Anyang (China) who were infected with COVID-19 through contact with asymptomatic carriers (negative chest CT imaging and positive nasopharyngeal swabs). The article emphasizes the potential challenge in preventing COVID-19 infection associated with the asymptomatic carriers (19).


[image: Figure 6]
FIGURE 6. (A) Reference co-citation network clustered by CiteSpace. The nodes and links are distinguished by colors, in which dark color refers to an earlier co-citation relationship. References with at least 100 citations are displayed in the network in nodes named by the first author (publication year). The size of the node is positively associated with the citation number. The red writing reports the name of the cluster auto-identified by the Citespace LLR algorithm. (B) Top 25 references with the strongest bursts. The red bar indicates the burst duration. The burst strength suggests the importance of this article to the research field.




Analysis of Keywords

To present major themes and potential research trends in this field, we conducted a keyword co-occurrence analysis using VOSviewer and CiteSpace. In addition, we used a thesaurus (Supplementary Table S1) to merge these keywords with similar meanings. For example, coronavirus-2 was replaced by SARS-CoV-2 and Coronavirus disease 2019 was replaced by COVID-19. A total of 8,031 author keywords were identified by VOSviewer. The co-occurrence network was only visualized for the keywords that occurred more than 30 times. Finally, 63 keywords were classified into six clusters with different colors (Figure 7A). The top 10 keywords with highest number of occurrences are “COVID-19” (n = 3,172), “SARS-CoV-2” (n = 640), “health care worker” (n = 595), “pandemic” (n = 531), “nurse” (n = 487), “nursing” (n = 323), “mental health” (n = 323), “nursing home” (n = 310), “anxiety” (n = 291), and “depression” (n = 236).” Furthermore, to decipher potential research directions in this field, we used a timeline view of keyword co-occurrence analysis in VOSviewer and Citespace. As displayed in Figures 7B,C, keywords are colored according to their average publication years. Dark colors (e.g., blue and dark blue) indicate popular keywords in the early stages, namely “nursing,” “nurse,” “burnout,” “PTSD,” “fear,” “coping,” “intensive care unit,” “critical care,” “personal protective equipment,” “nursing home,” “older people,” “long-term care,” “vaccine,” “vaccination,” “telemedicine,” “telehealth.” Light colors (e.g., yellow-green and yellow) represent the recent popular keywords, namely “occupational health,” “stress,” “depression,” “anxiety,” “nursing student,” “nursing education,” “public health,” “public policy,” “infection control,” and “vaccine hesitancy”. The burst module in CiteSpace allows for identifying keywords frequently used during a particular period (20). The top 10 keywords with the strongest citation bursts are displayed in Figure 7D, which shows that “personal protective equipment” is the keyword with the highest burst strength (n = 4.12), followed by “asymptomatic carriers” (n = 2.65) and “public policy” (n = 2.31).
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FIGURE 7. Analysis of author keywords. (A) The co-occurrence networks of keywords are visualized by VOSviewer. Large nodes represented keywords with high frequency; the same color indicates closer relationships; (B) chronological overview of the co-occurrence network of author keywords. Dark blue refers to an earlier appearance, and yellow refers to the latest appearance. (C) Keywords clusters named by the CiteSpace LLR algorithm from 2020 to 2022. (D) Top 10 keywords with the strongest citation bursts. The red bar indicates the burst duration. The burst strength refers to the importance of the keyword to the research field.





DISCUSSION

The global outbreak of COVID-19 has been considered a severe risk for healthcare providers, especially nurses (21). As a result, numerous articles related to the issue were published during the COVID-19 pandemic, which is evident in the sharp rise in its growth rate. The number of papers published in 2021 was nearly 3-fold that in 2020, and by the first 6 months of 2022, 1,079 articles were published. In-vivo and in-vitro studies show that with the new variants emerging (Delta and Omicron), the pathogenicity of SARS-CoV-2 has become milder than that of the ancestral strain (22, 23). Several countries have no longer implemented strict health policies to prevent and control COVID-19. For example, British Prime Minister Boris Johnson announced that from February 24, all COVID-19 prevention and control measures in Britain would be suspended and launched the “Living with COVID-19” program. Nonetheless, the COVID-19 pandemic may have a lasting impact on society, science, and education. Thus, it is expected that there will be more publications describing the impact of COVID-19 on the nursing field.


Author Analysis

Gravenstein, S and White, EM from Brown University (USA) were identified as the most prolific author (n = 15 publications) in this study. In terms of TC and CPP, Liu, ZC (3,934 TC and 393.4 CPP) and Wang, Y (3,500 TC and 350 CPP) from Wuhan University (China) rank first and second, respectively. This finding shows that by referring to the works of these authors, new researchers can gain an idea about designing impactful research and grasp hot topics in the field. For example, in 2020, Gravenstein, S and White, EM mainly focused on the characteristics of COVID-19 transmission in nursing homes and skilled nursing facilities (24, 25), and in 2021 and 2022, the focus shifted to the risk factors (26), treatment (27), and the effect of vaccination on health workers and residents in a nursing home (28, 29). The majority of articles (8/10) by Liu, ZC and Wang, Y were published in 2020, focusing on the impact of COVID-19 on the mental health and psychological state of healthcare workers (14, 30, 31).



Country and Institution Analysis

A total of 134 countries/regions are involved in nursing-related research on COVID-19, indicating that this field has gained considerable attention from researchers worldwide. In the list of the top 10 most productive countries, eight belong to developed countries and two (China and Turkey) belong to developing countries. Developed countries have higher GDP per capita than developing countries, and people living in developed countries typically emphasize their health and wellness. Furthermore, developed countries may invest more resources in defending against and investigating COVID-19. China, Iran, and India are the developing countries in Asia with large populations. Despite mobilization and allocation of resources to respond to the COVID-19 emergency, the high transmission rate of SARS-CoV-2, the large population base, the aging trend, and relatively scarce medical resources in these developing countries make combating COVID-19 a challenging task. Therefore, this study suggests that more nursing research related to COVID-19 should be conducted in these countries. Besides, among the most prolific authors and institutions, most came from the USA (8/15 authors and 5/10 institutions) and China (5/15 authors and 2/10 institutions). A previous study shows that the USA produced the most nursing-related funded publications from 2008 to 2018 (32). Therefore, it is deduced that the USA has dedicated a relatively huge sum of money, manpower, and material resources to nursing research during the COVID-19 pandemic. In addition, the USA also dominates nursing student education research (33) and Geriatric nursing research (34). However, most authors with the highest citation count came from China, and highly cited institutions are in China, followed by the UK and the USA. This can be explained by the fact that citations accumulate over time. Since the first case of COVID-19 was first reported at the end of 2019 in Wuhan, China, the country has received considerable attention worldwide, and articles published regarding the pandemic have gained a higher number of citations than that of other countries. Undoubtedly, researchers in China have offered an invaluable experience to worldwide readers in treating and fighting against the COVID-19 pandemic. In 2020, China declared the lockdown policy in Wuhan and managed to control the COVID-19 outbreak within 3 months, while many countries across Europe and the Americas struggled to contain the infection. This partly explains the increasing number of active authors and institutions besides those in China in 2021 and 2022. However, in 2022, the Omicron ripped off the “Zero policy” launched in China, and the third wave of COVID-19 hit many cities across the country. Nevertheless, there is a possibility that research in China will continue to be active again from 2022 onward.



Journal Analysis

The top 10 prolific journals identified in this study are all ranked in higher quartiles in the category (Q1/Q2), according to the 2020 journal citation report (JCR). Besides the number of publications, CPP was also used to assess the quality of a journal. Among the top 10 prolific journals, only the Journal of Nursing Management (n = 12.2) and the Journal of the American Medical Directors Association (n = 11.2) have surpassed the average CPP of all publications (n = 10.48), while the remaining journals have gained fewer citations in this field. Thus, we list the top 10 co-cited journals, representing the most classical and influential journals in this field, such as the New England Journal of Medicine and the Lancet. The understanding of prolific journals could assist researchers in choosing the publisher for article submissions and grasping new topics. Also, publication in co-citation journals could add knowledge to the literature for future works (13).



Hotspots and Research Trends

It is impossible to conduct a scientific investigation without acquiring prior knowledge. An analysis of keywords and references can provide maps of the knowledge and how it is interrelated (35, 36). In this study, using VOSviewer and CiteSpace, the knowledge structure of nursing-related research on COVID-19 is presented from the perspective of major keywords and classical references. The results demonstrate a gradual change in the topics investigated in this particular field. For example, in 2020, articles were centered on “SARS-CoV-2,” “knowledge,” “information teaching,” “mental health,” and “psychological problems,” while in 2021, the topics changed to “nursing student” and “vaccine-related issues”. The following section extends the keyword and citation analysis through cluster creation and briefly discusses it.

Cluster 1 represents mental health (green in Figure 7A). The primary keywords are “health care worker,” “nurse,” “mental health,” “anxiety,” “depression,” “stress,” and “burnout”. Nurses are a risk group for burnout syndrome because of the heavy caregiving responsibilities and the type of patients they care for (37). At the beginning of the COVID-19 pandemic, researchers focused on mental health problems in healthcare workers (Figure 6A). For example, the top two most-cited authors (Liu, ZC and Wang, Y) have focused on the impact of COVID-19 and associated factors on the mental health of healthcare workers in Wuhan, China. They reported that the intense work exhausts the healthcare workers working on the front line, physically and emotionally (8). The diagnosis of the healthcare providers can be broken down into 30% with insomnia symptoms, 40% with anxiety, 50% with depression, and 70% with distress (14, 30). Also, they emphasize that psychological assistance services (e.g., counseling, psychotherapy, mental health books, and tips on mental health self-help coping methods) are important for alleviating mental health disturbances (31). In addition, many scholars have compared the mental health problems between doctors and nurses. Shechter et al. (38) reported a higher rate of nurses experiencing COVID-19-related psychological distress (e.g., acute distress, anxiety, depression, and insomnia) than attending physicians in New York. Also, Giusti et al. (39) reported data from northern Italy, which informs the risks for emotional exhaustion and depersonalization during the COVID-19 pandemic were females working as a nurse in an emergency department or intensive care unit and in contacting COVID-19 patients. Hamularet et al. (40) reported that the higher prevalence of anxiety and level of hopelessness is higher in nurses than in other healthcare workers in Turkey. The reasons include fear of infection, lack of rest, inability to care for their children, emotion regulation difficulties, regret over the limitations of the visitation policy, and inability to provide adequate hospice care (41). Besides, the mental health of nursing students has also raised concerns among researchers. Savitsky et al. (11) analyzed the level of anxiety and associated factors of a cohort that involved 244 nursing students in Israel. They found that economic uncertainty, concern about infection, and difficulties in online learning are the key factors contributing to higher anxiety scores. Similarly, Gallego-Gomez et al. (42) reported that the homebound nursing students in Murcia (Spain) have a significantly high level of stress because of the 40-day lockdown, financial issues, family or emotional problems, less physical exercise, and failure to pass an online exam. Although most studies have focused on the adverse mental health effects of COVID-19, a few studies have investigated the factors that may mitigate these problems. Examples of mitigations include clear communication of commands and precautionary measures from organizations or employers and support, including provisions, adequate insurance, compensation, counseling, and psychological support (43). In addition, knowledge of control and coping strategy (42), relatively long work experience (more than 5 years), physical exercise (44), and social support (45) could also help decrease the level of psychological stress. Shechter et al. (38) conducted a web-based cross-sectional survey that involved 657 healthcare workers. They found that health workers have most frequently engaged in physical activity/exercise, followed by talk therapy to minimize the negative effects on mental health. However, the most effective method may be by providing nurses with adequate support, such as personal protective equipment, which should be the responsibility of the employers.

Cluster 2 represents nursing homes or long-term care (blue in Figure 7A). The primary keywords are “nursing home,” “older people,” “long-term care,” “mortality,” and “dementia.” Older people, especially those who live in nursing homes or long-term care facilities, are particularly at risk of contracting COVID-19 (26, 46). Grabowski et al. (47) reported that as of April 2020, nursing home residents and workers have contributed to about one-quarter of the recorded deaths caused by COVID-19 in the USA. Also, other countries such as the UK (48), Spain (49), and Canada (50) reported that residents of nursing homes have a higher rate of mortality. Some scholars have summarized the reasons that COVID-19 is more deadly to nursing home residents (51), which include the combination of the vulnerable elderly population, staffing shortages, inadequate resources, and a lack of effective treatments for COVID-19 patients (52). In addition, unlike community-dwelling older adults, nursing home residents could not obtain adequate social support and physical contact from their family, friends, and acquaintances during the mandatory lockdown and social isolation (53). Notably, the prevalence of dementia is higher in nursing home residents (47.8%) than the older adults living in the community (33%) (51). Older people with cognitive impairment rely almost exclusively on nursing home facilities to provide for their physical and psychological needs. Unfortunately, due to insufficient financial support, older adults with dementia have difficulty accessing high-quality psychological and emotional support from nursing homes, particularly those with low-quality ratings (54, 55). Thus, several scholars (56) have pointed out that the tragedy regarding nursing homes during COVID-19 resulted from decades of neglect of long-term care policy. This neglection takes several forms: lack of funding and monitoring institutions; insufficient training and underpaid staff; Medicare and Medicaid confusion and inadequacy in patient's home care, post-acute care, and long-time care; lack of small-scale, high-quality models that combine family care and long-term care in nursing homes. To address the crisis in nursing homes, the researchers have called for the consolidation of funding, policies, and new models that comprise institutional and non-institutional care (47, 56).

Cluster 3 represents nursing education (yellow in Figure 7A). The primary keywords are “nursing student,” “nursing education,” and “student”. COVID-19 has disrupted nursing students' education and clinical training. Nursing students could not undergo face-to-face clinical training due to inadequate equipment supplies, social isolation, and redeployment of clinical faculty members during the pandemic (57). However, studies have shown that online learning or virtual learning could be an effective substitute. Girao and her colleagues (58) developed a virtual reality game to train nursing students on how to prepare and administer medications; Weston et al. (59) developed a virtual clinical practice for pediatric nursing students; Luke et al. conducted a virtual exam for nursing students (60). Some studies have demonstrated the positive aspects of virtual learning: Herbert et al. (61) found their augmented reality app for remote training for heart failure could encourage nursing students to be more engaged in their learning process; Shamsaee et al. (62) reported that virtual education has significantly improved information-searching skills of nursing students. Luke et al. also reported that most nursing students and teaching staff have endorsed the interactive virtual clinical examination and considered it an effective alternative for training history-taking skills, communication, clinical decision-making, and patient management (60). However, researchers also expressed their concerns. Fitzgerald et al. (63) reported that in the first month after the COVID-19 outbreak, 90% of nursing students taking online courses experienced difficulty in concentrating, and 84% felt anxious or overwhelmed; Dutta et al. (64) revealed that 65% of Indian nursing students were dissatisfied with online study due to difficulty in interaction and focusing and lack of practical learning. Furthermore, virtual learning is also faced with challenges such as internet accessibility, difficulties with web conferences, inexperienced teachers, and a lack of motivation for students to learn online (65). Leighton et al. (66) compared the performance scores of 113 nursing students undergoing screen-based simulation learning, face-to-face simulation learning, and traditional clinical teaching. The study found that most traditional clinical teaching students scored higher than those undergoing screen-based simulation learning. The finding demonstrates the nature of nursing education as an applied discipline, which may not be teachable solely via a virtual learning model (67). Therefore, as virtual learning becomes more popular in nursing education, researchers should address the following issues in the future: (1) the need for teachers to pay attention to the mental health needs of nursing students; (2) the continuous improvement in online teaching competencies and experience, and conscious effort to encourage student–student, teacher–student, and student–computer interactions; (3) enhancement in the sense of immersion for better interactions, such as network synchronization, visual and haptic feedback, etc.; (4) combination of face-to-face and virtual learning during the COVID-19 pandemic and in future teaching activities.

Cluster 4 represents telemedicine (light blue in Figure 7A). The primary keywords are “telemedicine,” “telehealth,” and “primary care”. Before COVID-19, doctors and nurses already used telehealth tools (e.g., smartphones and related applications) in their daily work (68). However, the outbreak of COVID-19 has created a significant demand for telemedicine services, which provide continuity of primary care during social isolation, especially in chronic diseases (69) and cancer care (70). Sheba Medical Center rapidly shifted outpatient clinics to video consultations after the outbreak of COVID-19 in Israel (71). Gilkey et al. (72) reported that 89% of primary care providers in the USA used telehealth for their adolescent patients during COVID-19. There is evidence that care delivered via telemedicine is both safe and effective. For example, cancer patients have reported positive experiences with telemedicine, finding it convenient and acceptable for monitoring compliance and side effects of oral oncology treatments (73). Moreover, smartphones and applications allow doctors and nurses to repeatedly assess the adherence and symptoms of patients in real-time, thus improving the care of patients (74). However, despite the growing acceptance of “nursing telepractice,” challenges must be addressed. Barkai et al. (71) reported the results of a survey on satisfaction toward telemedicine during COVID-19, involving a cohort of 540 patients and 212 health workers. The study shows that 89.8% of patients have expressed satisfaction in contrast to only 37.7% of health workers who reported a high level of satisfaction. The study also reveals that 21% of patients and 80% of health workers have reported technical problems, and only 68% of health workers were willing to continue using telemedicine after the pandemic. Powell et al. (75) summarized the pitfalls of telemedicine during COVID-19 and provided future steps to improve the clinical application and convenience of telehealth services, which are as follows: (1) what kind of consultation is best suited for a particular category of a patient?; (2) how can telemedicine be made easier to be used and customized?; (3) how can the benefits of telehealth be maximized for doctors and nurses and support their use of telehealth in future?; (4) what skills should nurses acquire to provide better telehealth services?

Cluster 5 represents vaccine and infection control (yellow and purple in Figure 7A). The primary keywords are “vaccination,” “vaccine,” “vaccine hesitancy,” “public health,” and “infection control”. Vaccination-related issues have received increasing attention from researchers and the public (76). People in different countries have expressed their vaccine hesitancy due to the fear of side effects and lack of confidence in the effectiveness of the vaccine (77). Healthcare workers are standing on the frontline against COVID-19, and vaccination is one of the key measures to protect them (78). Thus, scholars have investigated the intention to acquire vaccination among nurses and health workers. For example, Trabucco et al. (79) conducted an online survey to predict the level of acceptance toward the upcoming COVID-19 vaccine in Italy. They found that 91.5% (486/531) of nurses were willing to accept the vaccine, whereas 2.3% were against the vaccination program. In Cyprus, Fakonti et al. (80) reported that 70% (306/4377) of nurses and midwives did not intend to receive the COVID-19 vaccine, while Sun et al. (81) reported that 25% of nurses refused to accept the vaccine in China. Although the vaccine acceptance rates in different countries or regions are different, most cited reasons revolve around the fear of side effects, having no knowledge of the type of vaccine, distrust in the vaccine's effectiveness, female, and concerns over rapid mutation in the virus (82). In particular, the rapid mutation in the virus has raised concerns regarding the possibility of population-wide vaccination to contain COVID-19. However, vaccination is believed to be the best method to reduce COVID-19-related mortality at present (83). Notably, nurses should assume the role of a trustworthy and credible source of vaccine-related information to build public confidence in vaccination programs. Thus, policymakers should mitigate the COVID-19 vaccine-related side effects and build public confidence in vaccination programs to enhance the vaccination rate and control the spread of infection.



Limitations

There are several limitations identified in this study. First, to comply with the data format for bibliometric tools in both VOSviewer and CiteSpace, the nursing-related research on COVID-19 was collected from a single database (WOSCC), which might have resulted in selection bias. There are other data sources, such as PubMed or Scopus, but most are only compatible with either one of the bibliometric tools, frequently the VOSviewer. Therefore, we opted for using two bibliometric tools (CiteSpace and VOSviewer) to reduce selection bias and eliminate the inconvenience of integrating duplicate literature from multiple databases. Second, this study used only the number of publications, TC, and CPP as indicators for the quality of a paper, author, or institution. Other metrics (e.g., H-index, Impact Factor, CiteScore) are also accepted by researchers (84). Third, this study might be limited by language bias because only articles published in English were included. Future research should incorporate publications in other languages to obtain comprehensive results. Last, as of this writing, this study only included articles published up to the first 6 months of 2022, and thus, further updates in WoSCC may change the ranking of authors, institutions, etc., presented in this study. However, we believe that the low citation frequency of newly published articles produces little impact on our main findings.




CONCLUSION

This bibliographic analysis provides an overview of nursing-related research on COVID-19. During the COVID-19 pandemic, topics such as “mental health,” “telemedicine,” “nursing education,” “nursing home,” and “vaccine-related issues” have attracted considerable attention. Further work should emphasize the following initiatives: (1) providing nurses with adequate support to reduce psychological stress, especially from employers or organizations; (2) increasing investments to change long-term care policies in nursing homes: (3) combining face-to-face teaching and virtual learning in nursing education; (4) improving clinical and administrative applications of telemedicine services; (5) reducing the COVID-19 vaccine-related side effects and building up public confidence in vaccination programs.
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Coronavirus disease 2019 (COVID-19) caused by coronavirus-2 (SARS-CoV-2) infection has rapidly spread throughout the world and become a major threat to human beings. Cytokine storm is a major cause of death in severe patients. Abatacept can suppress cytokines used as antirheumatic drugs in clinical applications. This study analyzed the molecular mechanisms of abatacept treatment for COVID-19. Differentially expressed genes (DEGs) were identified by analyzing expression profiling of abatacept treatment for rheumatoid arthritis (RA) patients and SARS-CoV-2 infection patients. We found that 59 DEGs were upregulated in COVID-19 patients and downregulated following abatacept treatment. Gene set enrichment analysis (GSEA) and Gene Ontology (GO) analysis showed that immune and inflammatory responses were potential regulatory mechanisms. Moreover, we verified 8 targeting genes and identified 15 potential drug candidates for the treatment of COVID-19. Our study illustrated that abatacept could be a promising property for preventing severe COVID-19, and we predicted alternative potential drugs for the treatment of SARS-CoV-2 infection.
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Introduction

Coronavirus disease 2019 (COVID-19) is an infectious and global pandemic disease caused by coronavirus-2 (SARS-CoV-2) (1). The clinical symptoms were characteristically severe acute respiratory syndrome and hyperinflammatory immune response (2). T-cell immune responses are at the forefront of eliciting potent antiviral responses (3). Uncontrolled viral infection in advanced diseases resulting from insufficient T-cell responses may lead to systemic inflammation and severe lung damage (4, 5). Clinical manifestation is represented by an immune defense-based protective phase first and is characterized by broad inflammation subsequently, which may lead to multiple organ failure (MOF) in severe patients (6). The drastic cytokine storm in severe patients is one of the causes leading to death (7). The widespread use of biological therapies in rheumatoid arthritis has shown a rapid resolution. There was evidence that the combination of anti-cytokine agents and systemic corticosteroid therapy had lower mortality rates (8). While there are no effective drugs for COVID-19 presently, the current treatment option for severe patients is symptomatic supportive therapy.

Many rheumatoid drugs have shown potential for the treatment of COVID-19 based on their pharmacological properties. Abatacept, a T-cell selective co-stimulation modulator specifically binding to CD80 and CD86, was approved for use in rheumatoid arthritis (RA) with good efficacy in clinical application. Abatacept modulates T-cell activation and prevents the production of cytokines and downstream immune responses in RA (9–11). Therefore, neutralizing inflammatory factors in cytokine release syndrome (CRS) based on the pathophysiology of rheumatic diseases will be of great value in preventing disease progression in severe COVID-19 patients (12). Steroid hormone is widely used in COVID-19 treatment, but its side effects are also obvious, such as femoral head necrosis. Drug repurposing is a strategy for identifying new indications for approval. Evidence has been provided for abatacept as a candidate therapeutic approach to prevent severe COVID-19 (13). However, the mechanism of abatacept acting on COVID-19 remains unclear. Meanwhile, foreknowledge of the similar drug-target network providing alternative treatment strategies for COVID-19 patients is still challenging.

In this study, we conducted a bioinformatics analysis to explore the role of abatacept in the treatment of COVID-19 and provide more alternative anti-COVID-19 therapeutic drugs of similar pharmacological effects in the absence of sophisticated drugs for COVID-19. We also performed gene set enrichment analysis (GSEA), Gene Ontology (GO) analysis, and miRNA-mRNA network construction to reveal potential molecular mechanisms of abatacept preventing excessive inflammation and MOF. We also identified 8 abatacept targeting genes in the COVID-19 treatment. Finally, we identified the top 15 drug candidates combined with 8 targeting genes, offering a therapeutic strategy for severe COVID-19.



Materials and methods


Data acquisition

The RNA-seq data (GSE151161, GSE152418, and GSE157103) were downloaded from the Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/) database. The GSE151161 dataset consists of 76 whole blood samples from 38 RA patients before and post abatacept treatment. The GSE152418 dataset included 34 peripheral blood mononuclear cell (PBMC) samples from 17 COVID-19 patients and 17 normal controls, which were used for analysis. The GSE157103 dataset involved 126 whole blood leukocytes from 100 COVID-19 patients and 26 normal controls, which were used for validation (Table 1).


TABLE 1 Information for selected microarray datasets.
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Identification of differentially expressed genes

We used R (version 3.6.3) package “DESeq2” (version 1.28.1) to determine differentially expressed genes (DEGs) (14). Threshold values were considered as follows: Padj < 0.05, | log2FoldChange (logFC)| > 1. A Venn diagram was used to identify common DEGs between GSE151161 and GSE152418. The ggplot2 R package (version 3.3.3) was used to graph the Venn diagram and Volcano plot.



Gene set enrichment analysis

Gene set enrichment analysis, GSEA (http://software.broadinstitute.org/gsea/msigdb/index.jsp), was performed using the R package clusterProfiler (3.14.3) for identifying potential hallmarks of abatacept treatment whole blood and reactomes of SARS-CoV-2-infected PBMC (15). The adjusted P-value (< 0.05), FDR q value (< 0.25), and normalized enrichment score (|NES| > 1) were used to classify enrichment differences of function in each phenotype.



Enrichment analysis of DEGs

Gene Ontology analysis of DEGs (biological processes, cellular components, and molecular functions) was performed using the R software (version 3.6.3) and the R package clusterProfiler (version 3.14.3). R package org.Hs.eg.db (version 3.10.0) was used for ID conversion. GO for the immune system process was analyzed using the CluGO (version 2.5.7) (16) apps of Cytoscape Software (version 3.8) (17). Padj < 0.05 was considered as the threshold. The top 15 GO terms with the smallest Padj value were presented.



Identification of hub genes

The protein–protein interaction (PPI) network of DEGs was established using the STRING (https://cn.string-db.org/) online tool (score > 0.15) (18). The Cytoscape software was used to visualize the PPI network and identify hub genes (top 14). The GeneMANIA database (http://genemania.org/) was used to predict potential genes interacting with hub genes and analyze their functions (19).



Differential protein and mRNA expression of hub genes in multiple tissues

We further explore the RNA and protein expression of 8 hub genes in multiple tissues in the Human Protein Atlas (HPA) database (https://www.proteinatlas.org/) (20). The RNA expression data were in transcripts per kilobase of exon model per million mapped reads (TPM) format from the Consensus dataset.



Single-cell mRNA expression of hub genes in lung

In the HPA database, we explored the single-cell RNA expression of 8 hub genes in lung tissues. The cell types included macrophages, alveolar cells type 2, T cells, granulocytes, fibroblasts, club cells, respiratory ciliated cells, endothelial cells, and alveolar cells type 1.



Differential mRNA expression of hub genes in multiple immune cells

In the HPA database, the RNA expression of 8 hub genes in 19 immune cell subtypes was explored. The RNA expression data were in TPM format from the HPA dataset. The 19 types of immune cells consisted of plasmacytoid dendritic cell (DC), myeloid DC, memory CD8 T cell, natural killer (NK) cell, total PBMC, basophil, eosinophil, neutrophil, classical monocyte, non-classical monocyte, intermediate monocyte, regulatory T cell, gd T cell, mucosal-associated invariant T (MAIT) cell, memory CD4 T cell, naïve CD4 T cell, naive CD8 T cell, memory B cell, and naive B cell.



Prediction of the miRNA-mRNA interaction

The NetworkAnalyst database (https://www.networkanalyst.ca/) was used to predict target miRNAs of hub genes (21). In addition, the R ggalluvial package (version 0.12.3) was used to construct the mRNA-miRNA co-expressed interaction networks based on the interaction information.



Relationship between hub gene and immunocyte-related gene expression

The Spearman's rank correlation coefficient was used to analyze the relationship between the expression of hub genes and immunocyte-related genes, including CD3, CD4, CD8, CD19, CD20, CD27, CD28, CD56, CD11b, CD66b, CCL4, and CCL5. R (version 3.6.3) was used for analysis and the R ggplot2 package (version 3.3.3) was used for visualization. Threshold values were considered as follows: *p < 0.05 indicates a mild correlation and **p < 0.01 indicates a moderate correlation.



Identifying drug candidates

We used the Drug Signatures database DSigDB tool of Enrichr (https://maayanlab.cloud/Enrichr/) to identify drug candidates targeting hub genes for COVID-19 treatment (22). The top 15 drug candidates were selected according to combined scores, from highest to lowest.



Statistical analysis

All statistical analysis was carried out using R (version 3.6.2). The Spearman's rank correlation coefficient was used for correlation analysis. A Wilcoxon rank-sum test was used to compare the expression of hub genes in two groups. The hypothetical test was two-sided in all tests, and a p-value of <0.05 was considered statistically significant.




Results


Identification of DEGs after SARS-CoV-2 infection and abatacept treatment

The volcano map showed 36 upregulated genes and 93 downregulated genes in GSE151161 after the abatacept treatment for 12 weeks in patients with RA (Figure 1A). COVID-19 caused significant gene expression changes in the samples of PBMC. A total of 4,182 DEGs were identified from GSE151161, including 3,881 upregulated genes and 301 downregulated genes (Figure 1B). The Venn plot showed that 59 DEGs were both upregulated in COVID-19 patients and downregulated post abatacept treatment (Figure 1C). Conversely, there were no DEGs downregulated in COVID-19 patients and upregulated post abatacept treatment (Figure 1D).
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FIGURE 1
 The volcano map and Venn diagram between two datasets. (A) Differential expression genes (DEGs) of GSE151161. Ninety-three genes were downregulated and 36 genes were upregulated post abatacept treatment (12 weeks) in rheumatoid arthritis patients. (B) Differential expression genes of GSE151161. Three hundred and one genes were down-regulated and 3,881 genes were upregulated in COVID-19 patients. (C) Fifty-nine DEGs were upregulated in COVID-19 patients and downregulated post abatacept treatment. (D) Zero DEG was downregulated in COVID-19 patients and upregulated post abatacept treatment.




GSEA showed the immune-inflammatory response activity

To obtain insight into the effect of abatacept treatment and SARS-CoV-2 infection, GSEA analysis indicated several biological processes. The top 20 significant gene sets are shown in Tables 2, 3. We showed representative 5 gene sets mainly participated in immunity and inflammation pathways enriched in whole blood with abatacept treatment, such as interleukin (IL)-6 JAK STAT3 signaling, interferon-alpha response, and complement (Figures 2A–E), and representative 10 gene sets in PBMC with SARS-CoV-2 infection such as anti-inflammatory response favoring leishmania parasite infection, antigen-activated B cell receptor BCR leading to the generation of the second messenger, and complement cascade (Figures 2F–O).


TABLE 2 The top 20 gene sets of before abatacept treatment vs. post abatacept treatment in gene set enrichment analysis.
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TABLE 3 The top 20 gene sets of COVID-19 patients vs. normal controls in gene set enrichment analysis.
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FIGURE 2
 Gene set enrichment analysis (GSEA) of abatacept treatment and SARS-CoV-2 infection. (A–E) Five representative gene sets enriched in whole blood with abatacept treatment. (F–O) Ten representative gene sets enriched in PBMC with SARS-CoV-2 infection.




GO analysis of 59 DEGs

We used GO analysis to identify 58 GO terms of 59 DEGs upregulated in COVID-19 patients and downregulated post abatacept treatment, which included biological process (BP), cellular component (CC), and molecular function (MF) (Figure 3). Many immune-mediated pathways were enriched, such as the immune response-activating cell surface receptor signaling pathway, B cell-mediated immunity, lymphocyte-mediated immunity, and humoral immune response. The circular diagrams displayed the corresponding relationship between DEGs and GO terms (Figure 4). The predominantly related pathways of immune response mainly include the classical pathway of complement activation, immunoglobulin-mediated immune response, Fc-gamma receptor signaling pathway, immune response-activating signal transduction, and cell surface receptor signaling pathway. The Cluego tool of Cytoscape software was used to enrich immune-related pathways of 59 DEGs, such as the classical pathway of complement activation, humoral immune response mediated by circulating immunoglobulin and complement activation (Table 4).
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FIGURE 3
 Gene ontology (GO) analysis of 59 common DEGs. (A–D) Fifty-eight GO terms were enriched. BP, biological process; CC, cellular component; MF, molecular function.
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FIGURE 4
 The circular diagrams of GO analysis of 59 common DEGs. (A–D) Fifty-eight GO terms were enriched. The arcs showed the corresponding relationship between DEGs (in red) and GO terms (in blue) in the GO analysis.



TABLE 4 Gene ontology (immune system process) analysis of 59 common differentially expressed genes (top 15).
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PPI network construction and hub gene identification

We obtained the top 14 hub genes with the highest interaction degrees and constructed a PPI network using the STRING database (Figure 5A), which included DAAM2, KIF20A, PCSK9, MIXL1, CDC20, FOXC1, SDC1, CAV1, GPRC5D, IGF1, TSHR, RIMS2, NTRK3, and ADAMTS2. PPI network and function analyses were further analyzed for 14 hub genes. The results illustrate that the complex PPI network was with physical interactions of 70.90%, co-expression of 16.01%, co-localization of 3.22%, genetic interactions of 2.63%, predicted of 4.96%, shared protein domains of 0.55%, and a pathway of 1.74%. Receptor-mediated endocytosis, insulin-like growth factor binding, insulin-like growth factor receptor signaling pathway, growth factor binding, regulation of cellular protein catabolic process, regulation of nuclear division, and regulation of MAP kinase activity were identified as the main functions of those hub genes (Figure 5B).
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FIGURE 5
 Protein–protein interaction (PPI) network and function analyses of hub genes. (A) The PPI network of the top 14 hub genes created by STRING. (B) The PPI network and function analyses of 14 hub genes based on the GeneMANIA database. The inner circle presents the hub genes and the outer circle shows the potential genes interacting with hub genes. The circle size indicates the correlation with the input hub genes.




Validation of hub gene expression

We then verified the expression of 14 hub genes in the GSE157103 dataset. The expression of eight genes, including CAV1, CDC20, GPRC5D, IGF1, KIF20A, MIXL1, SDC1, and TSHR, was significantly upregulated in whole blood leukocyte samples of COVID-19 patients than normal controls. All of them were consistent with our previous analysis in the GSE152418 dataset (Figures 6A–H). The characteristics of the eight genes are described in Table 5. The expression of ADAMTS2, DAAM2, FOXC1, NTRK3, PCSK9, and RIMS2 genes has no significant difference between COVID-19 patients and normal controls (Figures 6I–N).


[image: Figure 6]
FIGURE 6
 The expression validation of 14 hub genes. (A–H) In the GSE157103 dataset, the expression of CAV1, CDC20, GPRC5D, IGF1, KIF20A, MIXL1, SDC1, and TSHR genes was significantly higher in COVID-19 whole blood leukocytes than in normal controls, which was consistent with the GSE152418 dataset. (I–N) In the GSE157103 dataset, the expression of ADAMTS2, DAAM2, FOXC1, NTRK3, PCSK9, and RIMS2 genes has no significant differences in whole blood leukocyte samples between COVID-19 patients and normal controls. NS, no significance; ***P < 0.001.



TABLE 5 Eight hub genes validated by GSE157103 dataset.
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Construction of mRNA-miRNA network and immune correlation analysis

To further explore the potential mechanisms and regulating axis of hub genes in the process of abatacept-treated COVID-19, we established mRNA-miRNA co-expressed interaction networks using the NetworkAnalyst database and analyzed the correlation between hub genes and immunocyte-related molecular markers. In mRNA-miRNA co-expressed networks, 230 target miRNAs of seven hub genes without GPRC5D were included (Figure 7A). The expression of 8 hub genes was related to inflammatory factors and lymphocyte-related gene markers, including CD3, CD4, CD8, CD19, CD20, CD27, CD28, CD56, CD11b, CD66b, IL-6, CCL4, and CCL5. The correlations indicated the importance of immune cells participating in the immune-inflammation response (Figure 7B). The noticeable correlation between 8 hub genes and immune cell-related genes, including IL-6, CD3, CD8, CD19, CD20, CD27, CD28, CD56, CD66b, and CCL5, is also displayed in the annular chart (Figure 7C).
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FIGURE 7
 The mRNA-miRNA co-expressed interaction network constructed by Cytoscape and the correlation between hub genes and immunocyte-related molecular markers. (A) The mRNA-miRNA co-expressed networks including 230 target miRNAs for 7 hub genes, the prediction information for the GPRC5D gene was lacking in the NetworkAnalyst database. (B) The expression correlation among hub genes (CAV1, CDC20, GPRC5D, IGF1, KIF20A, MIXL1, SDC1, and TSHR), IL-6, and immunocyte-related genes (CD3, CD4, CD8, CD19, CD20, CD27, CD28, CD56, CD11b, CD66b, CCL4, and CCL5). Correspondence between biomarkers and immunocyte types: CD3: T cells; CD4: helper T cells; CD8: cytotoxic T cells; CD19, CD20, and CD27: B cells; CD28: activated T cells; CD56: natural killer cells; CD11b and CD66b: activated neutrophils. (C) The expression correlation among hub genes, IL-6, CD3, CD8, CD19, CD20, CD27, CD28, CD56, CD66b, and CCL5, had high correlations with hub genes. The red color indicates a positive correlation, and the blue color presents a negative correlation. *P < 0.05, **P < 0.01.




Identification of drug candidates

To identify potential drug candidates for the treatment of COVID-19, we predicted the top 15 drug candidates targeting 8 hub genes such as deferoxamine, monobenzone, bicalutamide, trifluridine, and raloxifene (Supplementary Table 1).



Tissue-specific and cell-specific expression of eight hub genes

The expression of 8 hub genes in multiple tissues was analyzed at RNA and protein levels. Remarkably, CDC20 RNA expression was highest in bone marrow, KIF20A was highest in the thymus, and MIXL1 was highest in the tonsil (Supplementary Figure 1). At the protein level, CAV1 was highly expressed in the lung, KIF20A was highly expressed in lymph nodes and bone marrow, GPRC5D was highly expressed in the spleen, and SDC1 was highly expressed in the tonsil (Supplementary Figure 2). CAV1 was highly expressed in lung tissue both at RNA and protein levels. The single-cell expression of 8 hub genes in lung tissues showed that CAV1, KIF20A, and SDC1 genes were highly expressed in alveolar cells. The CDC20, IGF1, and TSHR genes were highly expressed in endothelial cells (Supplementary Figure 2). The expression of 8 hub genes in immune cell subtypes was mainly in basophil, regulatory T cells, B cells, and NK cells (Supplementary Figure 3).




Discussion

The SARS-CoV-2 is responsible for the COVID-19 pandemic, which has rapidly spread throughout the world and become a major threat to human beings (23). COVID-19 continues to expand in the pandemic form and is responsible for significant morbidity and mortality. The initial symptoms of COVID-19 are mainly fever, cough, myalgia, fatigue, and dyspnea. In addition, acute respiratory distress syndrome or multiple organ failure may gradually occur in terminal COVID-19 patients (24). COVID-19 patients requiring hospitalization were generally aged with multiple comorbidities. There is a relatively high rate of severe mortality in the early days of the epidemic, at 49 and 33%, respectively (25). Approximately, 14% of patients were severe cases that required ventilation in an intensive care unit (ICU), 5% were critical, and around 2.3% died in a report of 72,314 cases in China (26). While the treatment for severe patients is mainly symptomatic supportive therapy. Drug repositions are necessary to be accelerated for severe patients.

Angiotensin-converting enzyme-2 (ACE2) is a receptor for the binding and entry of the SARS-CoV-2 virus into cells (27). On binding to epithelial cells in the respiratory tract, SARS-CoV-2 starts replicating and migrating down to the airways and finally enters alveolar epithelial cells in the lung tissues. The rapid replication of SARS-CoV-2 in the lungs may trigger strong immune and inflammatory responses and produce large amounts of inflammatory cytokines, which leads to the cytokine storm, a major cause of patient death (28, 29). These uncontrolled inflammatory responses may lead to local and systemic tissue damage (30). Elevated pro-inflammatory cytokine is a typical profile in patients with COVID-19, such as IL-6, IL-1, and tumor necrosis factor (TNF)-α (31). Tocilizumab, as an anti-IL-6 receptor antibody, has performed its superiority in preventing severe outcomes such as mechanical ventilation and reducing death risk (32). Anakinra, Canakinumab, and Rilonacept are IL-1 blockades, which are currently used not only for therapy of RA and many other autoimmune rheumatic diseases but also for the treatment of the cytokine storm (33). TNF-α is an important mediator of other cytokines and chemokine production, so anti-TNFα therapy could be useful in COVID-19 (34). Similarly, these antirheumatic drugs might play a protective role in the development of the exaggerated immune-mediated inflammatory response associated with SARS-CoV-2 infection. The T-cell immune response is essential for protecting from COVID-19 and participates in abating innate immune responses involved in cytokine syndrome (31). In terms of abatacept, it can compete with CD28 for CD80/CD86 receptors, inhibiting its downstream inflammation reaction and suppressing the expression of other costimulatory molecules on antigen-presenting cells, resulting in a decrease in immune responses (35). Hence, viral inhibition is expected to be the most effective in the early disease course, while immunosuppressive treatment may be useful in the later stages to prevent severe disease. Multiple biological agents have shown their huge potential in the COVID-19 treatment (12).

We used bioinformatics to deeply analyze the RNA-Seq datasets GSE151161 and GSE152418, which included the samples of abatacept-treated RA and SARS-CoV-2-infected patients. First, we screened 129 DEGs in the GSE151161 dataset and 4,182 DEGs in the GSE152418 dataset. Venn diagram results identified 59 DEGs, upregulating in COVID-19 patients and downregulating in RA patients post abatacept treatment for 12 weeks. We then performed a GSEA analysis of all detected genes. We found that DEGs played an indispensable role in immunity and inflammation pathways. GSEA revealed that the primary mechanism of SARS-CoV-2 infection and abatacept treatment was the immune and inflammatory response. Subsequently, GO analysis of 59 DEGs revealed specific mechanisms of abatacept treating SARS-CoV-2 infection. The results indicate that 59 DEGs are involved in several specific mechanisms of inflammatory response activation, such as the immune response-activating cell surface receptor signaling pathway of BP, immunoglobulin complex of CC, and immunoglobulin receptor binding of MF. The arcs of the circular diagrams showed the corresponding relationship between DEGs and GO terms. These results reveal analogical mechanisms through which SARS-CoV-2 infection and abatacept treatment change the immune process.

Previous studies have shown that COVID-19 induced a poor immune response, leading to virus-induced pathology, or a hyperactive immune response that leads to cytokine storms associated with uncontrolled inflammation, severe pulmonary tissue damage, and even death in severe COVID-19 patients (36). Similar to previous studies, our GSEA analysis showed immune-related signal pathways, which were consistent with the pathogenesis of COVID-19 and RA.

The top genes with the highest degree of interaction in the PPI network were considered hub genes, which may be critical for the treatment of COVID-19 patients. In our study, functional analysis of 14 hub genes showed their associations with receptor-mediated endocytosis, insulin-like growth factor binding, insulin-like growth factor receptor signaling pathway, growth factor binding, regulation of cellular protein catabolic processes, regulation of nuclear division, and regulation of MAP kinase activity, which were related to virus entry, cell growth, regulation of protein catabolism, and mitosis. We confirmed the expression of 8 hub genes in the GSE152418 dataset, including CAV1, CDC20, GPRC5D, IGF1, KIF20A, MIXL1, SDC1, and TSHR. A previous study found that a high level of SDC1 and a low level of IGF1 increased mortality, which are potential biomarkers of severe COVID-19 (37, 38). In addition, CAV1, CDC20, and KIF20A were also identified as hub genes in COVID-19 by other researchers (39–41). Our study confirmed and complemented previous studies to some extent.

We identified 15 drug molecules targeted at 8 hub genes. Consistent with our results, deferoxamine, bicalutamide, trifluridine, raloxifene, etoposide, methotrexate, and progesterone were considered potential drugs for COVID-19 in previous studies among the top 15 drug candidates (42–48). However, the therapeutic effect of these candidate drugs on COVID-19 needs further study.

It is generally accepted that increased pro-inflammatory cytokines are associated with disease severity. Blocking immunity-induced inflammation was essential for reversing immunopathology. Our mRNA-miRNA co-expressed interaction networks revealed the potential regulatory mechanism of targeting genes, which guides the follow-up study of COVID-19 treatment mechanisms. A cytokine storm is potentially fatal and is characterized by the high-level activation of immune cells and the excessive production of massive inflammatory cytokines. A comparison between ICU and non-ICU patients showed that plasma concentrations of IL2, IL7, IL10, and TNFα were higher in ICU patients than in non-ICU patients (49). A retrospective study suggested elevated IL-6 was possibly fatality contributors and that mortality might be due to viral-driven hyperinflammation (50). Cytotoxic T cells, B cells, NK cells, and neutrophils can trigger SARS-CoV-2 infection-mediated CRS (51). Increased neutrophil number and neutrophil/lymphocyte ratio are usually accompanied by advanced severity and poor clinical outcomes (52). In some COVID-19 patients, the feature of severe SARS-CoV-2 infection is lymphopenia with severely exhausted CD4+ T cells, CD8+ T cells, B cells, and NK cell counts (51). Some studies also analyzed histological changes induced by SARS-CoV-2 infection. Tissue samples obtained from COVID-19 patients showed marked infiltration of various T-cell subclasses in the lungs (53). Thus, a dysregulated and excessive immune response not only initiates immune infiltration but also results in extensive inflammation and immunopathology through the induction of proinflammatory cytokines (51). Our study found a high correlation between 8 target genes and immune cell markers (CD8, CD19, CD20, CD27, CD56, and CD66b), which further demonstrated the crucial role of 8 target genes in COVID-19 treatment.

Overall, we provided insights into the SARS-CoV-2 infection and the immunomodulatory mechanisms of abatacept treatment. Our study suggested that abatacept was a potential strategy for severe COVID-19 based on the intersection of DEGs, the resemblance of antirheumatoid mechanisms and immune-inflammatory responses in COVID-19. Abatacept treatment could be a critical way to avoid an inflammatory storm in COVID-19 (13). Compared with the study of Julia et al., we conducted an analysis using larger sample size, identified potential biomarkers, and explored deeper mechanisms through which abatacept treats CODVID-19. More clinical trials of drug candidates should be tried to exert efficacy and tolerable safety in clinical therapy. The current study has several limitations. Only bioinformatics analysis was conducted in this study. We have further planned randomized and controlled trials (RCT) to support our conclusions.
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Background: The WHO emphasized the importance of knowing the risk factors for the severity of the disease in the COVID-19 pandemic. Our aim in this study was to determine the relationship between serum Butyrylcholinesterase (BChE) level, which is rapidly affected by inflammation, and the severity of COVID-19 pneumonia and mortality.

Methods: Patients diagnosed with COVID-19 pneumonia between March and May 2021 were included in the study. The patients were divided into two groups as severe and mild to moderate pneumonia according to the WHO's guidelines. Serum BChE levels were studied by ELISA method from the blood samples taken from the patients on the day of hospitalization. The severity of the disease and other factors affecting hospital mortality were also evaluated.

Results: 147 patients with COVID-19 pneumonia were included in this study. Of these patients, 58% had severe pneumonia and 42% had mild to moderate pneumonia. The BChE level was median 13 (IQR: 11.2–21.5)ng/ml in patients with severe COVID-19 pneumonia and median 20 (IQR: 10–35.7)ng/ml in patients with mild to moderate pneumonia (p: 0.001). Hospital with mortality rate was higher in patients with low BChE levels. However, statistically, BChE hasn't associated mortality in COVID-19 pneumonia [OR 1.002 (0.957–1.049) p: 0.490]. CRP, procalcitonin, lactate, and D-dimer levels were associated mortality in COVID-19 pneumonia.

Conclusion: Being not statistically significant, the mortality rate was higher in patients with low BChE levels. BChE level is an important marker in determining the severity of COVID-19 pneumonia. Early prediction of the severity of COVID-19 pneumonia will enable early planning of the treatment process.
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Introduction

Coronavirus disease that emerged in 2019 is a global health emergency. It has been described as a pandemic by the World Health Organization. The World Health Organization emphasized that one of the most important questions to be addressed regarding the COVID-19 pandemic is to understand the risk factors for disease severity. Various prognostic and diagnostic biomarkers for COVID-19 have been proposed in the literature (1, 2).

BChE is an α-glycoprotein synthesized from the liver. Its level in the blood decreases in conditions such as liver damage, inflammation, and infection. BChE levels are strongly affected by inflammation, sensitively decreasing in the acute inflammatory phase and rising immediately when inflammation resolves. The cholinergic system plays an important role in maintaining and modulating an adequate immune response upon an inflammatory episode.

Cholinergic activity can modulate the magnitude of an appropriate immune response in an emerging inflammatory state (3–6). Therefore, immunity may be affected by the cholinergic system, which has an anti-inflammatory effect.

Levels of “positive” acute phase proteins such as C-reactive protein, amyloid A, and ferritin usually increase in patients with infection. Conversely, levels of “negative” acute phase proteins such as albumin, prealbumin, and transferrin decrease in response to infection and increase during the recovery period. Cholinesterase and lymphocytes act similarly to “negative” acute phase proteins in response to inflammation (7, 8).

Low lymphocyte ratio and high inflammatory markers affect the severity of COVID-19 pneumonia (9). In addition, CRP value is an independent risk factor affecting mortality (10).

Serum BChE level plays an important role in the inflammatory response, and it has been shown to be associated with prognosis in sepsis in a study by Peng et al. (11). There are not enough studies investigating the relationship between serum BChE level, mortality rate, and pneumonia severity in COVID-19 patients. In the study of Nakajima et al. (12), conducted for this purpose, the number of patients was small and the study was retrospective.

Our aim in this study was to determine the relationship between serum BChE level, which is rapidly affected by inflammation, and the severity of COVID-19 pneumonia and mortality.



Materials and methods

Patients admitted to the intensive care unit and clinic with the diagnosis of COVID-19 pneumonia on March to May 2021 were evaluated. This study was approved by the local Ethical Committee of the university (No: 285).

Patients and patient relatives whose voluntary consent could not be obtained, patients with leukemia, liver cirrhosis, HIV infection, suspected and diagnosed with intoxication, and acute myocardial infarction were excluded from the study. The patients included in the study were divided into two groups as mild-moderate and severe COVID-19 pneumonia according to WHO interim guidance (13).

Demographic data and laboratory values of the patients were recorded on the first day of hospitalization. Blood samples were taken from the patients to measure the BChE level during hospitalization. Three ml blood samples were collected in tubes and the samples were centrifuged at 3000xg for 10 min. Then 1 ml of serum supernatant was removed and collected in eppendorf tube. Serum samples were kept frozen at −80°C. BChE serum protein concentrations were analyzed by using Elisa method (Cat. No E2519Hu).



Statistical analysis

We used the statistical software IBM SPSS 24.0 for Mac (IBM Corp. Released 2016. IBM SPSS Statistics for MAC, Version 24.0., Armonk, NY, USA) for statistical analysis.

Categorical variables are presented as numbers and proportions, continuous variables as medians (interquartile range, IQR). Group differences in categorical and continuous variables were analyzed using chi-square and Kruskal–Wallis tests, respectively.

Comparisons of continuous variables between the groups were made using the Student's t-test or the Mann-Whitney U-test according to the conformity of the data to normal distribution. The groups were compared in respect to categorical variables using the Chi-square test or Fisher's exact test. To determine independent predictive mortality, forward step wise multivariate binary logistic regression analysis was applied by adding all the variables determined as p < 0.1 in the univariate analysis and the results were presented along with the odds ratio (OR) and confidence interval (CI).



Results

One hundred and fourty seven patients who were admitted to the intensive care unit and clinic with the diagnosis of COVID-19 pneumonia between March and May, 2021, in our institution were included in the study. Mild and moderate pneumonia was detected in 62 (42%) patients and severe pneumonia in 85 (58%) patients. The median age (IQR) of the patients at diagnosis was 65 (52–78). Demographic and clinical characteristics of the patients are given in Table 1.


TABLE 1 Clinical characteristics of COVID-19 patients with mild—moderate and severe pneumonia.

[image: Table 1]


TABLE 2 Risk factors affecting the severity of COVID-19 pneumonia.

[image: Table 2]

Ferritin, fibrinogen, D-dimer, creatine kinase (CK), CKMB, troponin, and lactate levels were significantly higher in the severe pneumonia patient group than in the mild-moderate pneumonia group.

The median APACHE II value of all patients was 16 (11–22). The APACHE II value was found to be significantly higher in the severe pneumonia group. The median number of days of hospitalization of the patients was 13 (8–20) days, and the number of days of hospitalization was significantly higher in the severe pneumonia group than in the mild-moderate pneumonia group (p < 0.001). Renal replacement therapy was required during treatment in 25 (17%) patients.

The hospital mortality of our patients was 32 (22%). All of our patients who died were in the severe pneumonia group, and BChE levels were found to be lower in these patients. However, when the risk factors for mortality of the patients were examined, BChE had significant effects in the univariate analysis [OR, (95% CI) 0.965(0.936–0.994), p: 0.026] while the effect on mortality was not significant in the multivariable analysis [OR, (95% CI), 1.002(0.957–1.049), p: 0.490]. Among the laboratory parameters, CRP, procalcitonin, and D-dimer values were independent risk factors affecting mortality significantly. The risk factors mortality are shown in Table 3.


TABLE 3 Blood parameters associated mortality in COVID-19 pneumonia.
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Discussion

In this study, we showed that there is a significant relationship between the severity of COVID-19 pneumonia and the BChE level. BChE level was decreasing with inflammation, as were albumin and lymphocytes. According to the results of the multivariable analysis in our study, the most important factors affecting hospital mortality were CRP, procalcitonin, lactate, and D-dimer levels. In previous studies, D-dimer elevation was found to be associated with the severity and mortality of the disease and it was suggested that it should be used in the triage of patients (14–16).

There is a complex relationship between pro- and anti-inflammatory cytokines in response to inflammation. The release of pro- and anti-inflammatory cytokines from immune cells is partially regulated by the autonomic nervous system (17–19).

The role of afferent vagus nerve, efferent vagal and sympathetic nerve pathways in the regulation of inflammation has been shown in some studies (6, 20). After the vagal system is activated by inflammation, acetylcholine released from cholinergic axon terminals interacts with nicotinic α7 subunit receptors on immune cells, resulting in inhibition of pro-inflammatory cytokine release and restoration of immune homeostasis (6).

In our study, we also observed that the activation of the cholinergic system and the levels of cholinesterase, which degrades acetylcholine, were decreased in the patient group with more intense inflammation in COVID-19 disease, which progresses with intense inflammation.

In our study, the mean age of the patients in the severe pneumonia group was higher than the mild-moderate pneumonia group (p: 0.01). In the study conducted in a healthy geriatric population, no correlation was found between BChE levels and advanced age (21). Therefore, we can say that lower BChE levels in the severe pneumonia group are not related to age.

In previous studies, WBC, lymphocyte, procalcitonin, CRP, D-Dimer, CK, CKMB, and troponin levels in patients with severe pneumonia due to COVID-19 differed compared to non-serious patients (22, 23). In our study, we found that procalcitonin, CRP, WBC, lymphocyte, creatine, AST, albumin, ferritin, D-dimer, CK, CKMB, and troponin levels affected the severity of the disease.

Bahloul et al. (24) reported that cholinesterase levels were significantly reduced in septic shock patients and this result may be useful in the diagnosis of septic shock, but its prognostic value is weak. Peng et al. (11) reported that the mortality rate of patients with low cholinesterase levels was higher than those with normal cholinesterase levels in their study including 166 sepsis patients treated in emergency intensive care, and low cholinesterase level in sepsis patients was an independent risk factor for 30-day mortality. However, the study of Peng et al., was conducted retrospectively.

In our study, the BChE level was found to be effective in showing the severity of COVID-19 pneumonia. In this study, independent risk factors affecting hospital mortality were determined as procalcitonin, CRP, lactate, and D-Dimer levels.

The limitations of our study were that it was conducted in a single center and the number of patients was relatively limited.



Conclusion

Although serum BChE level is not statistically significant in predicting mortality in COVID-19 pneumonia, it is an important marker in determining the severity of COVID-19 pneumonia. Early prediction of the severity of COVID-19 pneumonia will enable early planning of the treatment process. We think that further multicenter studies are needed on this subject. Early prediction of pneumonia severity will be important in-patient treatment, patient triage, and timely admission of the patients to intensive care during the pandemic process.
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Background: The characteristic symptom of coronavirus disease 2019 (COVID-19) is respiratory distress, but neurological symptoms are the most frequent extra-pulmonary symptoms. This study aims to explore the current status and hot topics of neurology-related research on COVID-19 using bibliometric analysis.

Methods: Publications regarding neurology and COVID-19 were retrieved from the Web of Science Core Collection (WoSCC) on March 28 2022. The Advanced search was conducted using “TS = (‘COVID 19’ or ‘Novel Coronavirus 2019’ or ‘Coronavirus disease 2019’ or ‘2019-nCOV’ or ‘SARS-CoV-2’ or ‘coronavirus-2’) and TS = (‘neurology’or ‘neurological’ or ‘nervous system’ or ‘neurodegenerative disease’ or ‘brain’ or ‘cerebra’ or ‘nerve’)”. Microsoft Excel 2010 and VOSviewer were used to characterize the largest contributors, including the authors, journals, institutions, and countries. The hot topics and knowledge network were analyzed by CiteSpace and VOSviewer.

Results: A total of 5,329 publications between 2020 and 2022 were retrieved. The United States, Italy, and the United Kingdom were three key contributors to this field. Harvard Medical School, the Tehran University of Medical Sciences, and the UCL Queen Square Institute of Neurology were the major institutions with the largest publications. Josef Finsterer from the University of São Paulo (Austria) was the most prolific author. Tom Solomon from the University of Liverpool (UK) was the most cited author. Neurological Sciences and Frontiers in Neurology were the first two most productive journals, while Journal of Neurology held the first in terms of total citations and citations per publication. Cerebrovascular diseases, neurodegenerative diseases, encephalitis and encephalopathy, neuroimmune complications, neurological presentation in children, long COVID and mental health, and telemedicine were the central topics regarding the neurology-related research on COVID-19.

Conclusion: Neurology-related research on COVID-19 has attracted considerable attention worldwide. Research topics shifted from “morality, autopsy, and telemedicine” in 2020 to various COVID-19-related neurological symptoms in 2021, such as “stroke,” “Alzheimer's disease,” “Parkinson's disease,” “Guillain–Barre syndrome,” “multiple sclerosis,” “seizures in children,” and “long COVID.” “Applications of telemedicine in neurology during COVID-19 pandemic,” “COVID-19-related neurological complications and mechanism,” and “long COVID” require further study.
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  COVID-19, neurology, bibliometric analysis, Citespace, VOSviewer


Introduction

The coronavirus disease (COVID-19) pandemic continues, with new cases continuing to rise globally (1). As of 24 April 2022, more than 500 million confirmed cases and more than 6 million deaths have been recorded (https://covid19.who.int/). Although the characteristic symptom of COVID-19 is respiratory distress, neurologic symptoms are the most common extra-pulmonary symptoms (2), such as headaches, anosmia, cognitive dysfunction, and acute cerebrovascular disorders, which have been reported in numerous studies (3, 4). These symptoms appear to be a combination of nonspecific complications of systemic disease, effects of direct viral infection, or inflammation of the neurological and vascular systems (3). Varatharaj et al. conducted a national inter-professional surveillance study, including 153 patients with acute neurological and psychiatric complications associated with COVID-19. Of these, 62% (77/125) of them presented with cerebrovascular events, including 57 with ischemic strokes, nine with cerebral hemorrhages, and one with central nervous system vacuity. Overall, 31% (39/125) of the patients presented with altered mental status, including nine with unspecified encephalopathy and seven with encephalitis (5). In addition, the long-term neurological symptoms of acute sequelae of COVID-19 or “long COVID” can affect the entire spectrum of COVID-19 patients, ranging from mild to severe. Similar to acute COVID-19, long COVID may involve multiple organs and affect many systems, especially the neurological system. Symptoms of long COVID include fatigue, dyspnea, cardiac abnormalities, cognitive impairment, sleep disturbances, PTSD symptoms, muscle pain, distraction, and headaches (6). Considering the variety of neurological symptoms and complications of COVID-19, scholars have conducted many reviews on the association between COVID-19 and neurology (3, 7, 8). However, there are still some shortcomings that need to be addressed: (1) Most reviews use a meta-based approach, and this type of review does not provide an overview of all neurological research publications related to COVID-19. (2) Samples in some systematic reviews are subjectively screened, with small sample sizes. (3) The studies included were not comprehensive (e.g., reviews of randomized controlled trials or those with focus only on specific and limited aspects).

Bibliometric analysis is a widely accepted quantitative technique for analyzing big data of articles in a given field (9). It typically applies bibliometric tools (e.g., Bibliometrix R, Gephi, Pajek, CiteSpace, and VOSviewer) to analyze publication trends, popular articles, major contributors, central themes, and frontier topics in a given field (10). Several bibliometric analyses exist on different disciplines of COVID-19, such as pediatrics (11), urology (12), and rheumatology (13). These works provide readers and researchers with an overview of COVID-19-related research in specific disciplines. However, no study provides a state-of-the-art overview of neurology-related research on COVID-19. Therefore, in this study, we analyzed the neurology-related research on COVID-19 based on the WoSCC using the most popular bibliometric tools CiteSpace and VOSviewer (14). The aim of this article is to answer the following research questions.

• Question 1: What are the published trends in neurology-related research on COVID-19?

• Question 2: What are the most influential articles and major contributing authors, institutions, countries, and journals for neurology-related research on COVID-19?

• Question 3: Who are the potential collaborators (authors, institutions, countries/regions) for neurology-related research on COVID-19?

• Question 4: What are the important topics and frontier themes in neurology-related research on COVID-19?



Materials and Methods


Search strategy

Just as other bibliometric analysis steps, we began our search with the keyword “Neurology” or in the category of “Neuroscience and Neurology” on the WoSCC. However, the results did not include all publications on neurology and the COVID-19 discipline. Therefore, we used the following keywords: TS=(“COVID 19” or “Novel Coronavirus 2019” or “Coronavirus disease 2019” or “2019-nCOV” or “SARS-CoV-2” or “coronavirus-2”) and TS= (“neurology” or “neurology” or “neurological” or “neurodegenerative disease” or “brain” or “cerebral” or “neurological”) to filter publications in the field of neurology focused on COVID-19 or SARS-CoV-2. The online search was conducted on 28 March 2022 on the WoSCC. For this review, two researchers (Qian Zhang and Jian Li) independently searched the database, screening titles and abstracts and eliminating irrelevant articles. Any disagreements were resolved by discussing with the senior neurologist (Ling Weng) until consensus was reached.



Data extraction and bibliometric analysis

We exported full records and cited references of all publications from the WoSCC. In addition, the bibliometric parameters (e.g., title, keywords, journal, publication year, citation, author, institution, country, and reference) were extracted. These data were then imported into Microsoft Excel 2010 (Redmond, WA, US) and VOSviewer (Leiden University, Leiden, and The Netherlands) to identify the most prolific contributors (e.g., prolific authors, institutions, and countries). In VOSviewer, node size is positively correlated with the number of articles. Co-authorship analysis was used to assess collaboration among different authors, countries, and institutions (15). The total link strength (TLS; the sum of link weights connected to a node) indicates the power of cooperation between two nodes. The width of links between two nodes is positively correlated with the cooperation strength. CiteSpace (version 5.8.R1) and VOSviewer were used to visualize keyword co-occurrence analysis and reference analysis (16).




Results


General data

Figure 1 illustrates the process of data screening and bibliometric analysis. After excluding articles written in languages other than English and limiting them to original articles and reviews, 5,341 publications remained. Of these, 12 articles containing the term “brain natriuretic peptide” and focusing on cardiovascular issues in patients with COVID-19 were excluded. Therefore, 5,329 publications were selected for further analysis, of which 72% were original articles (n = 3,829) and the rest were reviews (n = 1,500; Figure 2B). A total of 69,908 citations were received, with 13.12 citations per article and an H-index of 98. A total of 142 countries/regions, 7,684 institutions, 30,547 authors, and 1,646 journals contributed to these publications. Fudan University published the first article titled “A multicentre observational study on neonates exposed to SARS-CoV-2 in China: the Neo-SARS-CoV-2 study protocol” in China in March 2020 (17). The number of publications increased from 1,465 in 2020 to 3,177 in 2021 and 687 in the first 4 months of 2022 (Figure 2A).


[image: Figure 1]
FIGURE 1
 Flowchart of data screening and bibliometric analysis.
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FIGURE 2
 Distribution of publications by year (A) and type (B).




Top contributing countries

The top 10 contributing countries are shown in Figure 3. The United States dominates the field, with 1,677 publications (31.4% of the total) and 31,371 total citations (44.8% of the total). Italy ranked second, with 628 publications and 7,691 total citations, and the United Kingdom ranked third, with 530 publications and 16,082 total citations (Figure 3A). We used VOSviewer to depict the international collaboration in this field. The minimum number of publications was set at 50. Finally, 28 countries were selected for visualization. The United States, Italy, the United Kingdom, India, and China are the largest nodes and more broadly connected, indicating their close collaboration and significant academic influence in the field (Figure 3B). The United Kingdom (115 TLS) and Canada (102 TLS) cooperate closely with the United States.


[image: Figure 3]
FIGURE 3
 Top 10 prolific countries/regions and inter-national collaboration network of neurology-related research on COVID-19. (A) Number of publications and total citations for each country. (B) Collaboration among countries. Node size indicates the number of articles produced. The width of links indicated the cooperation strength.




Top contributing institutions

Table 1 lists the top 10 most prolific and highly cited institutions for neurology-related research on COVID-19. Together, these institutions published 11.8% of the articles in the field. Specifically, Harvard Medical School (USA) ranked first, with 118 articles. The Tehran University of Medical Sciences (Iran) ranked second, with 68 articles. The UCL Queen Square Institute of Neurology ranked third, with 63 articles. Among the most influential institutions, the Huazhong University of Science and Technology (China), the UCL Queen Square Institute of Neurology (UK), and King's College London (UK) ranked the top three, with 6,162, 5,309, and 3,866 total citations, respectively. Figure 4A displays the network of collaborations among institutions. Harvard Medical School (US), Massachusetts General Hospital (US), and Mayo Clinic (US) are the central nodes in North America. King's College London (UK), the UCL Queen Square Institute of Neurology (UK), and the University of Liverpool (UK) present the central in the United Kingdom. The University of Milan plays an important role in Italy. The Tehran University of Medical Sciences (Iran) is a central node in the Middle East. Collaborations are more common among institutions that are geographically close to each other. As shown in Figure 4B, more collaborations occur among North American institutions.


TABLE 1 The top 10 most prolific institutions and highly cited institutions for neurological COVID-19.
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FIGURE 4
 Inter-institution cooperative network built by VOSviewer (A) and CiteSpace (B). Node size indicates the number of articles produced. The width of links indicates the cooperation strength.




Top contributing authors

Table 2 lists the top 10 contributing authors for neurology-related research on COVID-19. The most prolific authors (n = 14 publications) were Josef Finsterer from the University of São Paulo (Austria), David García-Azorín from Hospital Clinical University Valladolid (Spain), Nima Rezaei from the Tehran University of Medical Sciences (Iran), and Henrik Zetterberg from the Queen Square Institute of Neurology (UK). The most influential author, however, was Tom Solomon from the University of Liverpool (UK), with 1,100 total citations and 185 citations per article, followed by Henrik Zetterberg from Sahlgrenska University (UK), with 581 total citations and 41.5 citations per article, and Ali Asadi-Pooya from the Shiraz University of Medical Science (Iran), with 482 total citations and 80.3 citations per article. Co-authorship of authors in VOSviewer was used to identify collaborations among researchers. The minimum number of publications was 6. Ultimately, 69 authors were included in the visual analysis. Figure 5A shows top 10 prolific authors in this field. Figure 5B displays the author collaborative network, with Alessandro Padovani (Italy) being the first-tier author with 47 TLS. Gioacchino Tedeschi (Italy) and Andrea Pilotto (Italy) were the first to collaborate with 46 TLS and 43 TLS, respectively.


TABLE 2 The top 10 most prolific authors and highly cited authors for neurological COVID-19.
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FIGURE 5
 Top 10 most productive authors and collaboration among these authors. (A) Number of publications, total citations, and citations per publication in the top 10 prolific authors. (B) Collaboration among these prolific authors built by VOSviewer. Node size indicates the number of articles. The width of links indicates the cooperation strength.




Top contributing journals

The top 10 active journals contributed 14.9% of the articles in this field. Table 3 lists the top 10 active journals in a descending numerical order. Specifically, the top three prolific journals are Neurological Sciences (n = 121), Frontiers in Neurology (n = 118), and Cureus (n = 109). However, in terms of impact, Journal of Neurology ranked first (with 1,535 total citations), followed by Journal of Neuroscience (n = 1,359) and Frontiers in Neurology (n = 1,217).


TABLE 3 Ranking of top 10 prolific journals for neurological COVID-19.
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Highly cited articles

Almost half of the top 20 most cited publications are the review type (Table 4). Mao et al. produced the most cited article published in JAMA Neurology entitled “Neurologic Manifestations of Hospitalized Patients with Coronavirus Disease 2019 in Wuhan, China”, with 1,219 total citations (4). Most of the articles discussed neurological manifestations and complications related to COVID-19, such as stroke (18), meningitis/encephalitis (19), multiple sclerosis (20), and demyelinating diseases (21). Several publications discussed COVID-19-related mental health and neuropsychiatric manifestations (5, 22). Totally, five articles focused on the neuroinvasive mechanisms of SARS-CoV-2 (23–25).


TABLE 4 The top 20 cited articles on neurological COVID-19.
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Analysis of keywords and co-cited references

To present the key references and hot topics in the field, we conducted a reference analysis with CiteSpace and a keyword co-occurrence analysis with VOSviewer. As shown in Figure 6A, CiteSpace identified key references in neurology-related research on COVID-19 for different time periods. The main topic focused on “ethics, autopsy, and telemedicine” in 2020 and shifted to the various COVID-19-related neurological complications in 2021, such as stroke, Guillain–Barre syndrome (GBS), epilepsy, and long COVID. The most cited references are considered to be the basis for the frontier direction in a given field. Therefore, the reference analysis in CiteSpace was used to identify key references related for neurology-related research on COVID-19. In Figure 6B, the top 24 references with the highest citation burst were identified. The highest citation burst reference was generated by Arabi et al. The authors described three patients infected with Middle East respiratory syndrome coronavirus (MERS-CoV)-associated neurological syndrome in 2015. It is emphasized that the CNS may also be a target of MERS-COV (26). The second highest citation burst was produced by Khosravani et al. In this article, the authors introduced a framework for the management of hyperacute stroke during the COVID-19 pandemic, providing guidelines for researchers and neurologists, neurosurgeons, and policymakers to manage patients with COVID-19 and stroke (27). In VOSviewer, we performed a keyword occurrence analysis (Figure 7). The minimum number of occurrences was 20. Thesaurus (Supplementary Table S1) was used to remove duplicate keywords, such as COVID 19. Novel coronavirus 2019 were replaced by COVID-19. Finally, 104 keywords were selected from a total of 9,443 keywords. The top six most frequent keywords were “COVID-19 (n = 3,367), SARS-CoV-2 (n = 1,780), stroke (n = 244), neurology (n = 181), neurological manifestation (n = 168), and telemedicine (n = 137)”. As shown in Figure 7, seven research directions were formed based on these keywords: (1) cerebrovascular diseases associated with COVID-19 (brown): stroke, ischemic stroke, cytokine storm, and coagulation disorders; (2) neurodegenerative diseases associated with COVID-19 (green): inflammation, ACE2, Alzheimer's disease, Parkinson's disease, and oxidative stress; (3) COVID-19-related encephalitis and encephalopathy (yellow): central nervous system, brain, encephalitis, encephalopathy, and neuroinvasive; (4) neuroimmune complications associated with SARS-CoV-2 and its vaccine (purple): Guillain–Barre syndrome, multiple sclerosis, Bell's palsy, vaccine, and case report; (5) long COVID and mental problems associated with COVID-19 (dark blue): depression, mental health, stress, anxiety, long COVID, dementia, and rehabilitation; (6) neurological manifestations in children associated with COVID-19 (light blue): seizures, epilepsy, pediatrics, and persistent epilepsy; and (7) telemedicine during the COVID-19 pandemic (orange): pandemic, telemedicine, telemedicine, and tele-neurology.
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FIGURE 6
 Analysis of references of neurology-related research on COVID-19. (A) Reference clusters named by CiteSpace (find cluster, keyword, LLR). (B) References citation burst visualized by CiteSpace. The top 24 references with the strongest citation bursts of neurology-related research on COVID-19 from 2019 to 2022. The red segment of the blue line denotes the burst duration of the reference.
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FIGURE 7
 Co-occurrence networks of keywords visualized by VOSviewer. The keywords were clustered into six groups according to their color. Large nodes represent keywords with high frequency.





Discussion

Although the proportion of neurological disease caused by COVID-19 infection remains small, with a multitude of people infected, the overall number of neurological patients and their associated health burden may be large (3). The number of publications increased rapidly in 2021 compared to that in 2020, suggesting that researchers have been mobilized to uncover the neurological features of the COVID-19 pandemic. Its neurological manifestations, control measures, and acute and long-term complications have also attracted considerable attention worldwide. However, enthusiasm for neurology-related research on COVID-19 may decline, with only 687 publications in the first 4 months of 2022. With the COVID-19 pandemic lasting for 2 years, people seem to have passed the most panic phase, and researchers have lowered their interest in COVID-19. This can be confirmed by the new COVID-19 variant Omicron, which has a character of faster transmission, lower fusogenicity, and reduced pathogenicity (28).


Analysis on countries and institutions

The existing publications include 142 countries/territories and 7,684 institutions, indicating that the neurology-related research on COVID-19 attracted the attention of global scholars. Among the top 20 prolific countries, 12 are from developed countries and eight are from developing countries. Of the top 10 prolific institutions, eight are from developed countries and only two are from developing countries. The United States, as the most productive country, dominates the field, with 1,677 publications (31.4% of the total) and 31,371 total citations (44.8% of the total). Previous studies have shown that the number of publications by country is positively correlated with the duration of the COVID-19 pandemic (29). The United States is one of the countries hardest hit by the COVID-19 pandemic. As of 24 April 2022, more than 80 million confirmed cases and more than 986,000 deaths have been reported in the United States. More importantly, inter-institution collaboration is more frequent in the United States (Figures 4A,B), which corroborates its dominate role in this field. Italy ranks second in terms of the number of publications. Since the emergence of the pandemic in China, there has been an outbreak of COVID-19 in Europe, particularly in Italy and the United Kingdom. This could explain why a large number of articles have been published in Italy as well. The University of Oxford, University College London, the UCL Queen Square Institute of Neurology, and King's College London collaborate closely. This may partly explain why the United Kingdom ranks third, with 530 articles, but second in terms of total citations. Other bibliometric analyses on COVID-19 (e.g., urology (12), rheumatology (13), and pediatrics (30)) also reported the leading position of the United States, Italy, and the United Kingdom, which is consistent with our results. In terms of international collaborations, the United States ranks first in terms of the number of collaborations with different countries, especially with Canada. By contrast, six of the top 10 highest collaborative countries are located in Europe, suggesting that different countries prefer to cooperate with those countries that are geographically close, especially during social isolation policies.

Among the top 10 prolific institutions, four are located in the United States, suggesting the United States conducted more research on neurology-related work on COVID-19 and the U.S. institutions have relatively tighter cooperation in this field (Figures 4A,B). The Huazhong University of Science and Technology (China) ranked first in terms of the total citations. Mao et al. (Tongji Medical College, Huazhong University of Science and Technology, China) first reported that 36.4% of hospitalized patients with COVID-19 had neurological manifestations. This article was also the most cited article in this field, accounting for 80% of the total citations of the Huazhong University of Science and Technology. COVID-19 was first reported in Wuhan, China. There is no doubt that the city's experience has provided researchers with valuable information regarding the characterization and early treatment of COVID-19-related neurological disorders (31, 32).



Analysis on authors

The most prolific authors (n = 14 publications) were Josef Finsterer from the University of São Paulo (Austria), David Garcia-Azorin from the University Clinical Hospital of Valladolid (Spain), Nima Rezaei from the Tehran University of Medical Sciences (Iran), and Henrik Zetterberg from the UCL Queen Square Neurological Institute (UK). In terms of citations and citations per article, Tom Solomon ranked first, with 1,100 total citations and 185 citations per article. Focusing on these scholars may help new researchers design their studies and grasp the hot spots in neurological on COVID-19. For example, Josef Finsterer focuses on COVID-19-related cranial neuropathy (33, 34) and COVID-19-related GBS (35–37). David Garcia-Azorin focuses on post-pandemic neurological syndromes (e.g., persistent headache (38, 39) and insomnia (40)). Nima Rezaei first mainly focused on neurological complications of COVID-19 (41, 42) and then shifted to the neurological side effects of COVID-19 vaccination (43). Henrik Zetterberg focused on exploring potential neurochemical biomarkers and underlying mechanisms of COVID-19-related neuropathy (44–46), Tom Solomon was the most cited author because he published two articles in Lancet Neurology (3) and Lancet Psychiatry (5) that give readers a comprehensive understanding of the neurological and neuropsychiatric complications of COVID-19.



Analysis on journals

Neurological Sciences and Frontiers in Neurology were the top two prolific journals listed as Q2 by the Journal Citation Reports (JCR). In terms of impact, Journal of Neurology ranked first, with 1,535 total citations and 23.6 citations per article, and also ranked Q2 by the JCR. However, most of the highly cited articles were published in the top journals such as JAMA Neurology (4), Lancet Neurology (3), Lancet Psychiatry (47), and Brain Behavior and Immunity (48). None of the most cited articles appear in the list of the top 10 most prolific journals. This partly reflects the position of the leading journals in the field of COVID-19-related neurology. Therefore, researchers can read the classic articles in these top journals to build their knowledge base in the field and stay updated with these prolific journals.



Analysis on keywords and research frontiers

There can be no scientific investigation without prior knowledge. Keyword analysis and reference analysis help researchers gain quick insights into a given field (49). In this study, VOSviewer was used for keyword co-occurrence analysis and CiteSpace for reference analysis. A total of 104 keywords appeared more than 20 times and were clustered into seven groups by VOSviewer. CiteSpace identified 13 groups, of these seven groups represented popular topics for neurology-related research on COVID-19.


Group 1 COVID-19-related cerebrovascular diseases

The primary keywords include stroke, ischemic stroke, cytokine storm, and coagulopathy. In addition to respiratory distress symptoms in COVID-19 patients, neurological manifestations are the most common presentations. Among them, hemorrhagic stroke and ischemic stroke (IS) (50, 51) are also the most common and severe neurological complications after SARS-CoV-2 infection. Clinical studies have reported that the IS incidence ranges from 0.1 to 6.9% among hospitalized patients with COVID-19 (52). The IS incidence is higher in COVID-19 patients than in non-COVID-19 patients, especially in those with severe infections and ICU admissions (53). Moreover, COVID-19 patients with IS are younger and have more severe neurological symptoms than non-COVID-19 patients (51). Apart from arterial cerebral disorders, cerebral venous thrombosis (CVT) has also been found in some cases (54, 55). Because of mass vaccination, vaccine-induced cerebral venous sinus thrombosis (CVT) has also reported by several researchers. D'Agostino et al. reported a rare case of CVT and disseminated intravascular coagulation 12 days after COVID-19 vaccination (56). Schultz et al. (57) found that a 0.55% incidence of CVT within 1 month since the first dose vaccination and that women are more likely to develop CVT after vaccination. Mechanistically, RAS system imbalance, endothelial damage, cytokine storm, hypercoagulable state, and impaired immune function are suspected to contribute to acute cerebrovascular events and deserve more research in future (32).



Group 2 COVID-19-related neurodegenerative diseases

The main keywords include inflammation, ACE2, Alzheimer's disease (AD), Parkinson's disease (PD), and oxidative stress. Although there is insufficient evidence that PD and AD per se increase the risk of COVID-19 (58), COVID-19-related anosmia is a common feature of early PD. Blood leakage of the blood brain barrier in AD is also a target for COVID invasion. In addition, coronaviruses can be detected in the CNS of patients with PD and AD (59). All of these shows the close relationship between COVID-19 and AD or PD. Mechanically, cytokine storms and excessive oxidative stress induced by COVID-19 may trigger deleterious effects of immune responses, accelerate or exacerbate pre-existing cognitive deficits, or induce neurodegenerative diseases. Therefore, Verkhratsky et al. hypothesized that a population might be at risk of developing degenerative diseases after COVID-19 (60). Studies have shown that symptoms of movement disorders and dementia have been identified as risk factors for mortality in COVID-19 patients compared to AD and PD themselves (61). Quarantine may lead to a lack of motivation, physical disability, and increased stress and anxiety in patients with PD or AD, preventing them from engaging in active lifestyles. In addition, patients with PD and AD require routine clinical visits for physical assessment and medication modification. However, the lockdown and social isolation makes it hard during this particular time. As a result, numerous studies have explored telemedicine, transforming face-to-face clinical consultations into virtual physical examinations and consultations for patients with AD and PD (62, 63). For this, the International Parkinson's and Movement Disorders Association developed a practical step-by-step guide for implementing telemedicine in movement disorders clinics on its website (https://www.movementdisorders.org/MDS/About/Committees-other-groups/telemedicine-in-your-movement-obstacle-practice-A-Step-by-Step-Guide.htm).



Group 3 COVID-19-related encephalitis and encephalopathy

The main keywords include central nervous system, brain, encephalitis, encephalopathy, and neuroinvasive. Moriguchi et al. described the first case of meningitis and encephalitis associated with COVID-19, which occurred in a 24-year-old Japanese man. Interestingly, COVID-19-specific RNA was not detected in a nasopharyngeal swab but in the patient's cerebrospinal fluid (CSF) sample (19). By contrast, Kremer et al. reported a French multicenter cohort study involving 64 patients with confirmed neurological manifestations of COVID-19. The incidence of encephalitis was 13%, and no positive COVID-19-specific RNA was found in the CSF of these patients (64). Regarding encephalopathy, Meppiel et al. reported COVID-19-related encephalopathy in 30.2% (67/222) of patients. The authors hypothesized that toxic and metabolic causes, immune dysfunction, antiviral drugs, and hypoxia, rather than the virus itself, may cause COVID-19-related encephalopathy (65). Rutkai et al. infected SARS-CoV-2 on eight non-human primates via aerosol or multiple routes of exposure (e.g., conjunctival, nasal, pharyngeal, and intratracheal routes). The authors found that neuroinflammation, microhemorrhages, cerebral hypoxia, hypoxic-ischemic injury, neuronal degeneration, and apoptosis in the brains of these primates. They demonstrated the neuroinvasive nature of SARS-CoV-2, and these pathological findings may help provide insights into the neurological symptoms associated with long COVID (2).



Group 4 SARS-CoV-2 and its vaccine-related neuroimmune complications

The main keywords include Guillain–Barre syndrome (GBS), multiple sclerosis (MS), Bell's palsy, vaccine, and case report. The main neuroimmune disorders related to COVID-19 were GBS, MS, and Bell's palsy, all of which were characterized by demyelination and inflammation (66). Ottaviani et al. reported a woman who suffered from rapidly progressive flaccid paralysis and unilateral facial neuropathy after infected with SARS-CoV-2. Coronavirus was detected in a nasopharyngeal swab but was negative in her CSF (67). In agreement with this, in the first 6 months after the COVID-19 outbreak, Uncini et al. (68) reviewed 42 patients with COVID-19-related GBS, all of which were diagnosed with albuminocytological dissociation, rather than PCR positivity for COVID-19-specific RNA in CSF. It appears that the GBS occurrence after SARS-CoV-2 infection is not due to direct viral invasion of the nerve or CNS but rather due to immune dysfunction after COVID-19 infection. Future studies should compare patients with COVID-19-associated GBS to those with non-COVID-19-associated GBS over the same period and determine whether the incidence of GBS is elevated in COVID-19 patients in large cohorts. In the case of MS, COVID-19 does not appear to stimulate the initiation of MS. However, many researchers were interested in identifying whether the immunomodulatory treatment for COVID-19 has a negative effect on MS patients with COVID-19 infection. Loonstra et al. reported a Dutch multi-cohort study involving 86 Dutch MS patients. They found no significant negative effects of immunosuppression on patients with MS (69). Kovvuru et al. (37) also reported the same results. Immunosuppressive therapy does not make MS patients more susceptible to COVID-19. In addition to the most occurred vaccine-induced immunothrombotic events, Bell's palsy, encephalomyelitis, GBS, and transverse myelitis have been reported after COVID-19 vaccination (70). However, the authors noted that these immune-mediated neurological outcomes are rare in the vaccinated people when compared to the observed risks associated with unvaccinated COVID-19 people. Most of neurological complications related to SARS-CoV-2 vaccination are case reports. COVID-19-related mortality can currently be reduced most effectively through vaccination (71). Neurologists and policymakers should minimize reporting adverse effects related to COVID-19 vaccination and build public trust in vaccination programs to improve vaccination rates and curb the spread of infection.



Group 5 Long COVID and mental health problems

The main keywords include depression, mental health, stress, anxiety, long covid, dementia, and rehabilitation. After the initial surge of infection, concerns about acute mortality and complications of COVID-19 shifted to managing the long-term disease sequelae in survivors. As a result, post-acute COVID-19 syndrome (also known as long COVID) becomes a common syndrome. Davis et al. (72) reported the results of symptoms after 7 months of infection with COVID-19 in an international research containing 56 countries and 3,762 patients. The most common symptoms include fatigue (86.7%), post-exercise discomfort (85.9%), and cognitive dysfunction or memory issues (88%). These patients continue to suffer from the burden of these symptoms in their daily lives and are unable to return to the same level of work as they did before SARS-CoV-2 infection even months after infection. Interestingly, Duarte Romero et al. (73) reported the “long COVID” outcomes of 969 patients with severe COVID-19 after 6 months. Only 33% patients develop neurological and mental health problems. In addition, the authors found that women had a higher frequency of headaches and mental health problems. Lombardo et al. (74) reported the outcomes 1 year after COVID-19 infection, with the most prevalent symptoms being fatigue (52%), pain (48%), and sleep disturbance (47%). In addition, Kim et al. (75) reported the results of a 1-year follow-up research containing 241 patients with SARS-CoV-2 infection in Korea. The main symptoms are inattention, cognitive dysfunction, forgetfulness, depression, fatigue, and anxiety. In addition, 5.0% of the patients were receiving outpatient treatment for such symptoms after the infection was over. Older age, female gender, and disease severity were identified as risk factors for persistent neuropsychiatric symptoms. Petersen et al. (76) investigated the 8-month follow-up results of long COVID in 226 non-hospital individuals with confirmed COVID-19 diagnosis. The most common symptoms were fatigue (16%), and smell (17%), and taste (14%) dysfunction. Long COVID was more common in people taking medications every day. As for the mechanism, Dani et al. (77) proposed that long COVID may be associated with viral or immune-mediated disruption of the autonomic nervous system, leading to orthostatic intolerance syndrome. Newell et al. (78) concluded that immunological misfiring, inflammatory storms, and persistent inflammation played a key role in long COVID. However, there is a lack of concrete and consistently definition and characterization of “long COVID”. The reported prevalence of the so-called “long COVID” varies greatly. However, all physicians should be able to recognize this condition and comprehend its symptom burden. Moreover, with an increasing number of COVID-19 patients developing post-COVID manifestations, there is an urgent need to define the formal clinical “long COVID” and identify affected individuals early enough to provide the most appropriate and effective treatment.



Group 6 COVID-19-related neurological manifestations in children

The main keywords include seizures, epilepsy, pediatrics, and persistent epilepsy. Children infected with COVID-19 usually remain asymptomatic after infection, but some infected children will develop life-threatening multisystem inflammatory syndromes (MIS-C) (79). In addition to MIS-C, children with COVID-19 often develop neurological manifestations. A multicenter study of children diagnosed with MIS-C and COVID-19 showed that 5% of the children suffered severe neurological complications (e.g., seizures, coma, encephalitis, demyelinating disease, and aseptic meningitis). Among these neurological conditions, seizures were the most common reason for children visiting hospital (80). Kurd et al. (81) pointed out that seizures occurred in an early phase once children were infected with SARS-CoV-2 and may be the main manifestation of acute COVID-19 in children (11/175). Similarly, Dilber et al. (82) reported results of Turkey, where seizures (18/382) were the most common cause of hospitalization in children with COVID-19. In addition to the incidence of seizures attracted the interest from neurologists, the management of seizures also poses a significant challenge to neurologists and caregivers. Davico et al. (83) noted that during the COVID-19 pandemic, the hospital emergency visits due to childhood seizures decreased by 37% compared to those in the previous period. Furthermore, because of social isolation and lockdown policy, a large proportion of children with epilepsy have difficulties with regular clinic visits and medication refills (84). Panda et al. described their experience in providing medical advice to children with epilepsy via telephonic consultation during the pandemic. The results showed that 96% of caregivers were satisfied with the quality of this telemedicine service (85). Another study from India also found that video tele-consultation using cell phones improved the management of patients with epilepsy (86). Perhaps, telemedicine may be actively explored as an alternative strategy for the management and supervision of treatment of epilepsy patients in future.



Group 7 Telemedicine during the COVID-19 pandemic

The main keywords include epidemic, telemedicine, telehealth, and tele-neurology. Telemedicine refers to the delivery of medical care to a patient by a physician or other healthcare workers from a distance (87). The need for “social distance” and “lockdown policy” during the COVID-19 pandemic created a surging demand in the number of tele-neurology visits (88). Grossman et al. (89) described the transition of their neurology department from a face-to-face clinic to a virtual neurology practice in response to the COVID-19 pandemic. In addition, they performed a virtual neurological examination using the electronic medical record applications. Their experience suggests that changes in government rules, regulations, and payer-driven reimbursement policies during the COVID-19 period contributed to telemedicine. However, Fasano et al. (90) and Mok et al. (91) pointed out that telemedicine is only available in a few cases and limited to email or telephone contact. The authors advocate for remote management of patients with chronic neurological conditions, especially those with advanced dementia patients (e.g., AD and PD). Rametta et al. (92) analyzed 2,589 child tele-neurology visits during the COVID-19 pandemic. The results showed that 93% of clinicians (1,200/1,286) were satisfied with telemedicine services, and 89% (1,144/1,286) recommended telemedicine as an integral part of follow-up care after the COVID-19 pandemic. However, in a survey of telepractice visits to pediatric epilepsy clinics, physicians (79.9%) were less satisfied with telepractice than parents (91.3%) who used the telephone for their children remote encounters (93). Challenges to the widespread use of telemedicine in neurology clinics include (1) the lack of effective clinical examinations; (2) increased social isolation; (3) difficulties with patients with cognitive impairment; (4) workflow and technology availability challenges; and (5) legal issues and reimbursement problems (94). As the COVID-19 pandemic has caused worldwide social dislocation and operational and economic dysfunction, and its impacts on routine healthcare delivery may last for a long time, healthcare planners, policymakers, and academics should address these problems in future.


Limitations

First, we only extracted data from the WoSCC to meet the data formatting standards of visualization tools such as CiteSpace and VOSviewer. However, the WoSCC database, as one of the most widely available and recognized global resources, has been used in several previous high-quality bibliometric studies (95, 96). Second, this study produced a language and article-type bias as we only selected “English” literature published as “original articles or reviews”. Although “English” remains the most common language for academic publications worldwide, several articles have been published in non-English languages, such as Chinese, Japanese, and Portuguese. We excluded documents such as letters to the editor and editorials because the detailed information (e.g., authors, affiliations, keywords, and cited references) is often incomplete in these publication types. Third, total citations and citations per article are affected by time and remain controversial as a comprehensive indicator of the quality of an article or an author. Similarly, the number of publications is not the only indicator of a journal's impact or activity as other metrics (e.g., impact factor, SNIP, CiteSpace, and SJR) are widely used. Fourth, articles published in 2022 only cover the first 4 months of the year, and database updates may result in discrepancies. However, we believe that the low citation frequency of new publications has less impact on our conclusions.






Conclusion

This study provides researchers with valuable information on publication trends, potential collaborations, topical issues, and frontier research topics in neurology-related research on COVID-19. During the COVID-19 pandemic, there has been a growing interest in this field. Research topics have shifted from “ethics, autopsy, and telemedicine” in 2020 to various neurological conditions related to COVID-19 in 2021, such as stroke, AD, PD, GBS, MS, childhood seizures, and long COVID. The following three topics deserve further research in future: tele-neurology during the COVID-19 pandemic, COVID-19-related neurological complications and mechanisms, and long COVID.
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Background: The coronavirus disease 2019 (COVID-19) pandemic as well as the subsequent prevention and control measures is like a quasi-experiment intervention that might have changed the features of emergency hospitalizations. Mortality is high in patient hospitalization due to emergency respiratory diseases (ERD). Therefore, we compared the characteristics of these patients before and during the pandemic. Exploring this issue might contribute to decision-making of emergency management when most of the resources and attention has been devoted to combat COVID-19.

Methods: This study was a retrospective observational cohort study. All emergency hospitalizations due to ERD from January 1, 2019 to December 31, 2020 in a tertiary hospital in China were included. Data including patients’ age, sex, and clinical outcomes were extracted. Air quality was collected from the official online platform. Clinical characteristics were compared and odds ratios were calculated.

Results: The ERD hospitalization rate was lower in 2020 than in 2019 (6.4 vs. 4.3%, χ2 = 55.449, P = 0.000) with a 50.65% reduction; however, the patients were older in 2020 than in 2019 (P = 0.000) with a higher proportion of admission to the intensive care unit (ICU) (46 vs. 33.5%, χ2 = 20.423, P = 0.000) and a longer ICU stay (P = 0.000). The overall intubation rate, hospital mortality, and rate of discharge due to ineffective treatment in 2020 were higher than those in 2019 (15.6 vs. 8%, χ2 = 18.578, P = 0.000; 4.2 vs. 1.1%, χ2 = 4.122, P = 0.000; 5.5 vs. 2.4%, χ2 = 8.93, P = 0.000, respectively). The logistic regression analysis indicated hospitalizations due to ERD were mainly associated with PM2.5 and sulfur dioxide on the day, and on the 4th and 5th days before admission (P = 0.034 and 0.020, 0.021 and 0.000, 0.028, and 0.027, respectively) in 2019. However, in 2020, the relationship between parameters of air quality and hospitalization changed.

Conclusion: The COVID-19 pandemic has changed the characteristics of emergency hospitalization due to ERD with a larger proportion of severe patients and poorer prognosis. The effect of air quality on emergencies were weakened. During the COVID-19 pandemic, it is necessary to pay more attention to the non-COVID-19 emergency patients.

KEYWORDS
COVID-19, emergency hospitalization, respiratory diseases, prognosis, emergency management (EM)


Introduction

Over the past 2 years, the coronavirus disease 2019 (COVID-19) pandemic has caused unprecedented challenges in the worldwide healthcare system and critical care medicine (1). At present, there is still no sign of the pandemic receding. To reduce the effect of COVID-19 on human, various prevention and control strategies have been adopted around the world (2). China has adopted a few control strategies aimed to keep the dynamic clearing target and has achieved an acceptable effect (3) although the control measures might result in substantial productivity losses, which account for about 2.7% of China’s annual gross domestic product (US dollar 382.29 billion) (4). In China, the public are required to adhere to some personal protection measures (PPMs) including wearing a mask, keeping proper social distance, and maintaining hand hygiene during daily life.

The mortality rate was high in emergency patient hospitalization because of respiratory diseases (5). It was shown that emergency respiratory diseases (ERD) causing emergency visits and hospitalizations were mainly affected by infection through the airway (6, 7) and poor air quality (8–11). The COVID-19 epidemic situation has improved the recognition and knowledge about respiratory diseases by the public, and simultaneous PPMs have become a habit in China. Therefore, wearing a mask and keeping social distance and hand hygiene might play an important role in preventing respiratory tract infection of the public. In addition, masks could protect people from particulate matter exposure (12) and cold air (13) because of the filtration and partition effect. In the years prior to COVID-19, few people in China have had the habit of wearing masks unless the job required it. The lifestyle change by the pandemic accompanied with the control measures is just like a quasi-experiment intervention that might have changed the features of emergency visits and hospitalizations including the emergency hospitalization due to ERD. Exploring this issue might contribute to decision-making of the emergency management while most of the resources and attention has been devoted to COVID-19. In this study, the pandemic along with the PPMs was considered as an exposure, we primarily aimed to expound the effect of this exposure on the hospitalization characteristics due to ERD pre- and post- COVID-19 pandemic. the secondary objective was to explore whether the exposure would weakened the effect of air quality on the emergency hospitalization.



Materials and methods


Participants

This retrospective observational cohort study was approved by the Ethics Committee of the First Affiliated Hospital of Zhengzhou University (No: 2021-KY-0587). All emergency hospitalizations because of ERD from January 1, 2019 to December 31, 2020 in the first affiliated hospital of Zhengzhou university were included in the study. Data were extracted from electronic emergency medical record system, which were searched for the hospitalized patients and then the final diagnosis of patients were checked according to the international classification of diseases one by one for the causes of emergency hospitalization in the hospital information system. The causes were firstly classified into ERD and non-ERD, and then the specified cause of emergency hospitalization due to ERD was recorded. Additionally, patients diagnosed as COVID-19 were not included in this study although COVID-19 itself was ERD, these patients were firstly managed in the fever clinic and then hospitalized in the ward for infectious diseases; the non-COVID-19 patients with fever were included when they returned to the emergency department after being eliminated by the fever clinic from the suspected cases of COVID-19 according to the China medical visit guide. Information about the included patients were extracted and stored in Excel including patients’ age, sex, ward of hospitalization, intubation or not, and clinical outcomes.



Atmosphere air quality

In consideration of the emergency visits and hospitalizations might be affected by atmosphere air quality and climate change, we collected data of air quality in the district where the hospital was located from the official online monitoring and analysis platform in China.1 The key related parameters of air quality and weather included air quality index, air quality grade, particulate matter 2.5 (PM2.5), PM10, PM 25, sulfur dioxide, carbon monoxide, nitrogen dioxide, ozone, and air temperature. According to the calendar year, spring, summer, fall, and winter started on February 4th, May 6th, August 8th, and November 8th in 2019 and February 4th, May 5th, August 7th, and November 7th in 2020, respectively.



Statistical analysis

Continuous outcomes with abnormal distribution tested by Kolmogorov-Smirnov were reported as median and interquartile range (IQR) and compared by non-parametric rank sum test. For discontinuous outcomes, the data were expressed as the number of a certain event and the proportions, and then analyzed by Chi-square test. Air quality parameters were performed regression analysis according to those on the day of hospitalization for ERD and non-hospitalization for ERD by multiple factor binary logistic regression to get the odds ratios (ORs) and confidence intervals (CIs). For the air quality parameters on the fourth, fifth, sixth, and seventh days before the day of ERD and non-ERD, regression analysis was performed in the same way to reflect the lag effect of air quality. The parameters which were found independently associated with the hospitalization for ERD were further analyzed according to the level of the parameters and the number of laging days. Statistical significance was set at a P value of < 0.05. The statistical softwares we employed were SPSS version 26.0 (IBM Corp., Armonk, NY) and Stata/IC 16.1 single user’s version (StataCorp LLC.,TX, United States).




Results


Characteristics of emergency hospitalization due to emergency respiratory diseases before and during the COVID-19 pandemic

As shown in Figure 1, in the year of 2019, before the COVID-19 pandemic, there were 95,448 patients visiting to the emergency department of the first affiliated hospital of Zhengzhou university. All cause hospitalization was 14,284, and the rate was 15.0%. There were 920 patients hospitalized due to ERD, accounting for 0.96% of the total number of emergency outpatients and 6.4% of the all cause hospitalizations. In 2020, under the COVID-19 pandemic, there were 89,723 emergency outpatients, the all cause hospitalizations and rate were 10,645 and 11.9%, respectively, there were 454 patients who were hospitalized due to ERD accounting for 0.51% of the total emergency outpatients and 4.3% of the all cause hospitalizations. The all cause and ERD hospitalization rates were lower in 2020 than those in 2019 (χ2 = 387.12 and 55.449, P = 0.000 and P = 0.000, respectively). There was a 50.65% reduction in emergency hospitalization due to ERD. However, the patients were older in 2020 than those in 2019 (P = 0.000) with a higher rate of tracheal intubation (15.6 vs. 8%, P = 0.000). In 2020, the proportion of patients admitted to the intensive care unit (ICU) was higher (46 vs. 33.5%, χ2 = 20.423, P = 0.000) with a longer ICU stay (P = 0.000). The survival rate (78.4 vs. 88.9%, χ2 = 26.942, P = 0.000) in 2020 was higher than 2019 with higher hospital mortality (4.2 vs. 1.1%, χ2 = 14.122, P = 0.000), discharge due to ineffective treatment (5.5 vs. 2.4%, χ2 = 8.93, P = 0.000) and discharge against clinical advice (11.9 vs. 7.6%, χ2 = 6.8, P = 0.000). There was no significant difference in the length of hospital stay between the 2 years (P = 0.648). The pandemic along with the PPMs reduced the proportion of community acquired pneumonia (χ2 = 7.667, P = 0.006) and lower airway infections (χ2 = 14.582, P = 0.000), but increased the risk of asthma attack (χ2 = 5.761, P = 0.016), or acute respiratory failure (χ2 = 30.09, P = 0.000), the difference in other ERDs was not significant (P > 0.05) (Table 1). The distribution of hospitalizations by season is shown in Figure 2. There was no significant difference in the ratio of hospitalization in each season between the 2 years, but the ICU hospitalization rate was higher in spring and autumn of 2020 than the corresponding seasons of 2019 (55.38 vs. 35.8%, χ2 = 8.343, P = 0.004; 55.95 vs. 25%, χ2 = 23.946, P = 0.000, respectively).
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FIGURE 1
Flow diagram.



TABLE 1    Clinical characteristics of hospitalized patients due to ERD, air quality on the day of hospitalization.
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FIGURE 2
Distribution of emergency hospitalizations by season due to respiratory diseases. ICU, intensive care unit; [image: image] the ICU hospitalization rate was higher in spring and autumn of 2020 than the corresponding seasons of 2019 (55.38 vs. 35.8%, χ2 = 8.343, P = 0.004; 55.95 vs. 25%, χ2 = 23.946, P = 0.000, respectively).




Effect of air quality on the emergency hospitalization due to emergency respiratory diseases

Between the 2 years, most parameters of air quality on the day of hospitalization were non-significant except for PM10 (median, 93.57; IQR 10.3–136 vs. median, 90; IQR 18–123, P = 0.017), carbon monoxide (median, 0.8; IQR 0.7–1.2 vs. median, 0.8; IQR 0.6–1.1, P = 0.000), nitrogen dioxide (median, 44; IQR 34–60 vs. median, 41; IQR 29–54, P = 0.000) (Table 1). The multivariate regression analysis indicated the hospitalizations due to ERD were mainly associated with PM2.5 and sulfur dioxide on the day of admission and on the 4th and 5th days before the admission (P = 0.034 and 0.020, 0.021 and 0.000, 0.028, and 0.027, respectively) in 2019. However, in 2020, the relationship between parameters of air quality and the hospitalization changed. There were only a few specific parameter of air quality that could be considered as potential risk factors of hospitalization. The effect of air quality on hospitalization was not dramatically affected by the season in both 2019 and 2020 (Table 2). As shown in Figure 3, the emergency hospitalization was affected by air quality (mainly PM2.5,SO2,NO2) on the fourth day (Figure 3C), on the fifth day (Figure 3D) before the admission pre-COVID-19, which reflected the significant hysteresis effect, whereas the effect was weakened during COVID-19 pandemic.


TABLE 2    Multiple factor binary logistic regression investigating independent predictors of admission due to ERD.
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FIGURE 3
The effect of AQ on the admission pre and under COVID-19. (A) AQ on the day of admission. (B) AQ on the third before admission. (C) AQ on the fourth before admission. (D) AQ on the fifth before admission. (E) AQ on the sixth before admission. (F) AQ on the seventh before admission. AQ, air quality; OR, odds ratio; CI, confidence interval; PM2.5, particulate matter 2.5; PM10, particulate matter 10; PM25, particulate matter 25; SO2, sulfur dioxide; CO, carbon monoxide; NO2, nitrogen dioxide; AQ grade: 1 = excellent, 2 = good, 3 = mild pollution, 4 = moderate pollution, 5 = heavy pollution 6 = severe pollution; *indicates a significant result. AT, air temperature.




The laging effect of PM2.5 on hospitalization due to emergency respiratory diseases

As shown in Table 3, the hysteresis of PM2.5 on hospitalizations owing to ERD was analyzed further according to the concentration grade of PM2.5. The ORs of hospitalizations owing to ERD increased with the PM2.5 concentration grade, especially on the day and the laging 5th day in 2019 and on the day and the laging 1st, 2nd, and 6th days in 2020.


TABLE 3    Hysteresis effect of different concentration grade of PM2.5.
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Discussion

In this study, we found that the COVID-19 pandemic reduced hospitalization due to ERD, but the proportion of critical patients was higher with poorer prognosis than that in the pre-pandemic era. Before COVID-19, hospitalizations due to ERD were affected by air quality while this effect might be weakened under the pandemic of COVID-19 with a larger proportion of severe patients with poorer prognosis.

The COVID-19 pandemic causes various impacts on human activity including the emergency visit and hospitalization (14–16), this phenomenon was reported in the other respiratory infectious diseases included severe acute respiratory syndrome (17), middle east respiratory syndrome coronavirus (18), and the novel influenza A (19). Therefore, the COVID-19 pandemic might change the characteristics of emergency hospitalization due to ERD, it is necessary to identify these changes and focus more on improving the care of non-COVID-19 emergency patients during the current pandemic because the mortality was high for emergency visits due to ERD (5). In this study, we found that the number of emergency visits and hospitalization decreased sharply, which was similar with the United States (20, 21), although the epidemic control measures did not affect patients’ convenience of emergency visits. There was a 5% reduction in the number of emergency outpatient visits, a 25.5% reduction in emergency hospitalizations, and a 50.65% reduction in emergency hospitalization due to ERD, which was backed by another study (14).

This downward trend was also found in the studies on general surgical emergencies (22–24), neurological diseases (25), and serious cardiovascular events (26). This might be partially due to patients with mild discomfort avoiding the hospital for fear of being infected with COVID-19 (27). As shown in Table 1, during the pandemic, patients who were hospitalized emergently were older with a higher chance for ICU admission, a higher chance of intubation, and a longer ICU stay, which implied the patients suffered from more critical diseases. After the pandemic outbreak, the survival rate was lower and the mortality was higher in both the general ward and the ICU than those before the pandemic, which denoted a poor prognosis. This was consistent with the findings in neurological diseases (25), and out-of-hospital arrest patients (with lower rate of successful resuscitation, and higher mortality) (28). Additionally, the pandemic along with the PPMs have reduced the proportion of community acquired pneumonia and lower airway infections, but increased the risk of asthma attack, or acute respiratory failure, which might be caused by the delay to hospital due to patients’ fear of infection. These findings emphasize that it is also necessary to pay more attention to the non-COVID-19 emergency patients and ensure adequate medical personnel under this lengthy pandemic when people are involved in combating the pandemic. The hospital mortality was lower than the reported 30 day mortality (12.5%) (5), which might be attributed to traditional Chinese customs, that is, family members of the patients are unwilling to accept their relatives’ decease in hospital and would choose to take the patients home when the rescue is ineffective, and the end of life is near. We classified this portion of patients into “discharge due to ineffective treatment,” who would be clinically deceased in a very short time.

This study indicated that poor air quality prior to the COVID-19 pandemic increased the risk of emergency hospitalization for respiratory diseases and there was a certain hysteresis effect, which was consistent with the research results of a developed city, Hangzhou, in China (8). PM2.5 is particularly important among air quality indicators, as it increases the number of hospitalizations on the day and extends the laging-effect to 4 ∼ 5 days, which is longer than another study in Beijing (11). Additionally, we also found that the other gaseous pollutants such as sulfur dioxide and carbon monoxide also have an important impact on the emergency hospitalization caused by respiratory diseases. It has been stated that exposure to air contaminants provokes inflammatory reactions, disrupts the human immune system, and increases the expression of receptors that favors viruses entering the respiratory system (29). The impact of air quality on hospitalization was not different in different seasons. Therefore, the number of inpatients in different seasons is mainly related to temperature because the four seasons are distinct in our city. The outdoor temperature difference between winter and summer is about 45°C.

During the COVID-19 pandemic, the effect of air quality on emergency hospitalization was weakened, which may be related to the improvement of hygiene habits, longer social distance, and the improvement of air quality itself. In most countries, wearing a mask was recommended by public health authorities during the pandemic and the proportion of mask usage increased remarkably, which was illustrated by large consumption of masks and the extraordinarily prosperous mask technology (30), although the public in different countries have varied attitudes toward wearing masks (31). It was shown that wearing a mask could prevent the public population from COVID-19 contamination albeit robust randomized controlled trials were still needed (32). For a country with a large population, it is prone to population gathering and easy to cause disease transmission among crowds. As a result, stricter mask-related policies were adopted in China, especially when people appeared in public places. The popularization of health knowledge in the public has improved the performance of hand hygiene (33) with higher compliance (34). Wearing facemasks and keeping good hand hygiene could prevent microorganism transmission (not limited to COVID-19) (35). Keeping longer social distance further decreased the risk of exposure considering the propagation of infectious pathogens depended on the number and types of touch between contagious and susceptible hosts (36). According to the findings, PPMs might be useful in our daily life to prevent exacerbation of respiratory diseases, and may be meaningful for the older patients with underlying respiratory system diseases. One fact that has to be faced is that the effect of PPMs was affected to some extent by the adherence to PPMs based on different socio-culture and air quality, which should be considered when the findings of this part were adopted. Additionally, the improvement of air quality itself also weakened the effect of air quality on hospitalization due to ERD. According to the needs of epidemic prevention and control, the government has restricted some industrial production, which has changed the air quality of our country to a certain extent (37).

There were some limitations in this study. First, the shortcomings arose from the method of the observation research itself. Second, fever clinics may divert some emergency patients with respiratory diseases although non-COVID-19 patients with fever still need to return to the emergency after being checked by the fever clinic according to the China medical visit guide. Third, ERD conditions were defined with ICD-10 diagnosis but discrepancy might exist during the coding practices; Forth, the air quality was not completely same in the 2 years. Part of the air quality parameters were better in 2020 and might weaken the effect of air quality on acute hospitalizations due to ERD in a certain extent and even cause a bias. Finally, this was a single center study and the data only reflected the character of emergency hospitalizations in one local place, which indicated that large and multi-center trials are still needed.

In conclusion, the COVID-19 pandemic has changed the characteristics of emergency hospitalization due to ERD with a larger proportion of severe patients and poorer prognosis. The effect of air quality on emergency were weakened. During the COVID-19 pandemic, it is necessary to pay more attention to the non-COVID-19 emergency patients and to ensure adequate medical personnel. Large and multi-center trials are still needed to confirm the findings of this study.
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Objectives: This study aims to create and validate a useful score system predicting the hyper-inflammatory conditions of COVID-19, by comparing it with the modified H-score.

Methods: A total of 98 patients with pneumonia (without oxygen therapy) who received initial administration of casirivimab/imdevimab or remdesivir were included in the study. The enrolled patients were divided into two groups: patients who required corticosteroid due to deterioration of pneumonia, assessed by chest X-ray or CT or respiratory failure, and those who did not, and clinical parameters were compared.

Results: Significant differences were detected in respiratory rate, breaths/min, SpO2, body temperature, AST, LDH, ferritin, and IFN-λ3 between the two groups. Based on the data, we created a corticosteroid requirement score: (1) the duration of symptom onset to treatment initiation ≥ 7 d, (2) the respiratory rate ≥ 22 breaths/min, (3) the SpO2 ≤ 95%, (4) BT ≥ 38.5°C, (5) AST levels ≥ 40 U/L, (6) LDH levels ≥ 340 U/L, (7) ferritin levels ≥ 800 ng/mL, and (8) IFN-λ3 levels ≥ 20 pg/mL. These were set as parameters of the steroid predicting score. Results showed that the area under the curve (AUC) of the steroid predicting score (AUC: 0.792, 95%CI: 0.698–0.886) was significantly higher than that of the modified H-score (AUC: 0.633, 95%CI: 0.502–0.764).

Conclusion: The steroid predicting score may be useful to predict the requirement of corticosteroid therapy in patients with COVID-19. The data may provide important information to facilitate a prospective study on a larger scale in this field.

KEYWORDS
 COVID-19, cytokine storm, hyper-inflammation, predicting score, corticosteroid


Introduction

Numerous studies have shown that cytokine storms, a state of systemic hyper-inflammation, are among the most characteristic pathophysiologies of the severe coronavirus disease 2019 (COVID-19) (1, 2). According to the National Cancer Institute, a cytokine storm is a severe immune response that occurs when cytokines are excessively released into the blood, triggered by various causes, such as infectious diseases, autoimmune diseases, drug treatments, and malignant diseases (3). During COVID-19, the immune response begins with the local immune system and then progresses to the systemic immune system. Following viral infection in host tissues such as the lung, local innate and adaptive immunity is activated. These local immune systems trigger pro-inflammatory cytokines that develop into a systemic immune response (4). During cytokine storms, the overproduction of pro-inflammatory cytokines, such as tumor necrosis factor-alpha (TNF-α), interleukin-1 (IL-1), and interleukin-6 (IL-6) can result in systemic hyper-inflammatory responses, vascular hyper-permeability, and in rare cases, acute respiratory distress syndrome (ARDS), multiple organ failure, and death (1, 2). Thus, it is crucial in clinical practice to predict systematic immune responses (cytokine storms) in the early stages to prevent COVID-19 lung deterioration.

Corticosteroids are one of the most effective treatments for suppressing hyper-inflammatory immune responses in COVID-19 (5). Corticosteroid administration can suppress immune activation and reduce viral clearance, if initiated at the appropriate time (6). To prevent systemic inflammation in viral diseases, the following strategies are largely recommended: (1) reducing viral entry and replication by targeting critical components of these viral activities and (2) suppressing virus-induced inflammation by interfering with relevant host immune pathways. Among these, the latter approach corresponds to corticosteroids (4). Therefore, we hypothesize that if corticosteroid administration can be predicted in advance, it will be easier to determine whether hospitalization is required.

It has been reported that administering corticosteroids too early in the phase of COVID-19 lowers the inflammatory status and disease severity, increasing the viral load and causing harm to these patients (6). Thus, a scoring system that can predict hyper-inflammation rates requiring corticosteroid administration is required. In addition, whether or not any predicting score for the hyper-inflammation of COVID-19 exists remains an unanswered question. Furthermore, although the H-score is considered close to the score for predicting the systemic hyper-inflammatory status of COVID-19, it is considered inappropriate to be applied to COVID-19 because the cut-off value of the H-score for ferritin and fever is too high. Moreover, bone marrow biopsy findings need to be incorporated into the score. Notwithstanding, some studies have reported that the H-score may be valuable in COVID-19 prediction if modified (7–9).

Based on these facts, this study examined patients with COVID-19 hospitalized due to moderate pneumonia without oxygen administration. We also observed the characteristics of patients who were resistant to standard treatments and required corticosteroids because of worsening pneumonia (i.e., hyper-inflammation). Subsequently, we created a corticosteroid prediction score and examined the validity of this scoring system by comparing it to the H-score.



Materials and methods


Study design and patients

This single-center retrospective study investigated 307 patients with COVID-19 admitted to the department of pulmonary medicine, International University of Health and Welfare Narita Hospital between June and December 2021. First, COVID-19 infections were confirmed using quantitative reverse-transcription polymerase chain reaction (RT-PCR). Then, among the 307 patients with COVID-19 admitted to our hospital during this period, 199 patients with oxygen therapy on admission were excluded, 5 patients without pneumonia were excluded, and 5 patients administered casirivimab/imdevimab (CRVM/IDVM) without risk factors were excluded. Therefore, 98 patients with COVID-19 pneumonia (without oxygen therapy) were included in our study. Of these 98 patients, the rate of Japanese population was 85.7% (n = 84). Subsequently, these patients were divided into the steroid-required group and the steroid non-required group. The study flowchart is shown in Figure 1.


[image: Figure 1]
FIGURE 1
 The study population flowchart. The final study cohort comprised 98 patients. COVID-19, coronavirus disease 2019. CRVM/IDVM, casirivimab/imdevimab; RDV, remdesivir.




Clinical assessment

Data were extracted from the hospital's electronic medical records obtained from patients on hospitalization, such as their symptoms, vital signs, peripheral capillary oxygen saturation (SpO2), oxygen demand, laboratory test results, computed tomography (CT) scan results, and patient characteristics, including age (in years), sex, and body mass index (BMI; in kg/m2). These data were collected when the study's drug administration began [i.e., CRVM/IDVM or remdesivir (RDV)] (day 1). During hospitalization, vital signs were assessed every day, such as body temperature, blood pressure, pulse, oxygen saturation (SpO2), oxygen usage, and respiratory rate. The features of CT findings on admission were also analyzed by focusing on the presence of a bilateral shadow, subpleural shadow, ground-glass opacity, consolidation, reticulated shadow, linear shadow, interstitial thickening, pleural effusion, mediastinal lymphadenopathy, and diffuse liver concentration, in which two skilled operators (one radiologist and one pulmonologist) blinded to the clinical history subsequently classified. Finally, a chest X-ray (day 1, 4, 8, 11, 15, 29) or CT (day 1, 8, 15, 29) were mainly used to determine the deterioration of pneumonia.



Definition of the disease severity

According to the Ministry of Health, Labor and Welfare of Japan, disease severity was categorized into four stages: mild, moderate I, moderate II, and severe. The mild disease was defined as a lack of respiratory symptoms, pneumonia, and oxygen saturation levels (SpO2) ≥ 96%. However, moderate disease I was defined as mild respiratory symptoms, radiological pneumonia findings, and a 93% < SpO2 < 96%. Furthermore, moderate disease II was defined as SpO2 ≤ 93% requiring oxygen support. Then, the severe disease was defined as requiring mechanical ventilation (MV) or extracorporeal membrane oxygenation (ECMO) support for ARDS (10). The diagnosis and severity were determined after discussions at the respiratory medicine conference so that the judgment would not differ depending on the clinician.



Definition of severity risk factors in our hospital

Severity risk factors based on the Ministry of Health, Labor, and Welfare of Japan were defined as factors corresponding to any risk factor mentioned in the COVID-19 medical care guideline from Japan, the CoV-2067 trial adoption criteria, and the risk factor mentioned in the US Emergency Use Permit (EUA) (10–12). Based on these arrangements, the following factors were defined as severe factors in this study: Age ≥ 50 (years), BMI ≥ 25 kg/m2, diabetes mellitus, hypertension, dyslipidemia, smoking, cardiovascular disease, chronic lung disease or asthma, chronic kidney diseases, chronic liver diseases, immunosuppressive conditions, neurodevelopmental disorders, or other conditions that confer medical complexity and have medically-related technological dependence.



Criteria and duration of casirivimab/imdevimab and remdesivir administration as a first-choice treatment

While CRVM/IDVM was administered mainly from September to December 2021, RDV was mainly administered from June to August 2021. According to a previous clinical trial, 1200 mg single intravenous infusion of CRVM/IDVM was performed for patients experiencing the severe type of COVID-19 as determined by our hospital (13). Similarly, RDV was administered intravenously for 5 days-−200 mg on the first day and 100 mg once a day after the second day of administration (14, 15). For both drugs, the observation period after administration was provided during hospitalization.



Definition of the steroid required group

We performed a systemic corticosteroid administration when the diagnosis was considered a deterioration of pneumonia, despite initial treatment of CRVM/IDVM or RDV, defined as the steroid required group (otherwise, the steroid non-required group). This diagnosis was made when any of the following were observed: (1) pneumonia enlargement during hospitalization after chest X-ray or CT and (2) increase in oxygen demand within 24 h.



Criteria of the H-score

The H-score demonstrates the probability of the presence of secondary haemophagocytic lymphohistiocytosis (HLH). Criteria of the H-score are shown in the Supplementary material 1. Cytopenia was defined as either a hemoglobin concentration ≤9.2 g/dL, a white blood cell count ≤5,000 leukocytes per mm3, platelet count ≤110,000 platelets per mm3, or all of these criteria combined (bone marrow is not essential to diagnose HLH). Meanwhile, immunosuppression was defined as being HIV positive or receiving long-term immunosuppressive therapies (16). Since we followed the study by Bordbar et al., zero scores were recorded for those items with no available data, such as hemophagocytosis in bone marrow smears, because it was unethical to perform a bone marrow puncture when treating COVID-19 (8).



Statistical analysis

Summary statistics were calculated using the mean [± standard deviation (SD)], frequency distributions, or proportions for baseline variables. However, we first compared the mean values (± SD) and quartiles between the two groups for continuous variables. Subsequently, the Kolmogorov–Smirnov test (2-sided) and Shapiro–Wilk test were used to test normality, after which homoscedasticity was further tested using the F-test. Next, the Welch t-test and Mann–Whitney U test were performed according to the data distribution. For continuous variables, such as age and BMI, we first compared the mean values (± SD) and quartiles between the two groups. Then, Fisher's exact test was used to determine the significance of differences based on the groups. Key characteristics of the variables were later studied. In the analysis with 98 patients, a logistic regression model was fitted with age, male sex, RDV as a first-choice treatment, the corticosteroid predicting score ≥ 10 points, and IFN-λ3 levels ≥ 13.6 pg/mL. A p < 0.05 was considered statistically significant. Cut-off values were also evaluated using a receiver operator characteristic (ROC) curve analysis and an area under the ROC curve (AUC). Higher AUC values were considered to demonstrate better discriminatory abilities as follows: excellent discrimination, 0.9 ≤ AUC; good discrimination, 0.80 ≤ AUC < 0.90; fair discrimination, 0.70 ≤ AUC < 0.80; and poor discrimination, AUC < 0.70. For a diagnostic test to be meaningful, the AUC must be >0.5 (17, 18). Finally, all statistical analyses were conducted using EZR (Saitama Medical Center, Jichi Medical University, Saitama, Japan), a graphical user interface for R, and a modified version of the R commander designed to add statistical functions frequently used in biostatistics (19).




Results


Backgrounds of the patients

Table 1 shows the clinical characteristics of 98 patients in the study cohort by comparing the steroid non-required group (n = 74) and steroid required group (n = 24). No significant difference was observed between the two groups based on univariate analysis.


TABLE 1 Patient's characteristics.

[image: Table 1]



Clinical parameters of the patients

Table 2 mainly shows the findings of the patient cohorts on admission, comparing the two groups. Based on the univariate analysis, although the value of SpO2 was significantly lower, values of the respiratory rate, aspartate transaminase (AST), ferritin, lactate dehydrogenase (LDH), interferon lambda 3 (IFN-λ3), and the H-score were significantly higher in the steroid required group than in the steroid non-required group. Additionally, the ratio of the body temperature (BT) ≥ 38.5°C was higher in the treatment failure group than in the treatment success group (62.5 vs. 37.8%). Still, it did not lead to a statistically significant difference (p = 0.0569). Meanwhile, no significant difference was observed between the two groups in analyzing CT findings.


TABLE 2 Characteristics and outcomes of patients on admission.

[image: Table 2]



The setting and result of the predicting score model for predicting the administration of corticosteroids (a SP-score)

Based on the data, corticosteroid requirement score was established. Table 3 shows the predicting score model for corticosteroid administration (a steroid predicting score; SP-score). Score parameters were constructed based on the following: (1) the duration of symptom onset to treatment initiation ≥ 7 d, (2) respiratory rate ≥ 22 breaths/min, (3) SpO2 ≤ 95%, (4) BT ≥ 38.5°C, (5) AST ≥ 40 U/L, (6) LDH ≥ 340 U/L, (7) ferritin ≥ 800 ng/mL, and (8) IFN-λ3 ≥ 20 pg/mL. Subsequently, while the cut-off values of AST, LDH, ferritin, and IFN-λ3 were determined based on ROC analysis (Figure 2), cut-off values of the respiratory rate and SpO2 were determined based on univariate analysis (Table 2).


TABLE 3 A scoring model for predicting the administration of corticosteroids.
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FIGURE 2
 The setting of biomarker cut-off values. Receiver operating characteristic (ROC) curves for the highest area under the curve (AUC) values are shown. ROC curves were analyzed to determine the cut-off values for each biomarker. The arrow indicates the cut-off point for each factor. Cut-off values (specificity and sensitivity), AUCs, and 95% confidence interval (CI) for each biomarker are shown. AST, aspartate transaminase; LDH, lactate dehydrogenase; IFN-λ3, interferon lambda 3.


Given that vital signs are one of the most important findings that reflect the general condition, we added four points if it corresponded to the respiratory rate ≥ 22 breaths/min or SpO2 ≤ 95%. The frequency of steroids-required group with BT ≥ 38.5°C tended to be (not statistically) higher than that of the steroid non-required group; thus, we added two points if it corresponded to the BT ≥ 38.5°C. Furthermore, three points were added if they corresponded to the AST, LDH, ferritin, or IFN-λ3, and one point was added based on the duration of symptom onset to treatment initiation ≥ 7 d. The total score was defined as the predicting score of a patient.



Setting of the cut-off value of SP-score

Figure 3 shows the performance of the SP-score, compared with the H-score. ROC analysis defined the cut-off values of the SP-score and the H-score, both of which were predicted to account for corticosteroid administration. The cut-off value of the SP-score was 10 (AUC: 0.792; a fair discrimination, 95%CI: 0.698–0.886). Furthermore, although the H-score >169 was 93% sensitive and 86% specific for HLH, the score was not reported to be as high as HLH in patients with COVID-19 (8). Additionally, from the result of the univariate analysis (Table 2), the H-score of the steroid-required group presented significantly higher scores than the steroid non-required group (62.8 ± 31.1 vs. 47.8 ± 30.1, p = 0.0378). Besides, none of the patients in this study demonstrated a score of 169 or more. Therefore, the cut-off value of the H-score for predicting steroid administration was modified using ROC analysis. As a result, the modified cut-off value of the H-score was 83 (AUC: 0.633; a poor discrimination, 95%CI: 0.502–0.764). Comparing the AUC of the SP-score and the H-score, the AUC of the SP-score was significantly higher than that of the H-score (p = 0.0241).
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FIGURE 3
 Performance of the SP-score. Receiver operating characteristic (ROC) curves for the highest area under the curve (AUC) values are shown. Subsequently, ROC curves were analyzed to determine the cut-off values for each biomarker. The arrow indicates the cut-off point for each factor. Cut-off values (specificity and sensitivity), AUCs, and 95% confidence interval (CI) for each biomarker are shown. SP-score, steroid predicting score.




Multivariate logistic regression analysis of factors for steroid administration

Table 4 shows the analysis of factors accounting for steroid administration. Factors like age, male sex, RDV as a first-choice treatment, a SP-score ≥ 10 points, and IFN-λ3 ≥ 13.6 pg/mL were analyzed. Among these factors, the multivariate analysis showed that a SP score ≥ 10 points significantly affected the steroid administration (OR: 6.91, 95%CI: 2.120–22.500, p = 0.0014).


TABLE 4 Multivariate logistic regression analysis of factors accounting for conditions requiring steroid administration.
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Discussion

This study revealed several findings. First, a score for the early predictor of COVID-19 hyper-inflammation status named the steroid predicting score (SP-score), composed of a body temperature ≥ 38.5°C, respiratory rate ≥ 22 breaths/min, SpO2 ≤ 95%, a duration from symptom onset to treatment initiation ≥ 7 d, AST ≥ 40 U/L, LDH ≥ 340 U/L, Ferritin ≥ 800 ng/mL, and IFN-λ3 ≥ 20 pg/mL, showed good AUC values in the ROC analysis. Second, comparing the H-score and SP-score with ROC analysis, the SP-score showed a significantly higher AUC score than the H-score (Figure 2). Third, compared with IFN-λ3 ≥ 13.6 pg/mL, a SP-score ≥ 10 was proposed to affect the steroid administration condition (Table 4).

The timing of administering corticosteroids is one of the key points for improving the pathophysiology of COVID-19. In a previous RECOVERY Trial, the mortality benefit of corticosteroid therapy in COVID-19 was only evident in those with a symptom duration of seven days or more (6, 20). However, a higher death rate in the dexamethasone group was observed in patients with a symptom duration of fewer than seven days (20). Thus, considering the importance of corticosteroid administration timing, we evaluated the duration from symptom onset to treatment initiation as a part of the corticosteroid predicting score. In another Metcovid trial, a trend toward increased mortality was observed in patients under 60 years of age, who had lower C-reactive protein (CRP) levels, indicating poorer inflammatory status and worse disease severity (21). In our study, a SP-score ≥ 10 significantly accounted for the condition requiring steroids, that is, a condition suggesting hyper-inflammation. The results propose that scores may be a useful tool for predicting the most appropriate timing of steroid administration.

Another advantage of the SP-score is that it can be used to determine hospitalization indications for patients with COVID-19. There is a lack of safety and efficacy data on the use of corticosteroids in COVID-19 outpatients, the National Institutes of Health (NIH)-issued COVID-19 treatment guidelines recommend against the use of corticosteroids to treat outpatients (22). Furthermore, there is no evidence to support corticosteroid use in patients with COVID-19 who do not receive respiratory support (6, 20). Therefore, given that corticosteroids are often used in clinical practice, the SP-score may be useful as a criterion for hospitalization.

Interferon is a type of cytokine, divided into type I (IFN-α, β), type II (IFN-γ), and type III (IFN-λs). It is an inhibitor of viral infection as an innate immune system response, functioning as the first line of host defense against pathogens, including SARS-CoV-2 (23–25). In the innate immune system, dendritic cells (DCs) and macrophage populations are highly sensitive to interferon lambdas (IFN-λs) (26, 27). Specifically, interferon lambdas (IFN-λs) are a family of innate immune cytokines composed of IFN-λs 1–4 that are critical mediators of barrier immunity (27). Furthermore, Sugiyama et al. previously demonstrated IFN-λ3 as a predictive biomarker for severe onset (28). It has also been reported that IFN-λ3 concentrations in the serum increase in COVID-19 patients a few days before oxygen administration. Therefore, this report proposes that the rise in IFN-λ3 can be a biomarker that predicts the severity of COVID-19 in the relatively early phase of the disease. Indeed, IFN-λ3 is hypothesized to affect hyper-inflammatory conditions from the result of the univariate analysis. However, in the multivariate analysis, a cut-off value of the SP-score ≥ 10 significantly affected the hyper-inflammation status compared with IFN-λ3 ≥ 13.6 pg/mL, proposing the steroid predicting score as an independent hyper-inflammation predictor.

Comparing the H-score and SP-score parameters, both are similar in that they contain fever, AST, and ferritin levels. While several negative views on the usefulness of the H-score as a predictor of severe COVID-19 exist, opinions that the H-score can be useful if modified have also been reported (8). For example, Bordbar et al. proposed that a higher H-score was associated with more ICU admissions, extended hospitalization periods, and a higher mortality rate (8). Furthermore, the H-score with a new cut-off is considered more practical in predicting disease severity in patients with severe COVID-19. Besides, by analyzing H-score parameters, Gürsoy et al. proposed that although COVID-19 pneumonia had similar findings to hyper-inflammatory syndromes, these findings did not have typical features like in MAS/Shlh cytokine storm development (7). Based on our findings, the SP-score showed a higher AUC value than the H-score, indicating high accuracy in predicting high-inflammatory conditions, such as “cytokine storms.”

Our study has several limitations. First, this study was a single-center study. Second, the overall sample size in the final study cohort as well as the sample size in the steroid required group was limited. However, it was necessary to unify the patient background including virus variant and therapeutic drugs in order to compare non-required group and steroid required group. In Japan, the delta variant was the mainstream from June 2021 to December 2021 (29). During this period, RDV was recommended as treatments for moderate disease, and IDVM / CRVM was additionally approved for the disease in July 2021 (30, 31). Thus, as an initial treatment for moderate disease I, while CRVM/IDVM was administered mainly from September to December 2021, RDV was mainly administered from June to August 2021. Because there is no large-scale study that directly compares the effects of these two drugs, it was necessary to show in the present study that there was no statistically significant difference in the frequency of steroid administration between RDV and CRVM/IDVM (as shown in Tables 1, 4). To confirm the accuracy of SP-score with various treatments and other virus variants, further studies with a larger sample size are needed. Third, as shown in Table 4, the SP-score≥10 points indicated a wide confidence interval in multivariate analysis. One of the reasons for this result may be the small sample size. For the SP-score to become widely used in clinical practice, larger scale studies are desired.

Fourth, the racial of the analyzed patients was not identical. Of the 98 all patients analyzed in this study, 84 were Japanese. However, we also conducted an analysis of Japanese limited population (as shown in Supplementary Tables and Figures). Comparing Japanese limited population with all patients, most of the results were similar except for multivariate analyses of factors accounting for steroid administration. In the analysis of all patients, only SP-score was the independent factor affecting steroid administration. On the other hand, in the Japanese limited population analysis, both SP-score and IFN-λ3 was the independent factor affecting steroid administration. However, In both of these analyzes, the SP-score had the highest odds ratio. Moreover, the elevated SP-score showed a higher odds ratio than the elevated IFN-λ3 even in the analysis of Japanese limited population. This result may suggest that, in clinical practice, it is important to comprehensively evaluate not only biomarkers, but also symptoms, clinical course, vital signs, and inflammatory markers. Fifth, of all the patients enrolled in this study, the Japanese population accounted for 85.7%. Thus, the our study findings may not be generisable to other populations in different countries due to underlying ethnic differences. Further studies would be required in different countries to confirm generalisability of findings from this study. Sixth, in this study, H-score was evaluated as an optimal steroid administration. A previous report concludes that modified H-score with a new cut-off seems to predict disease severity in patients with severe COVID-19 (not the timing of steroid administration). However, the present study suggests that the SP-score may be better than the H-score as a score that predicts the appropriate timing of steroid administration.

In conclusion, the SP-score may be useful in pre-empting hyper-inflammation. Furthermore, the SP-score may be better than the H-score as a clinical score that predicts the appropriate timing of steroid administration. Moreover, the SP-score may be useful as a criterion for hospitalization. The data may provide important information to facilitate a prospective study on a larger scale in this field.
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Background: Andrographis paniculata (Burm.f.) Wall. ex Nees (AP) has been widely used in Thailand to treat mild COVID-19 infections since early 2020; however, supporting evidence is scarce and ambiguous. Thus, this study aimed to examine whether the use of AP is associated with a decreased risk of pneumonia in hospitalised mild COVID-19 patients.

Materials and methods: We collected data between March 2020 and August 2021 from COVID-19 patients admitted to one hospital in Thailand. Patients whose infection was confirmed by real-time polymerase chain reaction, had normal chest radiography and did not receive favipiravir at admission were included and categorised as either AP (deriving from a dried and ground aerial part of the plant), given as capsules with a total daily dose of 180 mg andrographolide for 5 days or standard of care. They were followed for pneumonia confirmed by chest radiography. Multiple logistic regression was used for the analysis controlling for age, sex, diabetes, hypertension, statin use, and antihypertensive drug use.

Results: A total of 605 out of 1,054 patients (mostly unvaccinated) were included in the analysis. Of these, 59 patients (9.8%) developed pneumonia during the median follow-up of 7 days. The incidence rates of pneumonia were 13.93 (95% CI 10.09, 19.23) and 12.47 (95% CI 8.21, 18.94) per 1,000 person-days in the AP and standard of care groups, respectively. Compared to the standard of care group, the odds ratios of having pneumonia in the AP group were 1.24 (95% CI 0.71, 2.16; unadjusted model) and 1.42 (95% CI 0.79, 2.55; fully adjusted model). All sensitivity analyses were consistent with the main results.

Conclusion: The use of AP was not significantly associated with a decreased risk of pneumonia in mild COVID-19 patients. While waiting for insights from ongoing trials, AP’s use in COVID-19 should be done with caution.

KEYWORDS
COVID-19, Andrographis paniculata, andrographolide, pneumonia, hospitalisation


Introduction

Andrographis paniculata (Burm.f.) Wall. ex Nees (AP), also known as “Fa-Thalai-Chon”, has been widely used in Thailand for treating upper respiratory tract infections and non-infectious diarrhoea for decades (1). The main phytochemical constituent of the aerial parts of AP is a diterpenoid lactone compound called “andrographolide”, which has shown antiviral and immunomodulatory properties in preclinical and clinical studies (2–4). Recently, an in silico study showed the potential effect of andrographolide on SARS-CoV-2, as the compound can bind and inhibit the viral protease enzyme and viral spike glycoprotein (4–6). Moreover, in vivo and in vitro studies consistently supported the effect of AP extract on COVID-19 infections (7, 8).

In addition to preclinical studies, two small clinical trials using a high dose of AP extract to treat mild COVID-19 infections have shown its efficacy in terms of reducing COVID-19 symptoms (e.g., fever, sore throat, rhinorrhoea, cough, headache, anosmia, myalgia, and diarrhoea) (9) and C-reactive protein (CRP) levels (10). However, its efficacy on important clinical outcomes, especially pneumonia, is unclear (10). Currently, five ongoing trials are investigating the efficacy of AP in terms of pneumonia for treating mild COVID-19 cases (Supplementary Table 2). Additionally, one trial of Xiyanping injection (andrographolide derivatives) showed promising results; however, the efficacy of oral administration cannot be extrapolated (11).

Although AP’s efficacy on the risk of pneumonia in COVID-19 is still ambiguous, (10) its widespread use has been encouraged. This is due to the situation in which Thailand experienced a shortage of favipiravir and COVID-19 vaccines at the start of a new pandemic wave in early 2020. Therefore, a pharmacovigilance study is necessary to support the decision of clinicians and policymakers on whether AP’s use in COVID-19 should be further supported.

In this study, we primarily aimed to use real-world data to investigate whether the use of AP was associated with better clinical outcomes in hospitalised mild COVID-19 patients. We also examined the course of COVID-19 and the incidence of pneumonia due to COVID-19 in a country-specific context. Our ultimate goal is to make the best use of available data to inform the public and improve patient care.



Materials and methods

The report of this study followed the Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) guidance for reporting cohort studies (Supplementary Table 1) (12).


Design, setting, and study population

This is a single-centre retrospective cohort study in which the data were collected from medical records of patients diagnosed with COVID-19 infection. We used the 10th revision of the International Classification of Diseases (ICD-10) code U07.1 to identify potential participants from 1st March 2020 to 31st August 2021. The ethical committee for clinical research of Phrae Hospital approved this study (no. 70/2564).

The setting of our study is Phrae Hospital, a 500-bed secondary hospital located in Northern Thailand. Eligible participants were at least 18 years old and diagnosed with COVID-19 infection by real-time polymerase chain reaction (RT–PCR). According to the definition of mild COVID-19 used in previous work, (11, 13) we included only patients who had normal chest radiography by the time of admission. In contrast, individuals who did not have chest radiography results, received favipiravir, or received systemic corticosteroids on the first admission date were excluded. In addition, we also excluded those who took AP prior to admission, had a history of allergy to AP, had elevated liver enzymes, or were pregnant or breastfeeding from the analysis. Since the preliminary data suggested that AP’s efficacy was shown if it was given to patients as soon as they were diagnosed, we additionally excluded patients who received AP after 5 days of admission from our analysis (14).



Exposure

Included participants who received AP within 5 days of admission in addition to supportive treatment were categorised as an exposed group. AP was prepared as a capsule of 500 mg of a dried and ground aerial part of the plant. Each 500-mg capsule contains an andrographolide content of approximately 4% w/w (20 mg/capsule). According to a previous trial, (10) the AP product was given three capsules thrice daily after a meal to reach a total dose of andrographolide 180 mg/day for 5 days. Song Hospital, Phrae, Thailand, produced the AP product used in this setting. The quality of the AP product was tested and certified by the Medicinal Plant Research Institute and the regional Medical Sciences Centre, Chiang Rai, Thailand (Supplementary Appendix). Supportive treatment, including antipyretics, mucolytics, expectorants, antihistamines, oral rehydration salts, and anxiolytics, was given to patients who did not receive AP (unexposed group).



Outcomes

The primary outcome was developing pneumonia based on chest radiography during hospital admission. The diagnosis of pneumonia was based on chest X-rays (CXR) of category four or above according to the Modified Rama-Co-RADS criteria (Supplementary Appendix) made by infectious disease physicians or radiologists. All patients were followed until being discharged alive or died. In addition, we analysed the association between receiving AP and a secondary outcome, which was a composite of receiving favipiravir, systemic corticosteroids, or ventilator support; having oxygen saturation drop along with worsening signs and symptoms; or presenting regressive CXR findings (i.e., category three or above) after admission. The CXR results, all clinical data, and relevant medications were collected from electronic medical records.



Covariates

We collected all covariates for the admission date from medical records. These covariates included age, sex, weight, height, comorbidity, current medications, and laboratory parameters. According to our proposed directed acyclic graphs (DAGs, Supplementary Figure 1), Supplementary Table 5 and previous works, (15, 16) age, body mass index, hypertension, type 2 diabetes (T2DM), ACEIs/ARBs, statins, and COVID-19 severity were considered confounders. Admittedly, during the data collection period, there were only two patients who previously received a COVID-19 vaccine. Consequently, we did not include vaccination profiles in the analysis.



Statistical methods

In this study, we included all eligible patients in the analysis. Therefore, sample size calculation was unnecessary, and we calculated statistical power afterward. Descriptive and inferential statistics were used to compare participants’ characteristics at hospital admission according to their exposed groups. In addition to the calculated incidence rate of pneumonia according to exposed groups, a Kaplan–Meier plot for the probability of a pneumonia-free event between groups was also created and statistically compared using a log-rank test.

The main analysis was performed using a multivariable logistic regression based on a complete-case approach. The justification for using a logistic model is that each participant had a relatively similar follow-up time and the incidence of pneumonia in COVID-19 patients was approximately 10% from a previous trial (10). To investigate the association between receiving AP and incident pneumonia, we performed serial adjustment as follows: (1) unadjusted model, (2) age-adjusted model, and (3) full adjustment (i.e., adjusting for age, hypertension, T2DM, ACEIs/ARBs, and statins). Regarding BMI, we further performed multiple imputations by chained equations (MICE) to impute missing values. BMI was then included in a model as part of a sensitivity analysis since missing BMI values were unlikely to be under a missing at random (MAR) mechanism and using MICE might bias the results. We performed 100 imputations, and the results were combined using Rubin’s rule.

For the sensitivity analysis, we analysed the data using Cox’s proportional hazards model stratified by diabetes. The Schoenfeld residuals test and log-minus-log plots were used to test the proportional hazards assumption. Moreover, the severity of COVID-19 was conditioned by restricting the analysis to a mild case only. Furthermore, we performed subgroup analyses according to sex, age group (i.e., <60, ≥60), hypertension, T2DM, ACEIs/ARBs, and statin use. Last, to minimise a cohort effect due to differences in admission period (Supplementary Figure 3) and the effect of receiving COVID-19 vaccination, we excluded individuals admitted before the 1st of July 2021 and two participants who received at least one shot of COVID-19 vaccine prior to admission then re-analysed accordingly.

All analyses were performed using STATA version 16.1 MP (StataCorp LLC, College Station, TX, United States) and R version 3.3 with a two-sided alpha error of 5%. As we did not adjust for multiplicity, findings of the secondary outcome, sensitivity analyses, and subgroup analyses should be used for exploratory purposes only.




Results

Among 1,054 COVID-19 patients admitted to the hospital between March 2020 and August 2021, 605 were included in the final analysis (Figure 1). Of these, 351 individuals (58%) received AP within 5 days of admission. Regarding the characteristics of the included participants at hospital admission (Table 1), the majority of the participants were male (50.4%), with a mean age of 35.41 years old and a mean BMI of 24.2 kg/m2. Only a small proportion of individuals had hypertension (7.3%), T2DM (2.2%), and cardiovascular disease (0.8%). In addition, 3.8 and 2.6% of the patients received ACEIs/ARBs and statins, respectively. Comparing between groups, most of the characteristics were relatively similar, except for alkaline phosphatase (ALP) levels, as the levels in the AP group were slightly higher than those in the standard of care group. However, all laboratory parameters were within the normal range (Table 1).
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FIGURE 1
Patient flow diagram.



TABLE 1    Baseline characteristics of the study populations.
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During a median follow-up time of 7 days (IQR 6, 9 days) and a median hospital stay of 8 days (IQR 6, 10 days), 59 out of 605 participants (9.8%) developed pneumonia–an overall incidence rate of 13.35 (95% CI 10.34, 17.23) per 1,000 person-days. No deaths occurred during the study period. Comparing between groups, 37 out of 351 individuals (10.5%) in the AP group developed pneumonia, whereas 22 out of 254 patients (8.7%) in the standard of care group developed pneumonia. This corresponded to a slightly higher (but not statistically significant) incidence rate of pneumonia in the AP group (13.93 [95% CI 10.09, 19.23] per 1,000 person-days) than in the standard of care group (12.47 [95% CI 8.21, 18.94] per 1,000 person-days) (log-rank p-value = 0.69, Supplementary Table 3 and Supplementary Figure 2). According to Supplementary Tables 3, 4, it is worth noting that, regardless of exposure group, (1) the incidence rate of pneumonia before seven days of follow-up was higher than that afterward, and (2) the incidence rate of pneumonia among patients aged over 60 years was drastically higher than that among younger individuals.

According to Table 2, compared to a standard of care, receiving AP was associated with increased but not statistically significant odds of having pneumonia: odds ratios (ORs) of 1.24 (95% CI 0.71, 2.16), 1.42 (95% CI 0.80, 2.54), and 1.42 (95% CI 0.79, 2.55) in an unadjusted, age-adjusted, and fully adjusted model, respectively. Furthermore, considering follow-up time and censoring yielded slightly attenuated but consistent results: hazard ratios of 1.11 (95% CI 0.66, 1.89), 1.26 (95% CI 0.74, 2.15), and 1.26 (95% CI 0.74, 2.17) in the unadjusted, age-adjusted, and fully adjusted models, respectively. Additionally, receiving AP was also associated with a slight but not significant increase in the odds of worsening symptoms. Further adjusting for BMI did not change the direction of the association (Supplementary Table 6).


TABLE 2    Andrographis paniculata (AP) use and clinical outcomes in mild COVID-19 patients.
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Interestingly, excluding participants admitted before the 1st of July 2021 (most were from the standard of care group) further strengthened the association of receiving AP with the increased odds of having outcomes. The ORs of having pneumonia in an unadjusted, age-adjusted, fully adjusted model and a model additionally adjusted for BMI were 1.83 (95% CI 0.93, 3.61), 1.94 (95% CI 0.97, 3.92), 1.88 (95% CI 0.92, 3.81), and 1.72 (95% CI 0.78, 3.79), respectively (Supplementary Table 6). Also, removing previously vaccinated patients produced similar results to the main findings (Supplementary Table 7).

The results from subgroup analyses are shown in Figure 2. It can be observed that sex was not an effect modifier of the association between receiving AP and pneumonia. However, the association seems stronger among the elderly (i.e., >60 years). Although AP might be related to the increased risk of pneumonia in overall populations and all p-values for interaction >0.05, we found the opposite direction of the associations among individuals with hypertension, receiving ACEIs/ARBs, and receiving statins.
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FIGURE 2
Subgroup analysis of Andrographis paniculata and the occurrence of pneumonia.




Discussion


Summary of the main findings

In this retrospective cohort study of 605 hospitalised COVID-19 patients who had normal chest radiography at the time of admission, 9.8% of them developed pneumonia after a median follow-up time of 7 days. However, we did not observe an association between the use of AP and a decreased risk of pneumonia or worsening clinical symptoms. Interestingly, individuals, mainly the elderly, receiving AP were associated with an increased, but not statistically significant, risk of pneumonia and worsening clinical symptoms. Moreover, all sensitivity analyses provided consistent findings, ensuring the robustness of the main results.



Comparison with previous studies

To date, clinical evidence of using AP to treat COVID-19 is still lacking. After performing a systematic search on three databases (i.e., PubMed, Google Scholar, and Thai Clinical Trial Registry), we found only two complete trials (9, 10) and five ongoing trials relevant to this subject, with the largest trial of 736 patients expected to end in October 2022 (Supplementary Table 2). One trial investigated the efficacy of AP in improving clinical symptoms and duration of disease in 62 mild COVID-19 patients (9). All COVID-19 symptoms in the AP group had disappeared by day 7 (i.e., 2 days after completing an AP course). Compared with our observation, the median length of hospital stays before being discharged alive in the AP group and the standard of care group was 8 days (IQR 6, 10 days) and 7 days (IQR 6, 9 days), respectively. Therefore, the course of the disease in our study was comparable to the previous one. Another trial reported the incidence of pneumonia in the AP group (0%) and the placebo group (10.7%) after 5 days of treatment (10). The figure was similar to the incidence of pneumonia in our study’s standard of care group (8.7%), confirming the validity of our collected data. Furthermore, we found that increased age, having hypertension and diabetes, and receiving ACEIs/ARBs and statins were associated with increased odds of pneumonia (Supplementary Table 5). This is consistent with previous reports (15, 16) and can further ensure the validity of the data used in our analyses.

In contrast to the results from a trial of Xiyanping from which andrographolide was given as an intravenous route and significant recovery was found in an active group, (11) our results were from oral administration of AP. Although there is no direct comparison study of the efficacy of AP in different dosage forms, it has been shown that andrographolide has a poor oral bioavailability (<3%) primarily due to undergoing rapid metabolism at duodenal and jejunal cells (17).



Strengths and limitations

To the best of our knowledge, this is the first cohort study of AP’s use in treating mild COVID-19. Admittedly, Thailand was confronted with favipiravir and vaccine shortages at the beginning of the second wave of the pandemic crisis, leading to the unproven AP’s use for this condition. Consequently, a pharmacovigilance study is required since real-world data from using AP are already available so that its efficacy and safety can be clinically ensured. Additionally, since all patients in this study were hospitalised, treatment compliance and actual consumption of AP and supportive treatment can be assured.

However, there are some limitations worth noting. First, we cannot avoid residual confounders embedded in an observational design. For instance, smoking status and mental disorders (e.g., depression) were suggested to be risk factors for developing severe COVID-19, (15, 16) and these factors can be prevalent in people in their 30 and 40 s. In addition, patients receiving AP may have a higher risk of developing pneumonia than those who do not (i.e., confounding by indication). Therefore, the observed association might result from residual confounders. However, baseline characteristics between groups were mostly similar. Furthermore, since our study populations were relatively young, many chronic conditions that can increase the risk of severe COVID-19 were rare and should not be major concerns. Additionally, the results were less likely to be confounded by favipiravir as the proportions of patients receiving favipiravir during admission were similar between groups (i.e., 9.7% in the standard of care group vs. 10.6% in the AP group).

Second, our results still suffered from being underpowered despite the fact that we had analysed the data from all eligible patients by the time we conducted the research. With a sample size of 605, we had only 11% power to detect the difference in the incidence of pneumonia between the exposed (10.5%) and unexposed groups (8.7%). A total of 9,000 participants would be required to achieve at least 80% power to detect such a slight difference. However, when one carefully examines the effect sizes and the corresponding unbalanced confidence intervals (e.g., OR 1.42 [95% CI 0.79, 2.55]), increasing the sample size is prone to strengthen the harmful signal (i.e., OR or HR of more than the value of one).

Third, due to limitations of using retrospective medical records, we could not investigate the association of AP with COVID-19 symptoms, such as fatigue, cough, sputum production, anorexia, sore throat, and nasal congestion. Also, the association between AP use and CRP levels cannot be examined in our study. Although a previous trial showed that AP can reduce symptoms of mild COVID-19, open-label design and multiplicity were the major issues that could undermine the validity of the findings (9).

In addition, we did not examine the association between the use of AP and CRP levels. Even though a previous trial showed a significant reduction of CRP levels in the AP group (p-value = 0.023), compared to placebo, (10) and a recent case report of CRP apheresis showed successful outcomes in seven severe COVID-19 patients, (18) further RCTs are needed before concluding the impact of AP on CRP and its role as a therapeutic target in COVID-19.

Last, data on viral strains were lacking, which might affect the external validity of our study. Nonetheless, since the incidence of pneumonia in the standard of care group in our study was similar to that in a previous trial (10) and no deaths occurred, it can be assumed that the viral strains in our study were comparable to those in the previous trial. Admittedly, the generalisability of our findings may be limited to unvaccinated patients. However, since the efficacy of the COVID-19 vaccine in reducing the severity of symptoms and pneumonia has been proven and widely accepted, (19) the role of AP in COVID-19 may, unfortunately, become less prominent over time.



Implications

For the clinical implications, while waiting for the results from ongoing trials (Supplementary Table 2) together with improved availability of favipiravir and the COVID-19 vaccine, we suggested that physicians should suspend the use of AP to treat COVID-19. This is because we observed potentially harmful signal without proof of benefit, even if causality cannot be established. For the research implications, a multicentre collaboration is required to achieve a sufficient sample size and confirm our findings. In addition, the safety parameters of using AP were rarely monitored. We noticed that less than one-fourth of patients receiving AP underwent liver and renal function tests at baseline and were rarely measured afterward. Although a previous study has shown the safety of AP used in other indications, (20) the safety of using such a high dose of AP in COVID-19 is still unclear and needs further investigation.




Conclusion

In summary, we had insufficient evidence to show the association of the use of AP for the treatment of mild COVID-19 with a decreased risk of pneumonia. The results from ongoing randomised controlled trials should provide insight into this issue. In the meantime, using AP in this condition should be cautious or suspended.
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The pathogen laboratory (p-lab) is the core and primary department of centers for disease control and prevention (CDCs) in China to respond to infectious disease outbreaks such as COVID-19. To understand the current status and capacity of p-labs in Chinese CDCs during the COVID-19 pandemic, we conducted a nationwide cross-sectional survey among 399 respondents from 239 CDCs. Differences in the current status of p-labs in CDCs of provinces, cities, and counties mainly comprised laboratory equipment, IEIs, mastery of personal occupational skills, and maximum detection capacity. Most CDCs reported a lack of staff and funds for personnel, which should be a priority in China's upcoming public health reform. The development of sequencing technologies has received considerable attention in CDCs. These are mainly used to study respiratory viruses such as influenza and SARS-CoV-2. The COVID-19 pandemic has driven development of the CDCs in China, and personnel and funds are considered key factors in improving the detection capacity of CDC p-labs.
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Introduction

Laboratory services are an essential and fundamental part of public health systems. With the occurrence of infectious disease outbreaks such as the COVID-19 pandemic or other public health events, centers for disease control and prevention (CDCs) are at the heart of public health investigation and response mechanisms (1). According to data released by the National Bureau of Statistics in 2020, there are 34 provincial-level, 333 city-level, and 2,844 county-level administrative divisions in China, each of which usually has an independent CDC providing public health services for the corresponding jurisdiction.

The pathogen laboratory (p-lab) is the core and primary department of CDCs in the response to infectious disease outbreaks. The capacity of p-labs is a comprehensive manifestation of various aspects including a functional organization structure, appropriate testing services, infrastructure, human resources, reagent and equipment procurement, and supply systems. The International Health Regulations (IHR, 2005)1 have placed specific responsibilities on World Health Organization (WHO) Member States to build and strengthen their capacities in confronting all potential public health emergencies of international concern. Thus, p-labs have a critical role in this surveillance and response process (2, 3). Within this framework, it is necessary to use a standardized approach and methodology to investigate and evaluate the capacity of p-labs within China's CDCs (4, 5).

The objective of this study was to investigate the current status and evaluate the CDC p-lab capacity in China via a nationwide cross-sectional survey to compare the changes before and after the COVID-19 pandemic, to preliminarily explore the factors affecting p-lab capacity and discuss the possible direction of development of CDC p-labs in the future.



Methods


Respondents and survey

Survey respondents were laboratory staff from China's provincial, city, and county CDCs who engaged in pathogen detection-related work. Approximately 10 respondents were selected from each province using stratified sampling. Approximately 20 respondents from county-level CDCs were randomly selected in two representative provinces (Jiangxi and Hainan, which represent moderately developed and underdeveloped provinces, respectively). An electronic questionnaire including 14 single-choice questions, four multiple-choice questions, and four open-ended questions was designed based on WHO guidelines (4) and administered on line to respondents via a WeChat application in June 2021. The time to complete the questionnaire was limited to ~1 week.



Metrics for evaluation

Laboratory equipment penetration (LEP) was defined as the proportion of CDCs possessing a certain kind of laboratory equipment (e.g., −70°C freezer) among the total CDCs investigated. The implementable rate (IR) was defined as the proportion of CDCs that could complete a certain kind of implementable experimental item (IEI; e.g., vaccine development) among the total CDCs investigated. The implementable experimental item score (IEI-S) was defined as the number of types of IEI that a CDC could complete (0–12). Mastery was defined as the proportion of respondents who mastered a certain kind of personal occupational skill (POS; e.g., primer design) among all respondents surveyed. The personal occupational skill score (POS-S) was defined as the number of types of POS that a respondent had mastered (0–12). Maximum detection capacity (MDC) was defined as the maximum number of swab samples that can be detected daily using quantitative real-time polymerase chain reaction (q-PCR) at a CDC.



Statistical methods

The geographical coordinates of the CDC to which each respondent was affiliated were acquired from Baidu Maps (the Chinese equivalent of Google Maps), and the map was created using ArcGIS. The funds for reagents, equipment, and staff were rated by respondents using a five-level Likert scale (totally insufficient, relatively insufficient, just enough, relatively sufficient, very sufficient). A P < 0.05 was considered statistically significant in this study. MDC was regarded as an interval variable for descriptive statistics, and the midpoint of each range was taken as the approximation of the actual MDC (e.g., 1,500 was taken for the interval 1,000–2,000) for non-parametric and correlation tests. Normality was assessed using the Shapiro–Wilk test. The Kolmogorov–Smirnov test or Kruskal–Wallis test was performed to determine statistically significant differences between groups. Correlations were assessed using the Spearman coefficient. A word cloud visually depicting the word frequency in the answers to open-ended questions was generated online (weiciyun.com), and the top 15 words were expressed via histogram.




Results


Survey respondents

A total of 410 questionnaires were completed, of which 399 were valid, giving an effective rate of 97.3%. The 399 respondents were from 239 different CDCs in China and were engaged in pathogen detection-associated work.

Of the 239 CDCs surveyed in this study, 11.7% (28/239) were provincial-level CDCs, 66.9% (160/239) were city-level CDCs and 21.3% (51/239) were county-level CDCs, accounting for 82.4% (28/34), 48.0% (160/333), and 1.8% (51/2,844) of the corresponding level of CDC throughout China. As shown in Figure 1A, the provincial and city CDCs surveyed were dispersed throughout various districts whereas the county-level CDCs were mainly from two provinces (Jiangxi and Hainan) with moderate public health competency in China, making the results nationally representative.
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FIGURE 1
 (A) Distribution of sampling sites in China (N = 239). (B) Characteristics of the study population (N = 399). (C) Number and proportion of p-lab staff with average working duration before and after the COVID-19 outbreak (N = 399). (D) Divergent stacked bar chart visualizing five-level Likert scale for evaluation of funds; 1: totally insufficient, 2: relatively insufficient, 3: just enough, 4: relatively sufficient, 5: very sufficient. The bar graph extends from the neutral position (gray) toward both ends representing ample (blue and dark blue) and inadequate (yellow and red). The length of the color represents the proportion of respondents who chose this response among all 339 respondents; the starting point of each bar chart is different, with a total length of 100%. CDC, center for disease control and prevention.


Among all 399 respondents surveyed (Figure 1B), 31.3% (125/399), 54.1% (216/399), and 14.5% (58/399) were p-lab staff from provincial-, city-, and county-level CDCs, respectively. A total 3.5% (14/399) of respondents had no professional title, 27.1% (108/399) had a junior title, 30.1% (120/399) had an intermediate title, 29.3% (117/399) had a vice-senior title, and 10.0% (40/399) of respondents had a senior title. The proportion of ordinary laboratory staff, team leaders, department leaders, and CDC leaders among the total respondents was 53.1% (212/399), 19.8% (79/399), 26.3% (105/399), and 0.8% (3/399), respectively.



Current status of p-labs
 
Organization and management

The average working duration of p-lab staff has increased by at least 2 h (4.5–6.5 h) per day to deal with the abrupt increase in the SARS-CoV-2 testing-related workload. Most respondents worked 4 h (30.6%, 122/399), 3 h (15.8%, 63/399), and 6 h (11.8%, 47/399) per day before the COVID-19 outbreak, which increased to ≥8 h (47.9%, 191/399), 6 h (19.3%, 77/399), and 7 h (9.0%, 36/399) in the context of the COVID-19 pandemic (Figure 1C).

The available working funds for SARS-CoV-2 testing reagents and consumables (reagent funds) were considered sufficient by 60.7% (242/399), just enough by 22.1% (88/399), and insufficient by 17.3% (69/399) of respondents. Funds for p-lab equipment purchasing and maintenance (equipment funds) were considered sufficient by 45.1% (180/399), just enough by 28.1% (112/399), and insufficient by 26.8% (107/399) of respondents. Funds for personnel expenditure covering salaries, work allowances, staff benefits, and overtime pay (staff funds) were considered sufficient by 8.0% (32/399), just enough by 16.3% (65/399), and insufficient by 75.7% (302/399) of respondents. A considerable proportion of respondents (40.6%, 162/399) indicated that their CDC was severely deficient in terms of staff funds. See Figure 1D for further details.



Laboratory equipment penetration (LEP)

We investigated the LEP for 20 kinds of lab equipment (Figure 2A), which can be classified into six major categories: biosafety, centrifugation, nucleic acid detection, immunology, sequencing, and laboratory automation. Equipment with a high LEP (>80%) included autoclave for biohazard waste (99.6%), autoclave for consumables sterilization (88.7%), biosafety cabinet (BSC; 99.2%), −20°C freezer (98.3%), −70°C freezer (93.7%), regular centrifuge (98.3%), low-temperature centrifuge (90.4%), q-PCR system (96.2%), enzyme-linked immunosorbent assay (ELISA) system (87.9%), and automated nucleic acid extraction system (92.9%). Equipment with a relatively high LEP (60–80%) included regular PCR system (70.7%), pulsed-field gel electrophoresis (PFGE, 66.1%), and cell culture incubator (76.6%). Equipment with an intermediate LEP (40–60%) included ultracentrifuge (41.4%) and cell counter/analyzer (40.6%). Equipment with a relatively low LEP (20–40%) included high-throughput sequencing platform (HTS platform; 36.8%) and automated pipetting workstation or platform (25.1%). Equipment with a low LEP (<20%) included a digital PCR system (d-PCR, 19.7%), Sanger sequencing platform (10.9%), and bioinformatics workstation (15.1%).
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FIGURE 2
 (A) LEP of 20 different kinds of laboratory equipment (N = 239). (B) Number and allocation of BSC and q-PCR systems (N = 239). (C) IR of 12 kinds IEI (N = 239). LEP, laboratory equipment penetration; CDC, center for disease control and prevention; BSC, biosafety cabinet; q-PCR; quantitative real-time polymerase chain reaction; IR, implementable rate; IEI, implementable experimental item; AST, antimicrobial susceptibility test; WGS, whole genome sequencing; HTS, high-throughput sequencing; ELISA, enzyme-linked immunosorbent assay; PFGE, pulsed-field gel electrophoresis.


The mode of the number of BSCs per CDC was 2, with a median of 3, Q1 of 2, Q3 of 5, and P90 of 8. The mode of the number of q-PCR systems per CDC was 4, with a median of 4, Q1 of 3, and Q3 of 7; the P90 was unavailable to locate within the interval of ≥10. Having two BSCs and four q-PCR systems was most common for a CDC. Details are shown in Figure 2B.



Implementable rate (IR)

The IR of 12 different IEIs was investigated (Figure 2C). IEIs with a high IR (>80%) included nucleic acid detection based on q-PCR (99.2%) and serological testing (82.4%). IEIs with a relatively high IR (60–80%) included virus culture (69.0%) and bacterial culture (74.9%). The only IEI with an intermediate IR (40–60%) was antimicrobial susceptibility test (AST, 51.0%). IEIs with a relatively low IR (20–40%) included evaluation of molecular diagnostic methods (22.6%) and SARS-CoV-2 whole genome sequencing (WGS, 23.4%). IEIs with a low IR (<20%) included development of molecular diagnostic methods (7.1%), vaccine development (3.3%), antibody development (3.8%), WGS of influenza viruses (19.7%), and diagnosis of unknown pathogens based on HTS (12.6%).



Training and practice for p-lab staff

A total of 82.7% (330/399) of respondents had participated in theoretical or operational training related to nucleic acid detection to varying degrees every year (Figure 3A), and 40.1% (160/399) of respondents had field epidemiological survey work experience to varying degrees every year (Figure 3B).
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FIGURE 3
 (A) Number and proportion of respondents receiving training with different frequencies per year (N = 399). (B) Number and proportion of respondents participating in field epidemiological surveys with different frequencies per year (N = 399). (C) Mastery of 12 kinds of POS (N = 399). (D) A significant difference in POS-S was observed by CDC level, job title, educational level, training status, position, and BSL-3 laboratory among different groups (N = 399, P values were 4.40E-21, 1.58E-7, 8.60E-21, 2.53E-5, 6.13E-4 and 7.99E-6, respectively). CDC, center for disease control and prevention; q-PCR; quantitative real-time polymerase chain reaction; AST, antimicrobial susceptibility test; HTS, high-throughput sequencing; POS-S, personal occupational skill score; BSL, biosafety level.




Mastery of personal occupational skills (POSs)

The mastery of 12 different POSs was investigated (Figure 3C). POSs with high mastery (>80%) included nucleic acid extraction (98.5%) and q-PCR (94.2%). POSs with relatively high mastery (60–80%) included regular PCR with gel electrophoresis (70.4%) and serological testing (74.9%). POSs with intermediate mastery (40–60%) included virus culture (51.4%) and bacterial culture (53.9%). POSs with relative low mastery (20–40%) included primer design (25.6%), PCR optimization and validation (24.8%), HTS (21.1%), and AST (30.3%). POSs with low mastery (<20%) included multiple sequence alignment (16.0%) and phylogenetic analysis (17.3%).




Detection capacity of p-labs during a pandemic and key affecting factors
 
Changes and current status of maximum detection capacity (MDC) before and after the COVID-19 pandemic

A total of 98.7% (394/399) respondents indicated that the CDC with which they were affiliated had established an expert working group and contingency plans in response to the COVID-19 pandemic. Before the COVID-19 outbreak, 50.6% (121/239) of CDCs in China could test no more than 100 swab samples per day (Figure 4A); this proportion has decreased to 2.1% (5/239 CDCs, all county-level CDCs). The MDC of these CDCs mainly showed exponential growth, among which 44.6% (54/121) has increased to 100–1 k level, 23.1% (28/121) has increased to 1–2 k level, and even 4.1% (5/121) has directly increased by two orders of magnitude, reaching a breakthrough in MDC of over 10 k.
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FIGURE 4
 (A) Changes and current status of maximum detection capacity (MDC) before and after the COVID-19 outbreak (N = 239). (a) MDC. (b) Number and proportion of CDCs with different MDCs before the COVID-19 outbreak. (c) Number and proportion of CDCs with different MDCs after the COVID-19 outbreak. (d) Current status of MDC in different levels of CDC (only the top three most common MDCs are listed). (B) Word cloud and word frequency of top 15 words regarding the key to improving p-lab capacity (N = 386). (C) Word cloud and word frequency of top 15 words regarding difficulties in the p-lab (N = 374). Chinese synonyms may be translated into the same English vocabulary in (B,C).


The MDC of CDCs (36.8%, 88/239) that previously had the MDC of 100–1 k showed a several-fold improvement (69.3%, 61/88) after the COVID-19 outbreak. These favorable changes have prompted 62.7% (32/51) of county CDCs to reach the MDC of 100–1 k, 62.5% (100/160) of city CDCs to reach the MDC of 1-10 k, and 46.4% (13/28) of provincial CDCs to reach the MDC of more than 10 k.



Factors related to POS-S

The median POS-S of 339 respondents was 6, with a mean 5.8 (standard deviation 2.5). The POS-S was not normally distributed, and a significant difference was observed in the factors of CDC level, job title, educational level, position, training status, and BSL-3 laboratory among different groups (Figure 3D). The median POS-S for county, city, and provincial CDC p-lab staff was 3, 6, and 7, respectively. The median POS-S for the group with no professional title, a junior title, intermediate title, vice-senior title, and senior title was 5, 5, 6, 6, and 7, respectively. The median POS-S of respondents with junior college, bachelor's, master's, and doctorate degrees was 3, 5, 7, and 10, respectively. The median POS-S of respondents who were general p-lab staff, a group leader, department leader, and CDC leader was 5, 6, 6, and 3, respectively. The median POS-S of respondents who never had and those who had participated in theoretical or operational training was 4 and 6. The median POS-S of respondents affiliated with a CDC that did not have BSL-3 facilities and a CDC that had BSL-3 facilities was 5 and 7.



Factors related to IEI-S

The median IEI-S among the 239 CDCs was 5, with a mean 4.7 (standard deviation 2.4). The IEI-S was not normally distributed, and a significant difference was observed in the factors of CDC level, reagent funds, and BSL-3 laboratory among the different groups (Figure 5A). The median IEI-S for county, city, and provincial CDCs was 2, 5, and 9, respectively. The median IEI-S for the group reporting reagent funds as being totally insufficient, relatively insufficient, just enough, relatively sufficient, and very sufficient was 1, 4, 4, 5, and 5, respectively. The median IEI-S for CDCs without and with a BSL-3 laboratory was 4 and 8, respectively. There was a significantly strong correlation between IEI-S and the number of laboratory equipment types (Spearman correlation coefficient = 0.725). Having 14 different types of laboratory equipment and implementing 5 kinds of IEI was the most common status of a CDC (Figure 5B); 15 and 8, 17 and 9, 19 and 12 were the most common status of the provincial CDCs; 14 and 5 was the most common status of the city CDCs; 10 and 3 was the most common status of the county CDCs.
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FIGURE 5
 (A) Significant difference in IEI-S was observed by CDC level, reagent funds, and BSL-3 laboratory among different groups (N = 239, P values were 2.06E-26, 0.04 and 3.07E-7, respectively). (B) There was a strong and significant correlation between IEI-S and the number of laboratory equipment types (N = 239). (C) A significant difference was observed in the MDC by CDC level, equipment funds, and BSL-3 laboratory among different groups (N = 239, P values were 5.79E-18, 0.03 and 1.59E-3, respectively). (D) There was a strong and significant correlation between MDC and the number of q-PCR systems (N = 239). (E) Word cloud and word frequency of top 15 words regarding laboratory skills or techniques of concern to CDC staff (N = 380). (F) Word cloud and word frequency of top 15 words regarding pathogens of concern to CDC staff (N = 349). CDC, center for disease control and prevention; q-PCR; quantitative real-time polymerase chain reaction; MDC, maximum detection capacity; BSL, biosafety level; IEI-S, implementable experimental item score. Chinese synonyms may be translated into the same English vocabulary in (E,F).




Factors related to MDC

The median MDC of the 239 CDCs was 2,500. The MDC was not normally distributed, and a significant difference in CDC level, equipment funds, and BSL-3 laboratory among different groups was observed (Figure 5C). The median MDC for county, city, and provincial CDCs was 500, 2500, and 12,250, respectively. The median MDC for groups reporting equipment funds as being totally insufficient, relatively insufficient, just enough, relatively sufficient, and very sufficient was 500, 1,500, 1,500, 2,500, and 3,500, respectively. The median MDC for CDCs without and with a BSL-3 laboratory was 1,500 and 6,000, respectively. There was a significantly strong correlation between MDC and the number of q-PCR systems (Spearman correlation coefficient = 0.740). In general, the MDC was 100–1 k for CDCs with 2 q-PCR systems, 1–2 k with 4, more than 10 k with ≥10 systems (Figure 5D).




Challenges and outlook of p-labs
 
Difficulties in improving p-lab capacity

A total 96.7% (386/399) of respondents answered the open-ended question regarding keys to improving the p-lab capacity (Figure 4B). The content of the 386 responses totaled 4,799 Chinese characters, from which 513 keywords could be extracted with a cumulative word frequency of 779. The top three keywords in word frequency were personnel (8.2%, 64/779), equipment (5.6%, 44/779), and staff training (4.1%, 32/779). A total 93.7% (374/399) of respondents answered the open-ended question regarding the difficulties faced in p-labs (Figure 4C). The content of the 374 answers totaled 3,791 Chinese characters, from which 388 keywords could be extracted with a cumulative word frequency of 678. The top three keywords in word frequency were understaffed (11.4%, 77/678), personnel (9.4%, 64/678), and equipment (6.0%, 41/678).



Laboratory skills and pathogens of concern to CDC staff

A total of 95.2% (380/399) of respondents answered the open-ended question, “What personal occupational skills or techniques do you currently need to learn or improve most?” (Figure 5E). A total of 268 keywords were extracted from all responses (2,903 Chinese characters) with a cumulative word frequency of 498. The top three words in word frequency were sequencing (15.9%, 79/498), HTS (6.6%, 33/498), and gene sequencing (6.6%, 33/498). A total 87.5% (349/399) of respondents answered the open-ended question, “Which pathogens do you need to test or study in the future?” (Figure 5F). A total of 312 keywords were extracted from the answers (2,721 Chinese characters) with a cumulative word frequency of 549. The top three words in word frequency were SARS-CoV-2(4.9%, 27/549), influenza (3.1%, 17/549), respiratory viruses (2.4%, 13/549), and sequencing (2.4%, 13/549).





Discussion

Prompt and accurate feedback from the laboratory is essential for confirmation of cases and decision-making, which is the premise and foundation guiding public health responses. Monitoring and evaluating laboratory capacity with an appropriate approach and methodology play a critical role, especially in the context of the COVID-19 pandemic (2, 6, 7). Consistent with national guidance, early discovery and field controlling of infectious diseases is the core function of county-CDC while city-CDC should put more attention on MDC, IEI and biosafety. Absolute accuracy diagnosis of pathogens and rapid response to the public health emergencies was designated as the provincial-CDC's responsibility. To the best of our knowledge, this study was the first nationwide cross-sectional survey to investigate the p-lab status and capacity in CDCs of China and to compare the workload before and after the COVID-19 pandemic. Considering that public health system reform in China is attracting widespread attention owing to the valuable experiences and problems that have arisen in response to the current pandemic, the results of this study provide a basis for the Chinese government to adjust health policies in response toCOVID-19 and to help other developing countries.

Curbing the spread of the COVID-19 pandemic requires the joint efforts of individuals, government, and society as a whole, among which an administrative coordinator with executive abilities is critical and essential (8, 9). One manifestation of the government's priorities that nearly all CDCs have established expert groups and emergency plans against COVID-19, and adequate funds for reagents and equipment show that this interest has been converted into tangible emergency supplies, which is the underlying reason for the dramatic changes in work hours and detection capabilities before and after the start of the pandemic.

The increase in working hours directly reflects the burden of stress faced by CDC staff. Unfortunately, however, the rewards do not match the high-intensity workload owing to the insufficient staff funds. Working more than 8 h per day has become the norm for p-lab staff since the initial COVID-19 outbreak, which was not anticipated when designing the questionnaire, making it reasonable to infer that the actual increment in working hours is far more than 2 h. The work burden may gradually be mitigated for laboratory staff as the COVID-19 pandemic is gradually controlled worldwide, but the duration remains elusive (10, 11).

The combination of multiple diagnostic techniques, such as nucleic acid testing and antibody testing, contributes to reducing the false-negative rate inSARS-CoV-2 detection; therefore, diversification of laboratory equipment warrants attention and investment (12). Our survey suggests that the LEP of biosafety, storage, and centrifugation-related equipment at the CDCs was generally high. Autoclaves for consumable sterilization were less prevalent than those for biohazard waste, possibly because high-quality consumables such as independently packaged sterile pipette tips with filters are well-funded. A low-temperature freezer was relatively uncommon at county-level CDCs, possibly because biological samples are typically transported to city-level CDCs promptly after collection with no requirement for long-term frozen storage.

Multiple countries have been successful at controlling SARS-CoV-2 transmission by investing in large-scale testing capacity (13). A score instruments in SARS-CoV-2 detection, the BSC and q-PCR system plays a decisive role in the MDC of a CDC; hence, the precise number and allocation of these were further investigated. The p-lab of each CDC should have no <3 BSCs and 4 q-PCR systems, with the median as the reference standard, except for county-level CDC, for which the requirement should be commensurately relaxed. CDCs could have 1.3 (1,209/947 = 1.277) q-PCR systems per BSC to fully exploit the hardware resources; this ratio was optimized after years of CDC laboratory work rather than derived from stipulations in documental norms. The high LEP of an automatic extractor has prompted nucleic acid extraction no longer being the rate-limiting step in virus detection; as a result, a highly automated p-lab possesses robust SARS-CoV-2 testing capacity (14). With the progressive use of automated pipetting platforms, tube-opening and PCR plate preparation will be further simplified and standardized; accordingly, the demand for q-PCR systems will increase in a more pronounced manner than that of BSCs.

As a WHO-recommended method, q-PCR is widely used to detect SARS-CoV-2 (15). In contrast, regular PCR is currently used more often to support experiments with a scientific research purpose. Although d-PCR, known as third-generation PCR, demonstrates higher sensitivity and quantitative accuracy than q-PCR (16, 17), its low prevalence implies that absolute quantification is non-essential for SARS-CoV-2 detection and q-PCR performs well-enough. In addition to the routine screening of pathogens, the work duties of provincial-level CDCs include scientific research, method validation, and providing training and assessment to lower-level CDCs, which illustrates that the broad scope of responsibilities brings about the need for newly emerging techniques such as d-PCR.

According to the respondents, equipment is a critical factor in improving pathogen detection capacity; the statistics indicated that the diversification of laboratory equipment determines the comprehensiveness of IEIs or laboratory services. The absence of heat signal in the upper left section above the diagonal (Figure 5B) reveals interrelatedness in that strengthening of laboratory capacity lags behind investment in equipment, which indirectly indicates the indispensable nature of timely practitioner training and frequent practice. Equipment is considered the predominant difficulty presently faced by CDCs, despite being well-funded. Such a contradiction is probably due to the cumbersome procurement process of laboratory equipment at CDCs, often hindering the prompt application of advanced technology. Therefore, the relevant authorities should improve the existing procurement processes to be simpler, more efficient, and sound within the legal and compliance framework. It is consistent with common sense that staff at higher CDC levels or with higher professional titles, education, and positions have more substantial professional competency. Professional title and position are comprehensive indicators that integrate various factors, including job tenure and skill level. The findings indicated that both academic education and short-term training help increase the experimental competencies of p-lab staff, who also subjectively believe that personnel and staff training are crucial determinants to improving p-lab capacity. Given the above, the relevant authorities should develop implementable training programs and provide more learning opportunities for CDC p-lab staff, such as full-time education at university level or refresher training at a higher-level CDC (18). Staff shortages represent a grievous issue at the CDCs, which could be reasonably interpreted as a severe deficiency of staff funding with convincing evidence pointing to the directions of reforms for the introduction, motivation, and retention of laboratory personnel and technical talent.

Sufficient reagents and consumables motivate staff to repeatedly optimize experimental conditions and gain experience from failures, ultimately prompting the transformation of new technologies into stable IEIs or services, such that more the abundant the reagent funds, the higher the IEI-S of the p-lab. Although the IEI-S is associated with equipment diversity, no significant correlation was observed between IEI-S and equipment funds, suggesting that the primary way to obtain equipment was not restricted to procurement. For example, reagent suppliers are willing to provide their larger customers with accessible trial equipment for public health emergencies, such as the COVID-19 pandemic. Following the requirements of normalized prevention and control regulations enacted by the Chinese government, CDC leaders tend to prioritize spending of equipment funds on MDC by procuring BSCs and q-PCR systems; hence, the MDC is more related to equipment than reagent funds.

The vast majority of upper-level CDCs showed significant advantages in capability over lower ones, but some basic skills are not the case owing to institutional positioning and division of labor. For instance, the pathogen culture and AST ability of city-level CDCs and nucleic acid extraction ability of county-level CDCs appeared stronger than those of provincial-level CDCs. Another interesting phenomenon is that most aspects of CDCs with a BSL-3 laboratory are superior to none. Given various confounders such as CDC level, having a BSL-3 laboratory cannot be considered a facilitating factor of CDC capability but probably could be intuitively regarded as an indicator. CDCs can more easily access policy, personnel, equipment, and financial support in the process of planning, constructing, and maintaining a BSL-3 laboratory. Correspondingly, the operation of a BSL-3 laboratory would further expand the scope of services as a kind of feedback, improving the professionalism and proficiency of the p-lab team in practice. Therefore, the planning and construction of a BSL-3 laboratory could be considered the starting point for CDC p-lab improvement.

Much concern and interest about technology has been focused on the sequencing field and was frequently mentioned in open-ended questions concerning pathogens. WGS can be used to study the transmission and evolution of SARS-CoV-2, and it is increasingly recognized as a critical tool for public health responses to the COVID-19 pandemic (19). Thus, the national guidelines have placed requirements on WGS for SARS-CoV-2 at provincial CDCs, making it more prevalent than influenza WGS, which has been implemented for years. Although few p-lab staff has currently mastered the HTS, its development in the future will give rise to abundant HTS-related products and commercialized services (20, 21). In stark contrast to the pursuit of new techniques, the mastery of traditional microbiological or molecular methods, such as pathogen culture and regular PCR becomes less of a priority, especially in provincial-level CDCs.

Respiratory viruses like influenza and SARS-CoV-2 are among the most concerning pathogens but are not as intensely focused on as sequencing, which implies that monitoring and research of other infectious diseases such as hand, foot, and mouth disease or AIDS remain non-negligible in CDCs. Taking SARS-CoV-2 as an example of pathogen research, a robust testing approach against this pathogen with pandemic potential should be pre-established and include a complete repertoire of the most advanced technologies.

There are some deficiencies in this study that should be improved in future. Many county-level CDCs in China have not established a p-lab or similar department and lack interaction with the national CDC in routine work, making it challenging to include respondents from county CDCs in the survey nationwide. Although two representative provinces were carefully selected, the sample size and representativeness of county-level CDCs remain inferior to that of provincial and city CDCs. Another point worth noting is that continuous variables, such as working hours, were collected using multiple-choice questions rather than fill-in-the-blank questions with the aim to improve the convenience and efficiency of completing the questionnaire but which could reduce accuracy of the data.

The thousands of CDCs in China constitute one of the largest public health systems in the world, providing public health services to approximately one-sixth of the global population. In the context of the COVID-19 pandemic, the p-labs of China's CDCs as a whole provide vital support in the prevention and control of domestic outbreaks and contribute to curbing the global spread of infectious diseases. Although p-lab development at CDCs is unbalanced, substantial progress has been made during the COVID-19 pandemic particularly in detection capacity. As long as CDCs in China's provinces, cities, and counties strengthen and maintain a smooth communication mechanism, a strong network can be formed to cope with future public health emergencies. Human resources and sustainable funding are key to the future development of CDCs and require the attention of governments at all levels. To provide nationwide evidence, we must continue to monitor the status and evaluate the capacity of CDC p-labs in the coming years. We also suggest that the p-labs performing SARS-CoV-2 testing could improve their quality and competence according to our survey results, and regular accreditation and participation in external quality assessment are strongly recommended in the future. The upcoming reform of the public health system in China is the driving force for CDC development, and the sustainable development of CDCs in the future is expected through enhanced cooperation and interdisciplinary integration of various departments.
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Background: Previous studies have shown that cancer patients have higher rates of coronavirus disease 2019 (COVID-19) infection and mortality than noncancer patients. However, the differences between cancer patients undergoing regular follow-up without anticancer treatment and noncancer patients with COVID-19 have remained insufficiently investigated.

Methods: A retrospective case–control study of 52 patients with COVID-19 infection was performed with a 1:3 matched proportion of cancer patients undergoing regular follow-up without anticancer treatment and noncancer patients. The demographic characteristics, clinical data, laboratory tests, treatment, and complications of patients were collected from medical records. Chi-square tests and univariate and multivariate regressions were performed to assess the differences between these two cohorts of COVID-19 patients with and without cancer and risk factors for severe events in COVID-19 patients.

Results: Increased C-reactive protein (CRP) (>4 mg/L) (p = 0.015) and lactate dehydrogenase (LDH) (>243 IU/L) (p = 0.038) were identified as risk factors for severe events in all enrolled COVID-19 patients based on multivariate analysis, but cancer as a chronic disease (p = 1.000) was not identified as an independent risk factor for severe events in COVID-19 patients. Compared with noncancer patients, cancer patients had a significantly longer median hospitalization time (29 days vs. 19 days, p = 0.048) and a higher incidence of hypoalbuminemia complications (84.6 vs. 46.2%, p = 0.016).

Conclusions: Increased CRP and LDH were risk factors for severe events in all enrolled COVID-19 patients, and an increased incidence of hypoalbuminemia complications and longer hospitalization were noted in COVID-19 cancer patients undergoing regular follow-up without anticancer treatment compared with noncancer patients.

KEYWORDS
  coronavirus disease 2019, cancer, severe event risk, follow-up, C-reactive protein (CRP)


Introduction

The number of people infected by COVID-19 continues to increase with the emergence of many new mutant strains at present (1). Although the pathogenicity has decreased, mutant strains are becoming increasingly contagious, which seriously threatens human health (2, 3). A previous retrospective study showed that 48% (91/191) of 191 COVID-19 patients had multiple chronic diseases at the time they were discharged from the hospital (4). Of note, COVID-19 patients with comorbid chronic diseases, such as hypertension, diabetes, and coronary heart disease (CHD), which have been reported to be the top three chronic diseases (5), are at greater risk for severe events (6).

Currently, cancer patients infected with COVID-19 have received increasing attention. Liang and colleagues (7) showed that COVID-19 patients not receiving anticancer therapy (124/1572, 8%) had a lower risk of severe events than those who had received anticancer therapy (3/4, 75%) in the past month. COVID-19-infected cancer patients who received chemotherapy or surgery within 14 days of diagnosis had faster disease deterioration and worse prognosis than those without anticancer treatment (8). Cancer patients were more susceptible to COVID-19 due to the presence of many underlying diseases, malnutrition, and related side effects of anticancer therapy (9), which could lead to prolonged hospitalizations, severe complications, and even admission to the intensive care unit (ICU) or death (10). Patients who did not require anticancer treatments undergoing follow-up had a lower risk of a severe event (45.7%) than those who had received cancer treatment within the past month (64.9%) (11). Considering that most of the current studies focused on the comparison of COVID-19 patients without and with cancer receiving active cancer treatment, research comparing the impact of COVID-19 between noncancer patients and cancer patients without anticancer treatment has not been reported. This study mainly explored the differences between these two cohorts by comparing the clinical factors and risk factors for severe events between COVID-19-infected cancer patients undergoing regular follow-up and noncancer patients from Wuhan Leishenshan Hospital.



Materials and methods


Research protocol design and participants

A total of 52 COVID-19 patients admitted to Wuhan Leishenshan Hospital from February to April 2020 were retrospectively recruited for a 1:3 matched case–control study (12, 13), including 13 patients with different types of cancer undergoing regular follow-up without anticancer treatment irrespective of when the cancer was diagnosed and 39 matched noncancer patients. The following data were obtained from medical records: clinical demographic factors, including sex and age; smoking status; chronic diseases, and treatment. Wuhan Leishenshan Hospital was a designated hospital to treat COVID-19 after the outbreak of COVID-19 in 2020. The research was authorized to be performed by Wuhan Leishenshan Hospital according to Medical and Health Institutions Conducting Clinical Research Projects Management Methods [No. 2014(80)] and was authorized by the Institutional Review Board of Yangpu Hospital Affiliated to Tongji University (No. of ethics approval: LL-2020-KY-003). The diagnosis of COVID-19 followed World Health Organization (WHO) interim guidance (14), and the laboratory diagnosis followed the definition of SARS-CoV-2 infection (15). As previously described (16), nasal and/or throat swabs were obtained to test for SARS-CoV-2 ribonucleic acid (RNA) by reverse transcription-polymerase chain reaction (RT–PCR), which confirmed the presence of COVID-19. To avoid the impact of other chronic diseases, such as hypertension, diabetes, chronic obstructive pulmonary disease (COPD), and CHD, biased factors were balanced in these two cohorts, including the history of chronic disease and other diseases, such as liver damage, kidney damage, and arrhythmia.



Data collection

Information on participants' demographic characteristics, clinical characteristics, cancer history, laboratory results, treatment options, and clinical outcomes was obtained through electronic medical records and patient interviews. A standardized data collection form modified from the International Severe Acute Respiratory and Emerging Infection Consortium form was used to assess complications (17). All data were independently validated by two medical reviewers. Data including age, sex, smoking status, chronic diseases (diabetes, hypertension, CHD, arrhythmia, cerebrovascular disease, chronic kidney disease, chronic liver disease and anemia), history of malignancy (type of cancer, time of onset and cancer history), vital signs (temperature, respiratory rate, blood pressure, heart rate, and oxygen saturation), symptoms (fever, dry cough, sputum, chest tightness, dyspnea, myalgia, fatigue, anorexia, diarrhea), laboratory results [leukocyte, neutrophil, monocytes, lymphocytes, platelets, albumin, total bilirubin, creatinine, blood urea nitrogen, creatine kinase, lactate dehydrogenase (LDH), D-dimer, prothrombin time, C-reactive protein (CRP), interleukin-6 (IL-6), and interleukin 2 receptor (IL-2R)], COVID-19 treatment [antiviral and antibiotics, corticosteroids, human serum albumin, intravenous immunoglobin, traditional Chinese medicine, renal replacement therapy, convalescent plasma transfusion, and extracorporeal membrane oxygenation (ECMO)] and complications while in the hospital were collected and recorded throughout the diagnosis and treatment process.



Definitions and outcomes

An axillary temperature exceeding 37.3 °C was defined as fever. The definitions of sepsis and septic shock were in accordance with the third edition of “International Consensus Definitions of Sepsis and Septic Shock” in 2016 (18). Respiratory failure, acute respiratory distress syndrome (ARDS), septic shock, acute cardiac injury, acute kidney injury (AKI), and acute liver injury were defined according to a previous study (19). Activated partial thromboplastin time >3 s or activated partial thrombin activity <5 s is regarded as coagulation dysfunction, and albumin <30 g/L is regarded as hypoalbuminemia (20). The severity status of COVID-19-infected patients was categorized into the following three groups: general, severe, and critical. The diagnosis of severe COVID-19 was confirmed by meeting any one of the following three criteria: respiratory rate >30 times per min, blood oxygen saturation <93% at room temperature, and arterial partial pressure of oxygen (PaO2) per fraction of inspired oxygen (FiO2) <300 mmHg (6). Patients who met one of the following three conditions were classified as critical cases: respiratory failure requiring invasive ventilation, septic shock, and multiorgan failure (21). Patients who did not meet the diagnosis of severe and critical COVID-19 were defined as general cases. The CURB-65 is an indicator of the severity of community-acquired pneumonia (CAP), and each item is scored as one point for a total of five items, including new-onset disturbance of consciousness, urea nitrogen >7 mmol/L, respiratory rate ≥30 times per min, systolic blood pressure <90 mmHg and/or diastolic blood pressure ≤ 60 mmHg, and age ≥65 years (22). Cancer patients undergoing regular follow-up without requiring anticancer treatment were defined as at least one month from the last treatment (11). Severe events (the composite endpoint) were defined as requiring admission to the ICU, the use of mechanical ventilation, or death (23).



Statistical analysis

We used the median of the interquartile range (IQR) and n (%) to represent continuous variables and categorical variables. Differences between cancer patients undergoing regular follow-up and noncancer patients were compared using the Mann–Whitney U-test, chi-square test, or Fisher's exact test. Risk factors associated with a severe event (requiring admission to the ICU, use of mechanical ventilation, or death) were analyzed using univariate and multivariate logistic regression (forward likelihood ratio model) models.




Results


Clinical characteristics of COVID-19 patients

A total of 52 COVID-19 patients were recruited from Wuhan Leishenshan Hospital, including 13 cancer patients undergoing regular follow-up (Table 1) and 39 matched noncancer patients. The cancer patients included three patients with lymphoma, two patients with lung cancer, two patients with bladder cancer, and one patient each with liver cancer, thyroid cancer, esophageal cancer, kidney cancer, laryngeal cancer, and colon cancer. The median age was 66 years old (range 54–71) for all patients, 66 years old (range 52–72) for the cancer group, and 66 years old (range 56–71) for the noncancer group. The whole study group included 28 (28/52, 53.8%) male patients and 24 (24/52, 46.2%) female patients, including 8 (8/13, 61.5%) male and 5 (5/13, 38.5%) female patients in the cancer group and 20 (20/39, 51.3%) male and 19 (19/39, 48.7%) female patients in the noncancer group (Table 2). A total of 15 patients (15/52, 28.8%) were classified as severe and critical cases on admission, including 5 cancer patients (5/13, 38.5%) and 10 noncancer patients (10/39, 25.6%). In total, 8 (8/13, 61.5%), 2 (2/13, 15.4%), and 3 (3/13, 23.1%) COVID-19 patients were defined as general, severe and critical cases, respectively, in the cancer group and 29 (29/39, 74.4%), 1 (1/39, 2.6%), and 9 (9/39, 23.1%), respectively, in the noncancer group (Table 2). Most patients had other multiple chronic diseases, including diabetes (9/52, 17.3%), hypertension (26/52, 50.0%), CHD (10/52, 19.2%), arrhythmia (3/52, 5.8%), cerebrovascular disease (7/52, 13.5%), chronic kidney disease (5/52, 9.6%), chronic liver disease (5/52, 9.6%) and anemia (18/52, 34.6%). No differences in age, sex, comorbidities, CURB-65 score, or COVID-19 severity status were noted between these two groups (p > 0.05, Table 2). Regarding signs and symptoms, the noncancer patient group had more patients with shortness of breath than the cancer patient group (46.2% vs. 15.4%, p = 0.048). Dry cough was the most common symptom with an incidence of 80.8% (42/52, 80.8%) followed by fever (33/52, 63.5%) and shortness of breath (20/52, 38.5%) (Table 2).


TABLE 1 Clinical characteristics and outcomes of cancer patients infected with COVID-19.

[image: Table 1]


TABLE 2 Demographics and baseline characteristics of COVID-19 patients with and without cancer.
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Results of laboratory tests for COVID-19 patients on admission

Of the 52 patients admitted to the hospital with COVID-19, no differences in leukocyte count (p = 1.000), absolute neutrophil count (p = 0.665), monocyte count (p = 0.704), lymphocyte count (p = 0.118), platelet count (p = 0.992), albumin (p = 0.347), total bilirubin (p = 0.358), creatinine (p = 0.795), blood urea nitrogen (p = 0.261), creatine kinase (p = 0.336), lactate dehydrogenase (p = 0.894), D-dimer (p = 0.812), prothrombin time (p = 0.177), CRP (p = 0.722), IL-6 (p = 0.186), or IL-2R (p = 0.862) were noted between cancer patient group and the noncancer patient group (Table 3).


TABLE 3 Laboratory findings for COVID-19 patients with and without cancer on admission.
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Treatment for COVID-19 patients

Regarding treatment for COVID-19 patients, there were 29 patients (29/52, 55.8%) receiving antiviral medications, including 9 cancer patients (9/13, 69.2%) and 20 noncancer patients (20/39, 51.3%, p = 0.259). In total, 30 (30/52, 57.7%) patients received intravenous antibiotics, including 8 cancer patients (8/13, 61.5%) and 22 noncancer patients (22/39, 56.4%, p = 0.746). In addition, 9 (9/52, 17.3%) patients received intravenous corticosteroids, including 3 cancer patients (3/13, 23.1%) and 6 noncancer patients (6/39, 15.4%, p = 0.832). 13 patients (13/52, 25.0%) were administered intravenous human serum albumin, including 4 cancer patients (4/13, 30.8%) and 9 noncancer patients (9/39, 23.1%, p = 0.853). In total, 42 (42/52, 80.8%) patients received traditional Chinese medicine, including 9 cancer patients (9/13, 69.2%) and 33 noncancer patients (33/39, 84.6%, p = 0.416). Four patients (4/52, 7.7%) received renal replacement therapy, all of whom were noncancer patients (4/39, 10.3%). Six (6/52, 11.5%) patients received convalescent plasma transfusion, including two cancer patients (2/13, 15.4%) and four noncancer patients (4/39, 10.3%, p = 0.632). Two patients (2/52, 3.8%) were administered ECMO, including one cancer patient (1/13, 7.7%) and one noncancer patient (1/39, 2.6%, p = 0.441) (Table 4). Hypoalbuminemia (29/52, 55.8%) was the most frequent complication followed by acute liver injury (12/52, 23.1%), respiratory failure (7/52, 13.5%), septic shock (7/52, 13.5%), and acute cardiac injury (7/52, 13.5%). Significant differences in the complication of hypoalbuminemia were noted between cancer patients and noncancer patients (84.6 vs. 46.2%, p = 0.016, Table 4, Figure 1), but there were no significant differences in the treatment and other complications in patients with and without cancer (Table 4).


TABLE 4 Treatments, complications and outcomes of COVID-19 patients with and without cancer on admission.
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[image: Figure 1]
FIGURE 1
 The outcome discrepancy in COVID-19 patients with and without cancer. Compared with noncancer patients, cancer patients experienced a longer time from illness onset to hospital admission (20 days vs. 10 days, p = 0.271), a significantly longer median time of hospitalization with treatment (29 days vs. 19 days, p = 0.048) and a higher incidence of hypoalbuminemia complications (84.6% vs. 46.2%, p = 0.016). Data are expressed as n (%), or n/N (%).




The outcome discrepancy for COVID-19 patients with and without cancer

The severe events, including admission to the ICU, use of mechanical ventilation, and death, were noted in 12 (12/52, 23.1%), 10 (10/52, 19.2%) and 6 (6/52, 11.5%) patients overall, respectively; 9 (9/39, 23.1%), 7 (7/39, 17.9%) and four patients (4/39, 10.3%) in the noncancer group, respectively; and 3 (3/13, 23.1%), 3 (3/13, 23.1%) and two patients (2/13, 15.4%) in the cancer group, respectively (Table 4). A longer median time of hospitalization with treatment was noted for cancer patients compared with noncancer patients (29 vs. 19 days, p = 0.048, Table 4, Figure 1).



Risk factors for severe events in COVID-19 patients

Univariate and multivariable logistic regression were applied to analyze the risk factors for severe events in all COVID-19 patients. The univariate logistic regression analysis demonstrated that higher CRP (>4 mg/L) [odds ratio (OR) = 18.571, 95% confidence interval (CI): 3.284-105.013, p = 0.001], lower albumin (<30 g/L) (OR = 38.000, 95% CI: 3.866–373.524, p = 0.002), higher prothrombin time (>13 s) (OR = 11.000, 95% CI: 2.142–56.496, p = 0.004), higher LDH (>243 IU/L) (OR = 19.800, 95% CI: 3.958–99.053, p < 0.001), higher IL-6 (>7 pg/ml) (OR = 66.000, 95% CI: 6.083–716.151, p = 0.001) and higher IL-2R (>710 U/ml) (OR = 93.500, 95% CI: 7.542–1159.073, p < 0.001) were related to an increased risk of severe events in all COVID-19 patients, while cancer as a chronic disease itself (OR = 1.000, 95% CI: 0.225-4.436, p = 1.000), older age (>65 years) (OR=0.840, 95% CI: 0.226-3.126, p = 0.795), and sex (male) (OR = 1.267, 95% CI: 0.344-4.670, p = 0.723) were not related to an increased risk of severe events for all COVID-19 patients. Due to the lack of IL-6 data for 19 patients and IL-2R data for 21 patients, CRP, albumin, prothrombin time, and LDH were further included to explore the risk factors for severe events in the multivariable analysis using the forward likelihood ratio model. The results showed that increased CRP (>4 mg/L) (OR = 11.438, 95% CI: 1.607-81.416, p = 0.015) and higher LDH (>243 IU/L) (OR = 7.631, 95% CI: 1.123-51.880, p = 0.038) were associated with increased risk factors for severe events in all COVID-19 patients (Table 5). Further univariate logistics analysis in all COVID-19 patients showed that cancer as a chronic disease was not identified as an independent risk factor for mortality (OR = 1.591, 95% CI: 0.256–9.894, p = 0.619), AKI (OR = 3.364, 95% CI: 0.423–26.718, p = 0.251) and requirement of mechanical ventilation (OR = 1.371, 95% CI: 0.298–6.318, p = 0.685).


TABLE 5 Risk factors associated with severe events in COVID-19 patients with and without cancer.
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Discussion

The differences in COVID-19 infection between cancer patients undergoing regular follow-up without anticancer treatment and noncancer patients have not been well studied. This study demonstrated that increased CRP and LDH were risk factors for severe events in all enrolled COVID-19 patients, but cancer as a chronic disease was not a risk factor for severe events in COVID-19 patients. This finding is similar to the findings of a multicenter study in northern London (24). An increased incidence of hypoalbuminemia complications and longer hospitalization was noted for COVID-19 cancer patients compared with noncancer patients.

In our study, CRP, IL-6, and IL-2R were independent risk factors for severe events in all enrolled COVID-19 patients in the univariate analysis, and CRP was an independent risk factor for severe events in the multivariate analysis. CRP, an important opsonin of systemic inflammation and infection severity, could enhance phagocytosis and promote clearance by binding to phosphocholine in the membranes of host cells and pathogens (25). It has been reported that compared with patients with low CRP values, patients with CRP values >5 mg/L have a nearly fivefold risk of developing ARDS (26). In a prior study of 2782 patients hospitalized with COVID-19, CRP concentrations above the median value were associated with AKI, critical illness, and mortality compared with CRP below the median (27), illustrating that CRP can be used as an important marker for the early assessment of COVID-19 severity. IL-6 and IL-2R were independent risk factors for severe events in all COVID-19 patients based on univariate analysis though multivariate analysis of IL-6 and IL-2R could not be performed due to some missing data. Studies have reported that the levels of cytokines (IL-6, IL-2R, and IFN-γ) in cancer patients with COVID-19 are significantly higher than those in noncancer patients (28, 29). A retrospective cohort study of 2052 hospitalized patients with COVID-19 showed that inflammatory factors (highly sensitive CRP, procalcitonin) and cytokines (IL-2R, IL-6, IL-8) were higher in cancer patients compared with noncancer patients (30). SARS-CoV-2 can trigger the production of high levels of proinflammatory mediators, such as IL-6 and IL-1β, which could lead to a cytokine storm (31). One colorectal cancer patient with long-term anti-PD-1 monotherapy developed cytokine release syndrome (CRS) 5 days after receiving the Pfizer-BioNTech mRNA COVID-19 vaccine with evidence of increased inflammatory markers and elevated cytokine levels (IFN-γ, IL-2R, IL-18, IL-16, and IL-10) (32).

Elevated LDH levels in COVID-19 patients are associated with severe events (33). In a case–control study including 124 patients with severe COVID-19 on admission, LDH (>481 U/L) was an independent risk factor associated with death events (34). A similar result was obtained by setting the cutoff point at the upper limit of the normal value for LDH (243 U/L) in our study. According to a meta-analysis including 3117 hospitalized COVID-19 patients, the mean value of LDH in severe patients was increased 1.54-fold compared with that in non-severe cases (35). In addition, elevated baseline LDH levels were significantly associated with risks of ARDS and mortality (36). The results of these studies were consistent with ours, suggesting that LDH could be considered an independent predictive laboratory value for assessing the severity of COVID-19.

Hypoalbuminemia in severe COVID-19 cancer patients has been repeatedly addressed in the literature (37, 38). In our study, we found that the incidence of hypoalbuminemia complications in COVID-19 cancer patients was greater than that in noncancer patients. This result is consistent with a study in North London, in which COVID-19 patients with cancer were more likely to have hypoalbuminemia (40% vs. 23%, p = 0.07) than noncancer patients (24). Hypoalbuminemia has been demonstrated to be associated with lower survival among 121 cancer patients with COVID-19 in a prospective study in Mexico (39). Albumin is a response to the body's nutritional level, and cancer patients may have worse protein synthesis, increased energy consumption, and a slower recovery, which may explain the longer hospitalization duration compared with noncancer patients. Therefore, adequate protein supplementation is indispensable in COVID-19 cancer patients, especially when patients have severe COVID-19.

There are some limitations to our research. First and foremost, this study included different types of cancer patients, so heterogeneity could not be avoided. Second, all the participants in our cohort were from local hospitals, which cannot represent all the profiles of the entire nation. Finally, more detailed information about previous anticancer treatments for the cancer patients in our study could not be obtained, which may have an impact on further analysis. Therefore, larger sample sizes and multicenter studies are needed in the future to explore the differences between COVID-19 patients with and without cancer.



Conclusion

In summary, our study showed that increased CRP and LDH were risk factors for severe events in all enrolled COVID-19 patients, and there was an increased incidence of hypoalbuminemia complications and longer hospitalization for COVID-19 cancer patients without anticancer treatment undergoing regular follow-up compared with noncancer patients.
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Introduction: Co-infection of coronavirus disease 2019 (COVID-19) and dengue may coexist, as both viruses share similar laboratory and clinical features, making diagnosis and treatment challenging for health care professionals to prescribe, negatively impacting patient prognosis, and outcomes.

Results and discussions: Both cases were positive for PCR and X-ray laboratory investigation at clinical examination, confirming COVID-19 and dengue co-infection, admission, and better management in referral hospitals are presented and discussed. The timeline provides detailed cases of situational analysis and the medical actions taken, as well as the outcomes.

Conclusion: Both co-infection cases' (patients) health conditions had a poor prognosis and diagnosis and ended with undesired outcomes. Scaling up dual mosquito-vector linked viral diseases surveillance in understanding the transmission dynamics, early diagnosis, and the timely and safe monitoring of case management in clinical and hospital settings nationwide is paramount in curbing preventable co-infections and mortality.
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Introduction

As the world faces the COVID-19 pandemic with several resurgences of variants, the healthcare burden could be enormous where and when both COVID-19 and dengue co-infection coexist. SARS-CoV2, the virus causing the global pandemic, has been declared a Public Health Emergency of International Concern (PHEIC) by the WHO in early April 2020. COVID-19 has been recorded in more than 200 countries, with the emergence and spread of several COVID-19 virus variants and severity in different waves across nations (1). So far, 554.128 million confirmed COVID-19 cases have been recorded, and over 6.361 million deaths worldwide (1). A further complication of this pandemic arises in some tropical and subtropical countries as arbovirus outbreaks, such as dengue also exist. In tropical regions where arboviruses and COVID-19 may coexist, diagnosis is difficult as both viruses share similar laboratory and clinical features (2). Hence, testing for COVID-19 and dengue are necessary to evaluate and offset the increased morbidity of these co-infections. Dengue fever is a mosquito-borne disease that affects 129 tropical and subtropical countries, threatening a population of ~4 billion at risk (2). South America and Southeast Asia are entering the high-risk season of dengue outbreaks.

Scanty literature has previously reported seasonal dengue with high COVID-19 case viral load in Brazil, Colombia, Mexico, the Philippines, Malaysia, Singapore, Thailand, India, Indonesia, and Saudi Arabia (2–4). Thus far, dengue and SARS-CoV-2 viruses' co-infection in patients has been documented in Singapore, Thailand, India, Bangladesh, and France. In Singapore, two people (one man and one woman over the age of 50) were co-infected with both COVID-19 and the dengue virus. In Bangladesh, two co-infection cases were also reported (3). In Reunion Island (France), an 18-year-old male was reported to be co-infected with both COVID-19 and dengue (4). In India, a 60-year-old patient died from a co-infection of dengue and COVID-19 in April (5).

To the best of our knowledge, this is the first report that has been conducted on COVID-19 and dengue co-infection case fatality in the western region of Saudi Arabia (2). It is assumed that the probability of COVID-19 and dengue co-infection may rise during the peak dengue season. However, the difficulty in distinguishing between these two viral infections makes diagnosis and care delivery challenging and negatively impacts patient prognosis by healthcare professionals. 2020 on 2 March, the first cases of COVID-19 were reported in Saudi Arabia. The number of COVID-19 cases in KSA has now exceeded 300,000 and has spread across the country (6). At COVID-19 pandemic time, Jeddah is a city also facing an annual dengue fever outbreak since 1994. More than a thousand dengue cases have already been confirmed in 2020 (7), and patients with co-infection are likely to emerge based on concurrent transmission dynamics of both viral diseases in Saudi Arabia. Both case reports described COVID-19 and dengue co-infection, which represent a public health concern for the Saudi Ministry of Health and its populations.



Case report 1

A 37-year-old non-Saudi man was referred from a local polyclinic to the secondary level hospital in Jeddah with a preliminary diagnosis of dengue fever. The patient had come to the polyclinic with complaints of fever, nausea, vomiting, body ache, dry cough, and abdominal pain for 5 days. His blood examination revealed he was having leucopenia (3,500 per cu. mm) and thrombocytopenia (109 × 103/mm3). His urine analysis revealed glycosuria and ketone-positive, and RBS was noted to be 293 mg/dl. The patient had a history of diabetes mellitus and was suspected to have dengue fever; for better management, he was referred to the secondary level hospital.

On presentation in the hospital, the patient was normotensive, febrile at 39°C, and his pulse was 90/min. Abdominal examination showed tender epigastrium and chest examination showed bilateral rhonchi. His chest X-ray revealed right-sided basal pneumonia. The patient was suspected of COVID-19, along with dengue, and was admitted to an isolation room. His nasopharyngeal swab was taken for COVID-19 testing, which came positive for RT-PCR. Simultaneously, the patient also came positive for dengue PCR, confirming the co-infection in the patient. Laboratory investigation at clinical admission/presentation is given in Table 1.


TABLE 1 Demographics, clinical and laboratory parameters, and indices of the two patients.

[image: Table 1]

Case 1 patient was treated as per the Ministry of Health (MOH) guidelines for COVID-19, which included antibiotics, anticoagulants, oxygen, corticosteroids, and immunomodulator (as per MOH protocol and clinical scenario) during his stay in hospital. His oxygen saturation was 97% on room air with no dyspnoea. The patient continued with medical treatment, but on the 9th day of his admission, he developed a disturbed level of consciousness, marked respiratory distress, increased blood glucose level, sugar and ketones in the urine, and metabolic acidosis and was shifted to ICU on high-flow oxygen, IV fluids, and IV insulin. CT brain was done, which showed a normal result.

Case 1 patient started desaturation and was connected to a non-invasive mechanical ventilator. At this point, his BP was 130/70 mmHg, tachycardia 140 b/min, and tachypnoea 50/min. His condition started deteriorating in the ICU with a Glasgow Coma Scale (GCS) scale of 10/15 and electrolyte Imbalance, hypernatremia, and hypokalaemia. On the 5th day of his ICU stay, he started showing signs of improvement. His level of consciousness improved, and his GCS was 13/15 on oxygen mask BP 120/70 mmHg, RR 30/min, O2 saturation 94%, temp 37.5, and on HIR infusion. While most of the parameters were showing improvement, there was a decrease in platelets, and it reached 20,400 on day 11 of intensive care unit (ICU) stay even after a transfusion of platelets (6 units of platelets given). On day 13 of his ICU stay, the patient's level of consciousness decreased and he was desaturated on a non-invasive mechanical ventilator, was intubated, and put on a mechanical ventilator. ABG showed severe metabolic and respiratory acidosis and high troponin, D dimer, and pro-BNP. The patient developed Brady-systole and did not respond to CPR as per ALS protocol and expired.



Case report 2

A 52-year-old male patient with no significant past medical history was presented to the ER of a tertiary hospital in Jeddah, with complaints of cough, SOB, and fever. The patient had no vomiting or diarrhea and was preliminarily suspected of COVID-19 infection. Chest X-Ray showed increased broncho-vascular marking. The nasopharyngeal swab was taken, which was positive for COVID-19. The patient was admitted to the isolation room, and on examination, the patient was conscious, alert, and oriented vitally. Febrile (39) desaturating on room air was 89% and was put on nasal prongs at 4 L of 96%, tachypnoea RR 28. Electrocardiogram (ECG) and Trop I were normal (Table 1).

The patient (case 2) has started treatment on the MOH guidelines with antibiotics, antipyretics, and a nebulizer, along with gastrointestinal and deep-vein thrombosis prophylaxis. Due to the low platelet count, he was suspected of dengue fever, and his blood sample was sent for dengue analysis.

He could not maintain saturation, so he was shifted to ICU on 3rd day of his admission to the hospital and was connected to NRBM with oxygen at the rate of 10 L varying at 92–99%. He also developed bilateral basal crackles. Triple therapy consists of 2 antivirals and interferon. Lopinavir/Ritonavir, Ribavirin, and interferon ware administered. The patient continued to be tachypneic and febrile (37.8) and was encouraged for awake-prone positioning, while saturation increased temporarily but continued to be febrile (39). He could not maintain saturation on NRBM and shifted to non-invasive ventilation with Bilevel positive airway pressure (BiPAP)/high-flow canula. The patient failed to improve saturation despite being on a high-flow nasal cannula (FNNC) with 100% O2 and a flow of 60 L/min. The patient was intubated and connected, and mechanical ventilation was started as per acute respiratory distress syndrome protocol. To maintain saturation, the patient was completely sedated and paralyzed with muscle relaxants. CT pulmonary angiogram was done for the patient, was negative for pulmonary embolism, and showed ground-glass opacities concomitant with severe COVID-19 infection. His serology for dengue was positive. The patient developed AKI-acute kidney injury and was started on continuous chronic renal replacement therapy. The patient developed atrial fibrillation and was treated with an Amiodarone-loading dose/infusion for 24 h. On 1 July 2020, patient 2 became hypotensive and was started on vasopressors, but he showed a poor response and continued to be hypotensive and had a cardiac arrest on 4 July 2020.

The timeline of both patients was presented and illustrated the care delivery, as well as the activities conducted from admission, hospitalization, and discharge (Figure 1).


[image: Figure 1]
FIGURE 1
 Summary of timeline and activities of both patients.




Discussion

We have presented our two patients who had co-infection of COVID-19 and dengue and had a fatal outcome. Interestingly, case 1 was preliminarily diagnosed as dengue fever, as his presentation was inclined more toward viral hemorrhagic fever, which included fever, body aches, nausea, and vomiting but turned out to be COVID-19-positive too; while case 2, whose presentation was more toward COVID-19 symptoms, which included fever, shortness of breath, and cough, was later found to be dengue-positive as well. Thrombocytopenia with leucopenia is a consistent feature of dengue fever. It has also been seen in COVID-19 infection. Both cases were presented with thrombocytopenia and leucopenia The similarity of this presentation in dengue and COVID-19 is one of the main challenges faced by health care workers during diagnosis and has been highlighted in many studies (4–6).

Lung involvement in COVID-19 infection is well-established and the chest X-ray for both cases was suggestive of pneumonia, showing the hallmark of lung involvement. Despite the symptomatic similarities between the two cases, the differences between the two were also evident in the laboratory investigation. In addition, case 1, which has a similar feature to case 2, was younger (35 years) than case 2 (52 years) but had diabetes mellitus as the risk factor. Nonetheless, both had a fatal outcome.

There were two death cases due to dengue fever that have been reported to the administration of vector-borne and zoonotic diseases in Jeddah. As we assessed the poor outcomes due to co-infection of both dengue and COVID-19, we focused on the reported death cases of dengue fever with positive COVID-19 tests, collected their files to study the prognosis, and highlighted the main change during their admission. We specifically chose them as they met the criteria of a narrow time frame between getting both diseases (<2 weeks). Moreover, we also assessed their previous dengue infection and their history of other infectious diseases and comorbidities.

Interestingly, we found out how both patients' health conditions were poorly prognosed and ended with undesired outcomes due to the co-infection. As we are reporting both death cases, the patients were compared in terms of their health condition during admission, and the significant change recorded in their labs/vitals, especially the platelet count since other studies shows that COVID-19 has an impact on platelets counts, as well as the dengue fever. Importantly, both patients did not receive COVID-19 vaccines and have been reported before the massive vaccination protocols applied by the MOH. As you have highlighted, this draft will be elaborated in a better and more precise way to clarify the importance of reporting fatal cases due to co-infection. Both cases' results are consistent with previous reports of dengue and COVID-19 co-infections burden and threats, which is still poorly assessed and reported consistently in most dengue-prone settings worldwide (8, 9).



Conclusion and next steps

There is a major challenge in distinguishing diagnosis between COVID-19 and dengue co-infections that makes treatment challenging for healthcare professionals in Saudi Arabia. COVID-19 cases spread across the country now exceeded 796,268 confirmed cases and 9,211 deaths. More than a thousand dengue cases have already been confirmed in 2020, and the concurrent transmission dynamics of both viral diseases represent a public health concern for the Saudi Ministry of Health and its populations.

• Enhanced mosquito-vector and viral diseases surveillance, early diagnosis, and detection to safety and management monitoring are crucial in clinic and hospital settings in Jeddah and nationwide as well.

• Promoting dengue-effective and timely risk communication and scale of COVID-19 vaccination coverage, safety, and effectiveness metrics.

• Integrated implementation of COVID-19 and dengue community-based engagement, activities like health educational outreach in sustained preparedness, response, and recovery plans.
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Background: Coronavirus disease 2019 (COVID-19) causes life-threatening with the high-fatality rates and spreads with high-infectious disease worldwide. We aimed to systematically review the comorbidities and complications of COVID-19 that are associated with various disease severity, progression, and mortality in China, to provide contemporary and reliable estimates in settings with centralized isolation and hospitalization.

Methods: In this systematic review and meta-analysis, we searched four main English language databases, and four main Chinese language databases for observational studies published from inception to January 2022, to identify all the related comorbidities and complications of COVID-19, in the China region with centralized isolation and hospitalization, with disease severity, progression, and mortality. Literature search, data extraction, and quality assessment were independently conducted by two reviewers. We used the generalized linear mixed model to estimate pooled effect sizes for any comorbidities and complications, and subgroup in gender ratio was done to further address the potential heterogeneity.

Results: Overall, 187 studies describing 77,013 patients, namely, 54 different comorbidities and 46 various complications of COVID-19, were identified who met our inclusion criteria. The most prevalent comorbidities were hypertension [20.37% 95% CI (15.28–26.63), 19.29% (16.17–22.85), 34.72% (31.48–38.10), and 43.94% (38.94–49.06)] and diabetes [7.84% (5.78–10.54), 8.59% (7.25–10.16), 17.99% (16.29–19.84), and 22.68% (19.93–25.69)] in mild, moderate, severe, and critical cases. The most prevalent complications were liver injury [10.00% (1.39–46.72), 23.04% (14.20–35.13), and 43.48% (39.88–47.15)] in mild, moderate, and severe cases, and acute respiratory distress syndrome [ARDS; 94.17% (20.78–99.90)] and respiratory failure [90.69% (28.08–99.59)] in critical cases. Renal insufficiency [odds ratio (OR) 17.43 (6.69–45.43)] in comorbidities and respiratory failure [OR 105.12 (49.48–223.33)] in complications were strongly associated in severe/critical than in mild/moderate cases. The highest estimated risk in intensive care unit (ICU) admission, progression, and mortality was an autoimmune disease, nervous system disease, and stroke in comorbidities, shock, and ARDS in complications.

Conclusion: Comorbidities and complications in inpatients with COVID-19 were positively associated with increased risk in severe and critical cases, ICU admission, exacerbation, and death during centralized isolation and hospitalization. Prompt identification of comorbidities and complications in inpatients with COVID-19 can enhance the prevention of disease progression and death and improve the precision of risk predictions.

KEYWORDS
  comorbidities, complications, COVID-19, centralized isolation and hospitalization, systematic review


Introduction

The coronavirus disease 2019 (COVID-19) pandemic poses a formidable challenge to socioeconomic development and population health (1, 2). COVID-19 is associated with high global morbidity and in-hospital fatality rates, continues to spread due to its highly infectious nature, and is prevalent worldwide (3–5). In 2020–2022, COVID-19 increasingly emerged as a major cause of mortality worldwide, had a catastrophic effect on public health, and was largely responsible for comorbidities and complications in infected individuals (3, 6, 7).

More recent COVID-19 data indicate that severe disease conditions, disease progression, and mortality risk substantially depend on the underlying comorbidities and specific complications, which cause higher risk and poor prognosis (8–10). Existing comorbidities and short-term complications can cause more severe outcomes, such as exacerbations and death, compared with an initial infection by severe acute respiratory distress syndrome coronavirus 2 (SARS-CoV-2) (7, 11). Identifying these prognosis factors in a clinical setting is significant in managing inpatients with COVID-19 and also contributes to future clinical decisions to resolve health threats in healthcare systems (12–14). However, comprehensive studies summarizing the ongoing relevance regarding comorbidities and complications in patients with COVID-19 are sparse, particularly in settings with the centralized isolation and active treatment.

Epidemic control in risk populations, including positive cases and in cases of proximity contact, can considerably alleviate SARS-CoV-2 transmission (15, 16). As the first wave of SARS-CoV-2 was detected in China, the Chinese government imposed strict lockdown measures to control outbreaks and setup quarantine and hospitalization facilities on priority for patients afflicted with COVID-19 (17, 18). The low prevalence and repositivity rate in patients infected with COVID-19 in China indicate that strict lockdown measures and centralized isolation and treatment could control the COVID-19 epidemic over a short time (19, 20).

Previous studies have not fully considered and rigorously evaluated COVID-19-related comorbidities and complications in different disease states, and most studies with small sample sizes have neglected important clinical risk factors and estimated the results in an overly simplistic to the inconclusive manner (21–23). The fundamental aspects of numerous comorbidities and complications associated with COVID-19 have not been defined. To provide an appropriate public health response, in this systematic review and meta-analysis, we aimed to identify and assess in-hospital data on comorbidities and complications of COVID-19 that are associated with various levels of disease severity, progression, and mortality in China during centralized isolation and hospitalization.



Methods

This systematic review and meta-analysis were conducted in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines for its analyses and synthesis (24). The detailed plan of our protocol is published and registered with the International Prospective Register of Systematic Reviews (PROSPERO) (registration ID: CRD42022311096). Detailed information on protocol amendments is given in Supplementary File 1.


Eligibility criteria

Observational studies that detailed all the related comorbidities and complications of COVID-19 in the general Chinese population (individuals aged >15 years), and studies reporting various disease severity, progression, and mortality, in designated hospitals with centralized isolation and treatment, were included. The reference standards for confirmed SARS-CoV-2 infections were determined by following the WHO interim guidance, the COVID-19 diagnosis and treatment guidelines of the National Health Commission in China, or others. Studies having a sample size of more than 100 participants were included. All the comorbidities and complications of COVID-19 were determined based on author-defined criteria reported in the original articles. Studies that included pregnant women, maternal cases, newborns, and children; those conducted in a certain subpopulation without comparison with other subgroups; those that included the general population vaccinated against COVID-19; studies that were missing information with respect to data sources or clinical prognostic factor in comorbidities or complications; and studies that identified disease diagnosis and COVID-19 severity using unclear or inconsistent definitions were excluded.



Search strategy

In this systematic review and meta-analysis, we conducted a literature search of English language databases (PubMed, Embase, Cochrane Library, and the Web of Science), and Chinese language databases (China National Knowledge Infrastructure, Wanfang Data Knowledge Service Platform, VIP information resource integration service platform databases, and Chinese biomedical literature service system) without language restrictions from inception to January 2022 that reported centralized isolation and hospitalization in China. Key search terms were “COVID-19” and “comorbidities” and “complications.” Detailed strategies are available in Supplementary File 2. Furthermore, reference lists of the included articles and related systematic reviews that met our inclusion criteria on COVID-19 were checked and the gray literature was explored by hand search.



Data extraction

The titles and abstracts of all the retrieved studies, after the removal of duplicates, were first independently screened by two reviewers. Subsequent steps involved the full-text review of potential studies to assess their eligibility for inclusion. A third reviewer arbitrated discrepancies between the two reviewers and made the final decision that was resolved by consensus and discussion. Extracted data that were included were comorbidities and complications in various disease conditions, including disease severity, progression, and mortality. We also extracted data on authors, year of publication, site and date of investigation, hospital of recruitment, definition and diagnosis of COVID-19, sample size, median age, and the gender proportion of participants.



Quality assessment

Two reviewers independently assessed the quality of all the included studies using a 9-item tool in the Joanna Briggs Institute (JBI) Prevalence Critical Appraisal Checklist, where each item is scored on a scale of 0–1, with 0 for “No” or “Unclear,” and 1 for “Yes” (25). The score of studies is categorized as high risk of bias (0–5), moderate risk of bias (6, 7), or low risk of bias (8, 9). If disagreements arose, a third independent reviewer resolved them by consensus.



Data analysis

A generalized linear mixed model (GLMM) with random-effects and fixed-effects models was used to calculate and estimate the overall pool of the single group proportions of comorbidities or complications in mild, moderate, severe, and critical patients, and the total number of COVID-19 inpatients. The proportion was modeled by a logit transformation in GLMM. The between-study variance was estimated using the DerSimonian–Laird estimator with corresponding I2 and Q statistics for quantifying and testing heterogeneity. Because of the clinically heterogeneous nature of the between-study populations, all the results were reported using the random-effects models. I2 statistic was used to quantify the heterogeneity of between-study findings. Values of <50% represented low heterogeneity, 50%−75% represented medium heterogeneity, and >75% represented high heterogeneity. A two-tailed p-value of <0.05 was used as a threshold for the statistical significance in all the analyses.

Subgroup analyses on disease severity for the estimated proportions were based on mild, moderate, severe, and critical cases by clinical symptoms at enrollment for estimated proportions. In this meta-analysis, for all the comparisons and proportions that had more than five included studies, subgroup analysis for gender ratio, especially sex-specific analysis, including female > male (sex ratio > 1) and female < male (sex ratio <1), was performed. The classifications of severe illness for “mild/moderate vs. severe/critical” and “intensive care unit (ICU) vs. non-ICU,” progression in “progressive (aggravation of illness) vs. nonprogressive (nonaggravation of illness),” and mortality in “with comorbidities and complications vs. without comorbidities and complications” were combined and analyzed separately using odds ratio (OR) with 95% CI for binary variables. These parameters were compared using the Mantel–Haenszel pooling method from pairwise meta-analyses. All the statistical analyses were conducted using R statistical software (version 4.0.5) with meta-package.



Patient and public involvement

This study is a systematic review, based on the published data; no patients were involved in conducting the study.




Results


Search results and characteristics of included studies

After 17,439 studies were initially screened and after the removal of duplicates, 187 studies reported the association between the comorbidities of COVID-19, complications of COVID-19, or both, and those reporting disease severity, progression, and mortality in the general populations with centralized isolation and hospitalization were included (Figure 1). All the studies were collected from hospital-based data, of which 89.84% (168 of 187) studies had a cohort study design, 8.02% (15 of 187) studies were cross-sectional studies, and the remaining 2.67% (5 of 187) studies were case–control studies. Among the included studies, there were 77,013 patients without COVID-19 vaccination in China between 2019 and 2020. Detailed patient characteristics of all the studies included are shown in Supplementary Table 1. The overall risk of bias, based on the JBI Checklist in 9 domains, was low in most studies (Supplementary Table 2). Among the 187 studies reporting comorbidities and complications in which the total prevalence and subgroup of gender ratio were reported, there were 54 different comorbidities and 46 various complications of COVID-19, which have been listed in Supplementary Tables 3, 4. We identified 85 clinical comorbidities and complications associated with disease severity, 31 with progression, and 58 with mortality in the meta-analysis.
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FIGURE 1
 Summary of evidence search and selection. CNKI, China National Knowledge Infrastructure; Wan Fang Data, Wanfang Data Knowledge Service Platform; VIP, VIP information resource integration service platform databases; SinoMed, Chinese biomedical literature service system.




Disease severity

In disease severity, the most prevalent comorbidities with commonly reported conditions were hypertension [20.37% (95% CI 15.28–26.63), 19.29% (16.17–22.85), 34.72% (31.48–38.10), and 43.94% (38.94–49.06)] and diabetes [7.84% (5.78–10.54), 8.59% (7.25–10.16), 17.99% (16.29–19.84), and 22.68% (19.93–25.69)] in mild, moderate, severe, and critical patients, chronic heart disease [30.56% (17.80–47.21) and 44.44% (24.00–66.96)] in severe and critical patients, and cardiovascular diseases [28.24% (18.32–40.85)] in critical patients; the most prevalent complications were liver injury [10.00% (1.39–46.72), 23.04% (14.20–35.13), and 43.48% (39.88–47.15)] in mild, moderate, and severe patients and acute respiratory distress syndrome [ARDS; 94.17% (20.78–99.90)], respiratory failure [90.69% (28.08–99.59)], shock [61.54% (42.07–77.90)], and coagulopathy [59.09% (53.30–64.64)] in critical patients Supplementary Table 5). The pooled prevalence of comorbidities and complications associated with COVID-19 increased with advancing severity and was the highest in critical patients.

Most comorbidities and complications were positively associated with an increased risk of serious conditions in severe/critical patients (Table 1), with the strongest associations for renal insufficiency [OR 17.43 (95% CI 6.69–45.43)], cardiac insufficiency [12.69 (5.12–31.48)], and kidney failure [9.69 (1.62–57.81)] in comorbidities, with the strongest associations for respiratory diseases with ARDS [53.26 (30.72–92.33)] and respiratory failure [105.12 (49.48–223.33)], and critical illness with septic shock [58.03 (25.42–132.47)], multiple organ dysfunction syndrome [MODS; 29.96 (3.61–248.31)], and shock [26.35 (15.79–44.00)]. Moreover, we found that conditions coexisting with stroke [7.65 (1.58–36.92)], chronic obstructive pulmonary disease (COPD) [4.94 (1.00–24.38)], and coronary heart disease [4.91 (1.35–17.79)], and patients with shock [54.34 (12.47–236.89)], ARDS [34.49 (16.23–73.28)], and acute cardiac injury [33.85 (17.88–64.08)], were associated with a higher risk of ICU admission compared with that in non-ICU (Table 2). Heterogeneity was mostly low in the main analyses with respect to mild/moderate vs. severe/critical cases and ICU admission vs. non-ICU, and without any significant differences in subgroup analyses of gender for eligible strongest factors (Supplementary Tables 6, 7).


TABLE 1 Meta-analysis summary of comorbidities and complications for COVID-19 by mild/moderate vs. severe/critical.
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TABLE 2 Meta-analysis summary of comorbidities and complications for COVID-19 by ICU admission vs. non-ICU admission.
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Disease progression

For disease progression, the most specific indicators of aggravation of illness (Table 3) during hospitalization were underlying comorbidities with low heterogeneity, and included autoimmune disease [5.10 (2.13–12.19)], nervous system disease [3.47 (1.71–7.06)], stroke [3.39 (1.74–6.61)], cerebrovascular disease [3.18 (1.47–6.88)], and cardiovascular diseases [3.16 (2.15–4.65)] and severe complications included disseminated intravascular coagulation (DIC) [85.43 (16.00–456.24)], ARDS [45.05 (6.13–331.08)], shock [43.31 (18.96–98.94)], and acute cardiac injury [42.83 (12.24–149.94)]. In subgroup analyses by sex, aggravation of illness associated with hypertension and diabetes was higher among those higher proportions of women than those higher proportions of men (Supplementary Table 8).


TABLE 3 Meta-analysis summary of comorbidities and complications for COVID-19 by progressive vs. non-progressive.
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Mortality

Overall, the odds of death differed significantly between patients with comorbidities and complications vs. those without in most. The increased odds of mortality were strongly correlated with indicators in coexisting nervous system disease [5.28 (2.71–10.29)], respiratory disease [3.92 (2.38–6.45)], autoimmune disease [3.70 (1.74–7.87)], and cardiovascular diseases [3.35 (2.66–4.22)]. Cardiac and cerebrovascular diseases, respiratory system, infectious diseases, and critical illness-related complications were associated with increased mortality, and patients with shock [155.84 (49.43–491.40)], septic shock [93.23 (26.13–332.67)], and ARDS [63.99 (31.99–128.02)] have exhibited significant differences (p <0.0001) and had medium and high heterogeneity and greater odds compared with others. Besides, it should also be noted that other significantly higher risks of mortality, such as respiratory failure [34.54 (19.39–61.53)], gastrointestinal bleeding [31.40 (15.54–63.44)], secondary infection [30.00 (2.95–304.87)], sepsis [34.89 (7.27–167.34)], DIC [30.33 (9.54–96.48)], and thrombocytopenia [29.85 (7.35–121.24)], were observed. Data for comorbidities and complications of mortality are given in Table 4, and subgroup analysis showed that there were no significant differences among gender with respect to the rate of mortality (Supplementary Table 9).


TABLE 4 Meta-analysis summary of mortality for COVID-19 with comorbidities and complications vs. without comorbidities and complications.
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Discussion

In this systematic review and meta-analysis that included 187 studies with 77,013 patients without COVID-19 vaccination from China, a large proportion of inpatients with COVID-19 were found to have various coexisting comorbidities and complications. Moreover, comorbidities and complications were strongly associated with a higher risk of severe and critical outcomes, worsening illness, ICU admissions, and even mortality during centralized isolation and hospitalization.

The most prevalent comorbidities were hypertension in mild, moderate, severe, and critical patients, followed by diabetes and cardiovascular diseases. However, the most prevalent complications differed, and liver and renal complications were more common in mild and moderate patients, whereas severe respiratory complications were more common in severe and critical patients. Our results were in accordance with findings from previous reviews that patients with COVID-19 have a highly estimated prevalence of coexisting hypertension, diabetes, or cardiovascular diseases (26–28). Our results for cardiovascular disease findings were more detailed than previous findings, indicating that the leading risk factors were chronic heart disease and cardiac insufficiency in severe/critical patients. However, the higher odds of kidney failure and renal insufficiency should be paid attention to patients with COVID-19 who are in a serious condition, as these comorbidities have been neglected overall due to their lower prevalence (26). Although stroke and COPD had a significant OR in ICU hospitalization, our results should be interpreted with caution due to the small sample size. In several studies, the cerebrovascular disease has also been identified as a higher risk factor for the patients with COVID-19 (29, 30).

In addition to summarizing various disease severities of COVID-19, we explored disease progression and mortality due to complications that are highly associated with COVID-19. We observed the potential harms for aggravation of illness with exceptional odds during hospitalization, in the presence of comorbidities such as autoimmune disease, nervous system disease, and cerebrovascular and cardiovascular diseases, which were consistent with those reported by several studies (29, 31, 32). Some included studies with small sample sizes reported stroke among present comorbidities, which might be overestimated with high odds during disease progression. This finding suggested that most cardio- and cerebrovascular diseases, respiratory system diseases, kidney diseases, nervous system diseases, and autoimmune diseases can increase the risk of death in patients by presumably 3- to 5-fold than in those without these comorbidities. While a higher risk of death might be overreported in our study with respect to comorbidities due to the sample size limitation, these factors have also been reported by others in association with the increased risk of COVID-19 (33–35). Strong evidence along with larger patient populations in our study shows that hypertension, diabetes, malignancy, and cardiovascular disease contributed significantly with 2–4 OR values to ICU hospitalization, disease progression, and death (Tables 2–4), and is in accordance with the findings confirmed by other studies (29).

Our results are largely consistent with those of published studies and provide more precise estimates of pooled prevalence and comparisons for complications (7, 36, 37). ARDS, respiratory failure, septic shock, MODS, and shock were likely to appear in serious episodes of COVID-19 with extremely higher risks compared with the mild and moderate forms. In addition, complications with shock, ARDS, and acute cardiac injury were found to significantly increase the risks of ICU hospitalization and progression. In particular, ARDS and shock were the strongly correlated indicators of deterioration, and also pose a substantial risk of death. ARDS and respiratory failure, as severe, persistent respiratory complications of COVID-19, have been confirmed to pose higher risks of severe and critical illness, and even death, which may trigger substantial morbidity and halt disease progression with more complex effects in the patient population (38, 39). Our study has fully considered and explained the association between COVID-19 and its complications, and the results could serve as a means to find efficient methods of prevention to reduce long-term morbidity and mortality (40).


Strengths and limitations

To the best of our knowledge, this is the first study to explore the clinical factors and identify the most comprehensive fatal comorbidities and complications of COVID-19 in China. Consideration of comorbidities and complications is among the factors essential for clinical decision-making in the patient population with COVID-19, and to provide data for targeted prevention and treatment strategies in the healthcare system during centralized isolation and in a hospital setting. Moreover, low heterogeneity was determined using the I2 statistic in most disease severities in the estimated proportions and between-study comparisons of disease severity, progression, and mortality. To determine the potential heterogeneity in certain clinical factors across studies, we conducted subgroup analyses to further explore and interpret outcomes. Our systematic review and meta-analysis and robust subgroup analyses provide a comprehensive overview. The large sample size allowed us to examine various underlying comorbidities and complications and estimate pooled proportions and comparisons.

Our study has several limitations. There was heterogeneity in the definition of comorbidities and complications across studies, which was identified using retrospective observational data in the primary research. Second, subgroup analyses could not be conducted for age to estimate and interpret clinical heterogeneity, because information on age for each comorbidity and complication for patients with COVID-19 was not available. Moreover, there were no significant differences in the median age. Despite our meta-analysis and subgroup analysis for all the comorbidities and complications, we were unable to quantify the effects of treatment factors on individual variability, especially in disease progression. Additionally, our results were also affected by the potential merge mixing of comorbidities and complications, publication bias due to small sample sizes, and wide CIs on clinical factors, all of which may have exaggerated the pooled proportions and OR value of comparisons for actual outcomes in a single disease. Our results did not reveal any association and outcome analysis in vaccinated and nonvaccinated individuals in China. Because these analyses were focused on the general populations who had not received COVID-19 vaccines; thus, our results demonstrate the real findings with respect to comorbidities and complications in primary infections without vaccine protection. Because the vast majority of included studies not mentioned the impact of treatment with monoclonal antibodies, antiviral, or peripheral immune plasma therapy, which can potentially impact the stability of results in complications.




Conclusion

In this study, substantially greater harm was found among inpatients with COVID-19 with comorbidities and complications who were severe and critical, had ICU hospitalization, showed aggravation in disease progression, and mortality compared with those without. Comprehensively identifying the comorbidities and complications of the inpatients with COVID-19 could improve the precision of risk predictions and further enhance the possibility of disease prevention, exacerbations, and death. Although the estimated proportions and comparisons are limited by generalizability, our findings summarize all the available data in China to further refine the burden of disease estimates for COVID-19 in terms of centralized isolation and hospitalization. High-quality studies are needed to better estimate the comorbidities and complications of COVID-19 that are relevant to disease severity, progression, and mortality.
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With the onset of the COVID-19 pandemic, quantifying the condition of positively diagnosed patients is of paramount importance. Chest CT scans can be used to measure the severity of a lung infection and the isolate involvement sites in order to increase awareness of a patient's disease progression. In this work, we developed a deep learning framework for lung infection severity prediction. To this end, we collected a dataset of 232 chest CT scans and involved two public datasets with an additional 59 scans for our model's training and used two external test sets with 21 scans for evaluation. On an input chest Computer Tomography (CT) scan, our framework, in parallel, performs a lung lobe segmentation utilizing a pre-trained model and infection segmentation using three distinct trained SE-ResNet18 based U-Net models, one for each of the axial, coronal, and sagittal views. By having the lobe and infection segmentation masks, we calculate the infection severity percentage in each lobe and classify that percentage into 6 categories of infection severity score using a k-nearest neighbors (k-NN) model. The lobe segmentation model achieved a Dice Similarity Score (DSC) in the range of [0.918, 0.981] for different lung lobes and our infection segmentation models gained DSC scores of 0.7254 and 0.7105 on our two test sets, respectfully. Similarly, two resident radiologists were assigned the same infection segmentation tasks, for which they obtained a DSC score of 0.7281 and 0.6693 on the two test sets. At last, performance on infection severity score over the entire test datasets was calculated, for which the framework's resulted in a Mean Absolute Error (MAE) of 0.505 ± 0.029, while the resident radiologists' was 0.571 ± 0.039.

KEYWORDS
  COVID-19, deep learning, infection segmentation, lobe segmentation, CT scan, severity score


1. Introduction

Coronavirus 2019, or COVID-19, is a pandemic infectious disease that was reported in December 2019 from Wuhan, China, following an outbreak of the acute respiratory syndrome virus SARS-CoV-2 (1–4). Common symptoms include fever, cough, shortness of breath, and lethargy. Muscle pain, sputum production, sore throat, nausea, and red eyes are some of the less common symptoms (5, 6).

Reverse Transcription Polymerase Chain Reaction (RT-PCR) test is considered the de facto standard for diagnosing COVID-19 (7). However, lack of resources and strict environmental requirements limit the rapid and effective testing and screening of suspects. Moreover, RT-PCR has been reported having a high false-negative rate and a low sensitivity (8, 9).

Artificial Intelligence (AI) has risen its position in helping solve healthcare challenges in recent years. By involving a large amount of data, using advanced deep learning algorithms, and utilizing modern GPUs, exemplary achievements have been made in the fields of image classification and image segmentation (10–12). AI algorithms have demonstrated equal if not higher performance in medical image diagnosis in recent years while being fast and utilizable in pandemic situations. For example, Qin et al. (13), Ardila et al. (14), Nash et al. (15), Liao et al. (16), Mei et al. (17), Zhu et al. (18), and Xie et al. (19) have introduced algorithms with very successful and reproducible performance levels on pulmonary diseases such as tuberculosis and lung nodules and for lung cancer screening. With enough hardware resources, these algorithms could perform on a very large scale.

Machine learning and deep learning models have directly challenged the Coronavirus and have been successful in diagnosing the virus with high accuracy and reducing manpower efforts (20–22). Several deep learning models have been developed to diagnose COVID-19 from chest X-Ray or CT scans (17, 23–25). Furthermore, the fields of machine learning and data science have also been used effectively to diagnose and prognoses the virus and predict its outbreaks (26–28). Finally, it has been shown that a model serving as an assistant to the radiologists is successful in diagnosing the virus and in addition to increasing the expert's sensitivity, is also effective in increasing their specificity (9).

One of the applications of deep learning in computer vision, and in particular medical imaging, is segmentation, in which trained models automatically separate parts of the image (29–31). Several pieces of researches have been conducted in the field of infection segmentation and measuring the volume of infection for COVID-19 (32–35).

Pulmonary lobe segmentation has proven to be an important task as knowing the location and distribution of pulmonary diseases such as emphysema and nodule can be integral in determining the most suitable treatment. To this end, models for lobe segmentation have also been developed (36–39). As an example, Hofmanninger et al. (40) has introduced a well-performing lobe segmentation model trained on patients diagnosed with COVID-19.

Measuring the severity of a lung infection in patients with COVID-19 is a very challenging task and is an important prognosis for a patient's treatment process. Several diagnosis methods, some specifically designed to assess the severity of the disease, have been proposed based on the observation that the imaging biomarkers in patients with COVID-19 such as Ground-Glass Opacity (GGO) and infection-associated thickening of the interlobular septa are similar (41–44). Additionally, several similar works have tried to predict the severity of lung infection with the help of neural networks and machine learning models (42, 45–47).

In this work, we propose a framework for accurate lung lobe infection severity prediction. We do so by collecting and labeling 253 chest CT-scan from three hospitals, involving 59 labeled external scans from public datasets, and with the help of several deep learning and machine learning models. We perform lobe and infection segmentation to predict lung lobes' infection severity percentage and classify that percentage into an infection severity score as the framework's final output.

In short, the main advantages and novelties of our work are as follows:

• In contrast to previous works, we isolate and predict the infection severity within each lung lobe.

• Our research involves three datasets collected internally, as well as two additional public datasets for more verity and range.

• The data involved was labeled for lobe segmentation, infection segmentation, and infection severity. In addition, our test sets were labeled with more precision and accuracy.

• Separate distinct deep learning models were trained for the lobe and infection segmentation tasks and a machine learning model was trained for predicting the infection severity score.

• For a more thorough evaluation, our train and test data are from different hospitals.

• Our framework's performance was comprehensively compared with the performance of resident radiologists, for which our framework outperformed.

• In a post-COVID world, this framework is usable and extendable to other pneumonia infections.

The rest of this paper is structured as follows; In the second section, we explain the data involved and the used methods for this research in detail. In the third section, we outline our model's results for lobe segmentation and infection segmentation and present the framework's performance in infection severity prediction, in addition to comparing our performance result's with that of human experts. Finally, in the last section, we conclude with a discussion on the results, our work's limitations and challenges, and possible future directions.



2. Data and method

In this paper, we first adopt a deep learning model to detect the lobes. Next, by utilizing the subset of the data with an infection mask label to train an infection segmentation model, we finally combine the results with a k-Nearest Neighbors (k-NN) model to reach a final infection severity prediction.

In this section, we start by describing the different datasets involved and an overview of the distinct used pre-processes in Section 2.1. In Sections 2.3, 2.4, we discuss the adopted deep learning models and infection severity prediction methods in each lobe, respectively. Section 2.5 discloses our evaluation methods and criteria. Finally, we conclude the section with an explanation for our methods of evaluating radiologists and residents in Section 2.6.


2.1. Datasets

Three datasets for training and two datasets for evaluation were involved in this work. A 232-case cohort was collected from the Ghiassi Hospital database and the MosMedData (48, 49) datasets that are available publicly. Two smaller sets of External Test 1 and External Test 2 from Kasra Hospital and Imam Hossein Hospital, respectively, were involved in the model's final evaluation. All three aforementioned centers are located in Tehran, Iran. A complete taxonomy of the data can be found in Table 1.


TABLE 1 Involved datasets with their respective label count.

[image: Table 1]

Three distinct scan labels are included in this work. The first is for infection segmentation and was extracted from 81 subjects. The second is for lobe segmentation which is extracted from a chest CT scan (masked with 5 colors; outside of the lung masked with black) in order to isolate each lobe; and the third is for lobe infection severity which we explain next.

According to the systematic report standard found on the Radiologyassistant (50) website, each severity percentage is categorized from 0 to 5. This can be found in Table 2. Radiology experts, relying on their experience and expertise in interpreting chest CT scans and their knowledge of the cross-sectional anatomy of different areas of the lung, have performed the lung lobe divisions and visually estimated the infection-resulted severity, which were present in a myriad of forms notably GGO and consolidation, in each lobe lattice with percentage and standard systematic report.


TABLE 2 Lobe infection severity percentage categorized by the number of points.

[image: Table 2]

In this research, 2 radiology residents generated systematic reports for all the scans in the study by referring to Table 2. Moreover, the External Test sets 1 and 2 scans that were labeled by two radiology residents were rectified by two senior radiologists each with more than 10 years of experience.

Lobe segmentation was performed semi-supervised by inputting the DICOM of scans into the 3D Slicer software. Within the Interactive Lobe Segmentation section, the Chest Imaging Platform (CIP) module is used to generate the Label Map Volume, in complement with a Fisser Volume file, for the selected scans. A Gaussian filter is applied to enhance the lobe segmentation performance. Other parameters, such as dimensions are chosen by an expert.

By marking several points on the generated Fissers in different scan views, especially sagittal, all five lobes are segmented and distinctly colored. The resulting export is then evaluated for authenticity by two radiology experts and if needed, is rectified by a skilled technician (rectification follows the standard procedure).

The Ghiassi Hospital cohort scans were taken using a TOSHIBA 16 CT scan machine. Each scan was taken with a low-dose setting and has a slice thickness of 2 mm. The 232-case cohort overall includes 30,157 axial view slices, containing 60 scans with infection segmentation and 54 with lobe segmentation labels. The entire cohort is labeled with lobe infection severity labels. The age and sex distribution of cohort subjects can be found in Supplementary Figure S1.

As lobe segmentation and infection labeling is a time-consuming process, it was performed restrictively and to necessity by two resident radiologists. The resulting set was involved in the training and validation of the machine learning model. Two additional sets, External Test 1 and External Test 2 were collected for final evaluation. The External Test 1 includes 11 scans from patients from Kasra Hospital, Tehran, Iran, captured on a General Electric (GE) CT scan machine with 120 KV and 130 MA parameters and 7 mm slice thickness, totaling 481 2D slices. The External Test 2 contains 10 scans from patients from Imam Hossein Hospital, Tehran, Iran, captured with a low-dose setting and 2 mm slice thickness. The obtained scans were in an axial view, each unprocessed slice in all the datasets was 512 × 512, and each pixel had a dimension of 0.76 × 0.76mm. Labeling for the two test sets was performed manually by two resident radiologists and subsequently revised by two expert senior radiologists.

Detailed information on the two public datasets involved in this research, MosMedData and Medical_Seg, are brought in Morozov et al. (48) and Jenssen (49). From the overall combination of these two sets, 80% was used for training and 20% for the validation of the framework.

Charts on the number of normal and infected slices, distribution of infection severity in scan slices, and sample count in each 6 class for different degrees of infection separated by lobe and for the training, validation, and test sets are described in Supplementary Figures S1–S7.

All collected data from hospitals in this research has been anonymized, official permissions have been obtained from the relevant department heads or supervisors, written consents were taken from all the participating patients, and the ethical license of IR.SBMU.NRITLD.REC.1399.024 was obtained from the Iranian National Committee for Ethics in Biomedical Research.



2.2. Data pre-processing

In this section, we describe the used pre-processes in detail; starting with the image pre-processing for infection segmentation models and following with the mask pre-processing for infection segmentation model outputs.


2.2.1. Image pre-processing for infection segmentation models

In this pre-processing, first, a 3D resizing on the coronal, axial, and sagittal views is applied using the zoom function (51) with regards to the 2D cross-sections. For the 2D slices, the 3D image is initially resized to the following dimension:

[image: image]

but for extracting 2D slices from coronal and sagittal views, the 3D image, regardless of its initial dimensions, is resized to 256 × 256 × 256, and 256 slices are selected subsequently.

The window-level and window-width parameters were set to –600 and 1,500, respectively. This resulted in the image pixel intensity distribution to position between –1,024 (the lowest pixel value in all images) and 150. Next, this pixel range value was moved to the range [0, 255] using a linear transformation. The final result yielded three exact images from each 2D slice. Lastly, as our models utilized weights obtained from training on the ImageNet [a dataset of 1.2 million images categorized to 1,000 classes (10)], all images were also additionally normalized to the same luminance of mean = [0.485, 0.456, 0.406] and SD = [0.229, 0.224, 0.225]. Data augmentation operations such as random white-noise addition and vertical-flip with probabilities 0.3 and 0.5, respectively, were also performed for the model's training.



2.2.2. Infection mask pre-processing for training infection segmentation models

This pre-processing was only applied to the manual segmentation masks on the training and validation sets just before the model learning and its goal was to rectify manual mask edges. To this end, the manually masked area is enlarged using the Dilation (52) method to the point that it covers all of the infection areas initially left out. As seen in Figure 1, the red contour depicts the manual mask edge, while the blue contour shows the enlarged manual mask.


[image: Figure 1]
FIGURE 1
 Mask pre-processing in the infection segmentation dataset. Left is the raw CT scan slice, middle is the lung image in the same slice (with infection in the upper-left lobe), and right is the segmented infection area in the image. In the right, the red contour depicts the radiologist manual mask edge, the blue contour is the dilated red contour, and the green contour s the rectified mask edge.


For the final mask, pixels contained within the blue contour that have a value within the 95% distribution range of all the pixels within the red contour are kept (and regarded as “infection” pixels) while the other non-relevant pixels within the blue contour are removed. The resulting final mask edge colored in green is also depicted.

This process helps with mask-edge correction by removing “normal” (for air, etc.) and very bright (organ or bone) pixels from the initial area and adding any left-out small areas.

Finally, this pre-processing method was carefully and manually reviewed on a large sample set ad after evaluation from an expert radiologist, its resulting rectified masks replaced undesirable ones. The test set rectified masks went through a more thorough and manual evaluation process under two senior radiologists.




2.3. Deep learning models

The deep learning models adopted by this research perform two tasks; lobe segmentation and infection segmentation. In this section, we explain each in detail.


2.3.1. Lobe segmentation deep learning models

For this task, the deep learning models described in Hofmanninger et al. (40) were adopted. These models include U-Net (53), ResU-Net (54, 55), Dilated Residual Network-D-22 (56), and Deeplab v3+(57). From these models, the U-Net R231 (40) model performed the best on our test set data, for which the results can be found in Section 3, and was thereby selected for our framework. The output of the selected model would segment a lung image to its five lobes using 2D slices in the axial view and as its results were sufficiently desirable, we refrained from developing our custom model for the lobe segmentation task. The model performance on our dataset is discussed in Section 3.



2.3.2. Infection segmentation deep learning models

For this task, we adopted several FPN (58), PSPNet (59), LinkNet (60), U-Net (53), and U-Net++ (61) models based on their respective EfficientNet (62), SE-ResNet (63), etc. architectures. As the performance of these models was closely similar, a detailed discussion on the subject was omitted.

In the end, an SE-ResNet-18 based U-Net model was selected for our framework. Three separate instances of the model are used. The first is for infection segmentation on 2D slices of the axial view. The input for this model instance, with dimensions 512 × 512 × 3 (3 is for the RGB channels) is the largest it can be in order to extract as many features as possible. The second and third model instances are used similarly for the coronal and sagittal views, respectively, but with a 256 × 256 × 3 input dimension. Overall, as previously discussed in Table 1, 119 CT scans with an infection segmentation label were used for the training and validation of these models.

The encoder part of these model was initialized with pre-trained ImageNet weights and their last layer activation function is Sigmoid. Additionally, the prediction layer of the models includes an infection detection channel. The cost function used for all the models is:

[image: image]

where T and P are the pixel label and prediction, respectively, the first RHS term is the Dice loss, and the second RHS term is the binary cross-entropy error function.

The Keras package was used for everything deep-learning related and the NiBabel (51) and PyDicom (64) packages were used for working with medical images. All of the development and evaluation processes were executed with the Python programming language version 3.7.9.




2.4. Framework overview

In this section, we break down our framework into its principal machine learning and deep learning components, as showcased in Figure 2, and characterize the final output construction methodology.


[image: Figure 2]
FIGURE 2
 Overview of the lung lobes infection severity prediction framework. An input image is simultaneously given the lobe segmentation and infection segmentation models. Then, by combining the output of these two models, the infection percentage of each lobe is predicted and given as the input of the k-NN model to predict the severity of infection in terms of the 6 classes of infection severity for all the 5 lobes.


On an input, we first utilize the lobe segmentation model to determine what lobe each pixel belongs to (or if it does not belong to any). Next, we employ the three distinct U-Net models mentioned in Section 2.3.2 to obtain infection segmentation across the three different views. The outputs are then combined with a weighted-averaging ensemble learning technique (a weight of 5 for the sagittal and coronal views and a weight of 1 for the axial view) to produce a final infection segmentation for the framework input.

As the axial view in our data has a higher image resolution and will probably result in higher model accuracy, the used ensemble learning technique gives it a larger weight compared to the similar coronal and sagittal view weights. This assumption is studied in Section 3.

Next, using the ensemble model output, each lobe pixel is evaluated in terms of containing infection to determine the overall percentage of each lobe's pixels involved with infection. Finally, the lobes infection severity percentage is fed to a k-NN model to learn according to the label given by the specialist in order to classify the percentage into the 6 classes of infection severity predicted by the experts.

The k-NN model is used since the expert did not necessarily calculate the infection severity by counting the pixels, but based on the experience in the field. The overall structure of the flow described in this section is showcased in Section 3.



2.5. Statistical inference

In order to more reliably evaluate our results, we chose different criteria for different parts of our research. Our results are also reinforced by performing the same evaluations on a team of experts.

By incorporating error propagation and Bayesian statistics, the marginalized confidence region is calculated at a 95% level for each output. The prediction result significance is determined by calculating the p-value statistics systematically. In order to achieve a conservative decision, the 3σ significance level is considered.

The lobe and infection segmentation models were evaluated with the following criteria on the scan:

[image: image]

where ϵ is a small value, added to prevent the denominator from becoming zero.

At last, the Mean Absolute Error (MAE) was used to evaluate the infection severity prediction performance.



2.6. Experts evaluation

As the train and validation sets of our data were manually labeled by two resident radiologists and were therefore prone to error, and since the segmentation labeling and infection severity categorization tasks were time-consuming and the data for it was not present in radiology reports by default, we opted to involve the data with the least possible amount of error in our framework evaluation. To this end, the External Test sets 1 and 2 were collected which were also used to evaluate our experts.

For the evaluation of experts, which included two resident radiologists, we asked them to label each case with segmentation and infection severity labels. Labels from one expert were regarded as the ground truth while labels from the other as a prediction. The metric similarity between the two experts is reported as the minimum expert accuracy. It is important to note that the labels produced by the two resident radiologists were rectified by the two senior radiologists for the final test set. This difference between the initial labels and the rectified labels is why the expert evaluation metric is accompanied by a bias value.




3. Results

In this research, overall 291 CT scans were involved in training and validation and 21 CT scans for final evaluation. This section starts off and continues with the evaluation results for the lobe segmentation and infection segmentation models, respectively, and closes with the framework performance evaluation and its comparison with that of experts.


3.1. Lobe segmentation results

For this task, a pre-trained model from Hofmanninger et al. (40) was adopted as its performance was sufficiently desirable. This model was evaluated on 21 CT scans based on the Dice score for which the results are shown in Table 3. Furthermore, a sample output of this model for segmenting a lung's lobes is presented in Figure 3.


TABLE 3 Average Dice score of the lobe segmentation model on 21 CT scans.
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FIGURE 3
 Lobe segmentation from three different views.




3.2. Lobe infection severity prediction

Sixty scans from our own dataset and two 50 and 9 scan sets from the involved public datasets, all with infection segmentation labels, were used to train three U-Netbased SE-ResNet18 for the axial, coronal, and sagittal views and their outputs were combined using a weighted-average ensemble learning technique to gain a final infection segmentation result.

These models were evaluated on the validation and External Test sets 1 and 2 using Dice score and the final ensemble performance results can be seen in Table 4.


TABLE 4 Dice score of the infection segmentation models and their comparison with the performance of two resident radiologists.
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As the results demonstrate, the infection segmentation Dice score in the coronal and sagittal views are lower than the axial view, for which the ensemble performance of the three views barely matches. Moreover, the two resident radiologists' Dice score is on average lower than our framework. As the validation set was not labeled by both radiologists, the experts' performance over this set is not reported.

By incorporating the obtained lung lobe segmentation in the CT scan and having the infection segmentation model output, our framework predicts the overall infection severity with a number in the range [0, 100], which we report as a percentage.

In Figure 4, the framework's output for lobe segmentation, infection segmentation, and per-lobe infection severity prediction is showcased for a slice from a COVID-19 diagnosed patient axial chest CT scan.


[image: Figure 4]
FIGURE 4
 Framework output for a COVID-19 diagnosed patient scan on the 72nd slice of the axial view. On the left, red contours show the infection and on the right, different colored contours show distinct lung lobes. The reported infection severity percentages correspond to each lobe and are reported the same for each slice.


But as the experts' prediction of the infection severity is purely visual and not by infected pixel count, our framework categorizes the infection severity percentage into 6 distinct levels utilizing a simple k-NN model with k = 7 with the combined outputs of the ensemble lobe and infection segmentation as its input to learn over infection severity score manually labeled by the experts. This k-NN model was eventually evaluated on 21 scans from the External Test sets 1 and 2, for which the framework achieved an MAE error of 0.505 ± 0.029 on all lung lobes. A more detailed overview of the framework's performance can be seen in Table 5. For a more comprehensive evaluation, the MAE error was calculated for the two resident radiologists. The expert's error of 0.571 ± 0.039 was obtained, showing the better performance of our framework over expert human prediction.


TABLE 5 Model and expert (two resident radiologists) MAE error for different lung lobes over the 21 scans of our test sets.

[image: Table 5]

As seen in Table 5, the prediction error for the right middle lobe is larger than other lobes due to this lobe being generally more difficult to predict for the framework (with the lowest Dice score of 0.918) and the experts.

To gain a better insight into the relationship between the predicted infection severity percentage by the framework and its corresponding infection severity score label, the prediction distribution over all 6 lobe infection severity classes are showcased as a violin plot in Figure 5. As depicted in the figure, the largest errors belong to classes 0 (normal) and 1 (infection severity lower than 5%). Notably, the infection severity percentages of these two classes are marginally close.


[image: Figure 5]
FIGURE 5
 Violin plot of infection severity percentage predicted by the framework for 6 different classes.


In a similar manner, the violin plot of labels produced by resident radiologists is shown in Figure 6, which clearly demonstrated the error produced by classes 0 and 1 while asserting the fact that diagnosing smaller infections is generally harder.


[image: Figure 6]
FIGURE 6
 Violin plot of infection severity percentage predicted by experts for 6 different classes.





4. Conclusion and discussion

In this research, we collected chest CT scans of patients positively diagnosed with COVID-19 for training from one center and additional scans from two other hospitals with different imaging devices. Furthermore, two public datasets were also involved to include a wide range of data from different centers and several countries. These datasets were then labeled with their corresponding lobe segmentation, infection segmentation, and infection severity labels.

Next, we extracted lung lobes in each scan using our framework's lobe segmentation model. Thereafter, lung infection segmentation was performed utilizing several task-specific deep learning models in an ensemble manner. Finally, by measuring infection severity percentage and incorporating a k-NN model, each lung lobe was predicted for its infection severity score.

For lobe segmentation, we adopted the pre-trained U-Net model from Hofmanninger et al. (40). This model performed satisfactorily as it obtained a Dice score of 0.958 on all lung lobes except for the middle-right, for which the Dice score was 0.918. As diagnosing the middle-right lobe is generally more difficult for human experts, the model's lower Dice score in this lobe might have resulted from the labeling error.

For infection segmentation, the framework achieved a 0.725 Dice score, similar to that of the resident radiologists on the External Test 1 set. The framework's performance on the External Test 2 set was marginally better. Our model's performance and the fact that these two test sets were collected from two different centers with different imaging devices attest that our framework is robust to the imaging device configuration and parameters. Yet, as the results show, this claim did not hold for the human experts. Overall, our framework demonstrates performance at levels similar to that of at least a resident radiologist.

Finally, we compared the MAE error of infection severity prediction between our framework and a resident radiologist. On all the combined data from the two External Test sets 1 and 2 and over all the lung lobes, our framework achieves a lower error compared to the resident radiologist, which is shown in Table 5. Moreover, the correlation between infection severity percentage and infection severity score categorized in 6 levels was studied and showcased via violin plots for both our framework and the human experts. This study showed that the difference between classes 0 and 1 is marginally small and differentiating these two classes yields the largest error.

One of the previous works in the field, Ma et al. (32), developed an infection segmentation deep learning model with a Dice score on the right and left lungs equal to 97.7 and 97.3, respectively. Li et al. (33) managed to develop a deep learning model for the same task to gain a 0.74 Dice score, while the expert score in their study was close to their model at 0.76. Voulodimos et al. (35) developed an FCN and a U-Net model for infection segmentation with a Dice score peaking at around 0.65. Lastly, Abdel-Basset et al. (34) developed a novel model for learning on a small-sized labeled set denoted Few-Shot Segmentation with a Dice score of 0.80. An overview of the evaluation results in this section can be found in Table 6.


TABLE 6 Infection segmentation performance comparison over several sample sets against several similar works.

[image: Table 6]

The majority of similar research in the field aims to predict infection severity in the entire lung, while our work narrows down and isolates the prediction to each lobe. In a similar fashion (65), the author developed a Support Vector Machine (SVM) model utilizing the probability density function to classify lung lobe infection severity with an Area Under Curve (AUC) score in the range of [0.64, 0.87] on the validation set.

In our initial assessments for this research, we also experimented on 3D convolution models with a 3D-UNet model for the infection segmentation for which its lower performance results made us refrain from discussing it. However, the interested reader is encouraged to study and evaluate different models and methods for this task.

We used an Nvidia RTX 5000 graphics card for the computational portions of this work. For a CT scan of about 100–150 slices, our framework will perform lobe segmentation, infection segmentation, and infection severity prediction on all slices and finish up with an overall infection severity for each lung lobe in the scan in under 5 min. While doing the exact same task takes more than an hour for a human expert.

As for the limitations of this research, the biggest one involves data collecting. Labeling for lobe and infection segmentation is a rather time-consuming process. The fact that several licenses from multiple official bodies are required to collect the data in the first place adds to the time consumption of the data collecting process.

For this research, since the necessary grants were not provided at the time of data labeling, the labels were produced by the resident radiologists and only the External Test sets 1 and 2 were later labeled by senior radiologists. This resulted in us only being to evaluate the resident radiologists. Evaluating the senior radiologists with a thoroughness level matching the rest of the research required expert manpower beyond what we could manage to bring (at least 5 more senior radiologists).

Another limitation was the rather small size of level 4 and 5 infection severity samples in our datasets, which certainly hampered our framework's performance. In addition, a much larger dataset of normal scans is required to reduce the prediction error between classes 0 and 1.

A future improvement on this work might include involving more data from more centers with different devices and configurations in the models training. A study on the effect of different scan dosages is also beneficial. To address one of the other limitations of this work, data from patients with an age distribution that includes younger subjects will certainly improve the framework's comprehensiveness. Improving the error margin on the manual process of lobe and infection segmentation labeling and infection severity estimation would also help the framework's performance.

In addition, we observed instances of the model incorrectly recognizing pulmonary vessels around the umbilical cord area as infection (which would get worsen with noisy data). To address this, a more complex deep learning model trained on data that also has vessel segmentation is likely needed. The pièce de résistance would be a model that could predict the infection severity score of a chest CT scan, without requiring to perform lobe or infection segmentation.

To conclude, we developed a framework for infection severity prediction in lung lobes by involving several datasets, collected and public, and by utilizing multiple machine learning and deep learning models, in order to serve as a prognosis tool for the experts. Finally, we comprehensively evaluated our framework and compared its performance to experts to determine its benefit in helping the treatment process of patients.
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Background: Systemic inflammation indices, including neutrophil/lymphocyte ratio (NLR), monocyte/lymphocyte ratio (MLR), platelet/lymphocyte ratio (PLR), derived neutrophil/lymphocyte ratio (dNLR), neutrophil/lymphocyte*platelet ratio (NLPR), aggregate index of systemic inflammation (AISI), systemic inflammation response index (SIR-I), and systemic inflammation index (SII) are well-expressed inflammatory indices that have been used to predict the severity and mortality of various inflammatory diseases. This study aimed to investigate the role of systemic inflammatory markers in predicting mortality in non-elderly and elderly COVID-19 patients.

Methods: In a retrospective study, laboratory parameters were examined for 1,792 COVID-19 patients (elderly = 710 and non-elderly = 1,082). The ability of inflammatory markers to distinguish the severity of COVID-19 was determined by receiver operating characteristic (ROC) analysis, and survival probability was determined by the mean of Kaplan–Meier curves, with the endpoint being death.

Results: In the non-survivor non-elderly and elderly patients, the parameters PLR, MLR, dNLR, NLPR, AISI, SIR-I, and SII were significantly higher than in the surviving patients. WBC count (HR = 4.668, 95% CI = 1.624 to 13.413, P < 0.01), neutrophil count (HR = 6.395, 95% CI = 2.070 to 19.760, P < 0.01), dNLR (HR = 0.390, 95% CI = 0.182 to 0.835, P < 0.05), and SII (HR = 10.725, 95% CI = 1.076 to 106.826, P < 0.05) were significantly associated with survival. On the other hand, in elderly patients, it was found that WBC count (HR = 4.076, 95% CI = 2.176 to 7.637, P < 0.001) and neutrophil count (HR = 2.412, 95% CI = 1.252 to 4.647, P < 0.01) were significantly associated with survival.

Conclusion: WBC count and neutrophil count in non-elderly and elderly patients, were reliable predictors of mortality.

KEYWORDS
 coronavirus, COVID-19, inflammation, aging, systemic inflammation index


Introduction

Symptoms of coronavirus disease 2019 (COVID-19) in patients are reported to vary from minor symptoms (such as headache, fatigue, and fever) to severe symptoms (such as dyspnea or hypoxia) (1–4). With this wide range of clinical characteristics and disease outcomes, differences between non-elderly and old patients have also been reported (1, 5–7). Various studies have shown that old age is associated with high disease severity and mortality (8). Due to physiological and pharmacological changes as well as comorbidities such as diabetes, cardiovascular disease, lung disease, and kidney failure, elderly people have a high risk of severe illness and hospitalization in the intensive care unit (ICU) compared to non-elderly individuals (9, 10). Because the elderly have specific clinical features, such as cognitive and behavioral disorders, chronic underlying diseases, and clinical manifestations with non-specific and unusual symptoms, it is challenging to diagnose COVID-19 in them accurately (11, 12).

Recently, neutrophil/lymphocyte ratio (NLR), monocyte/lymphocyte ratio (MLR), platelet/lymphocyte ratio (PLR), derived neutrophil/lymphocyte ratio (dNLR), neutrophil/lymphocyte*platelet ratio (NLPR), and aggregate index of systemic inflammation (AISI) are novel inflammatory markers, which are considered in the diagnosis and progression of a variety of inflammatory and infectious diseases, including COVID-19 infection (13–15). Also, systemic inflammation response index (SIR-I) and systemic inflammation index (SII) are other inflammatory markers that can be used to predict the severity of COVID-19 disease. The predictive value of mortality of these inflammatory markers in COVID-19 old patients compared to non-elderly patients is unclear. Therefore, the present study aimed to evaluate NLR, PLR, MLR, dNLR, NLPR, AISI, SIR-I, and SII on admission in predicting mortality in COVID-19 elderly and non-elderly patients.



Methods

In a retrospective study, all patients with confirmed COVID-19 in Ardabil Imam Khomeini hospital, northwestern Iran, were included from September to November 2020. The diagnosis of COVID-19 was based on a positive PCR test, and suspected cases were excluded. Patients were divided into two groups: non-elderly (18–65 years) and elderly (≥65 years). The study was conducted after the approval of the ethics committee of Ardabil University of Medical Sciences (IR.ARUMS.REC.1399.615).


Data collection

Data were obtained from the electronic medical record system of Imam Khomeini Hospital of Ardabil University of Medical Sciences, including sex, age, clinical symptoms, medical history, comorbidities, signs, laboratory tests, duration of hospitalization, and outcome of the disease (recovery or death). To accurately collect patient information, two trained medical students double-checked electronic information. Laboratory tests performed in the first 24 h of hospitalization included complete blood count, coagulation profile, renal function, liver function, and parameters related to inflammation [ferritin, erythrocyte sedimentation rate (ESR), D-dimer, lactate dehydrogenase (LDH), and alkaline phosphatase (ALP)].

NLR, PLR, and MLR, as well as derived NLR (dNLR) [neutrophils/(white blood cells - neutrophils)], NLPR [neutrophil/(lymphocyte * platelet)], SIR-I [(neutrophils*monocytes)/lymphocytes] and SII [(neutrophils * platelets)/lymphocytes], were calculated for all subjects.



Data analysis

Data analysis was performed using SPSS software version 21 and MedCalc version 19.4.1. Mean ± standard deviation (SD) were used to present normally distributed variables, and median and interquartile range (IQR) values were used for abnormally distributed variables, while categorical variables were reported as percentages. To compare the continuous variables, independent group t-tests (data were normally distributed) and the Mann–Whitney test (data were not normally distributed) were used. Receiver operating characteristics (ROC) curve analysis was performed to estimate optimal cut-off values, maximizing sensitivity and specificity according to the Youden index. For survival analysis, time zero was defined as the time of hospital admission.

Inflammatory indices derived from blood cell counts were also evaluated separately to avoid linear bias by univariate analysis for age, disease severity, and Charlson's index, and confounding factors were corrected if there was P < 0.2. Survival probability for CBC-derived inflammation indexes was estimated using the means of the Kaplan–Meier curves, with the endpoint being death. Cox proportional hazards regression was performed for both univariate and multivariate analyses.




Results


Demographics characteristics

One thousand seven hundred ninety-two patients admitted with COVID-19 were included in the current study, including 1,082 non-elderly patients and 710 elderly patients. The mean age of non-elderly patients was (48.35 ± 11.61) and old patients were (76.29 ± 6.95).

The percentage of female in COVID-19 non-elderly patients (44.9) was significantly higher than the elderly patients (41.2%, P < 0.001). Although elderly patients had a more extended mean hospital stay (8.44 ± 6.81) than non-elderly patients (7.90 ± 7.48), the difference was insignificant. The characteristics and demographics of all patients are summarized in Table 1.


TABLE 1 Demographic, hematological, and blood cell count-derived inflammation indexes of non-elderly and elderly COVID-19.
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Laboratory parameters

At the time of hospitalization, the laboratory tests performed are summarized in Table 1. Most of the tests performed in both groups were normal except for AST, LDH, ferritin, ESR, BS, urea, ALP, and Alb.



Hematological tests
 
White blood cells and differential cells count

In elderly patients, WBCs, neutrophils, eosinophils, and monocytes counts were significantly higher than in non-elderly patients, while lymphocytes count significantly lower than non-elderly patients (P < 0.01 to P < 0.001) (Table 1).



Hemoglobin, hematocrit and platelet

In the elderly patients, the amount of Hb was significantly lower than in the non-elderly group (P < 0.01). There was no significant difference between Hct and Plt values between the two groups.




Coagulation tests
 
Prothrombin time, partial thromboplastin time, and international normalized ratio

PT and INR levels were significantly higher in elderly than non-elderly patients (P < 0.001 for both), but there was no significant difference in PTT level.




Biochemical tests
 
Blood glucose test

BG concentration in the elderly patients was significantly higher than in non-elderly patients (P < 0.001).



Liver enzymes

Alkaline phosphatase (ALP) level was significantly higher in the elderly patients than in the non-elderly (P < 0.05), while alanine transaminase (ALT) level was significantly higher in the non-elderly than elderly patients (P < 0.001). There was no significant difference in AST and LDH levels between the two groups.



Kidney tests

Urea and creatinine (Cr) levels were significantly higher in the elderly than non-elderly patients (for both, P < 0.001). In comparison, albumin level was significantly lower in the elderly than in the non-elderly patients (P < 0.01).



Electrolyte analysis

Sodium was significantly lower (P < 0.05) and potassium was significantly higher (P<0.001) in elderly compared to non-elderly patients.



Inflammatory markers

The erythrocyte sedimentation rate (ESR), ferritin, and D-Dimer levels were not significantly different between the two groups.



Systemic inflammatory index

NLR, MLR, dNLR, NLPR, SIR-I, SII, and AISI indices in the elderly patients were significantly higher than in the non-elderly patients (for all, P < 0.001).




Clinical outcomes

Of the 1,082 non-elderly COVID-19 patients, 947 (87.5%) were discharged, and 135 died (12.5%). In the elderly group, 69.3% of patients were discharged, and 30.7% died. In terms of disease severity, in non-elderly patients, 12.5% of patients were very severe, 7.9% severe, and 79.6% moderate. But, in elderly patients, 25.6% of patients were very severe, 10.7% severe, and 63.7% moderate (Table 1).



Laboratory parameters based on outcome

Table 2 shows the summary of laboratory findings in both non-elderly and elderly patients between deceased and surviving patients. In the non-elderly patients, the parameters that significantly were higher in the deceased than in the survivors were age, hospitalization stay, WBC count, neutrophil count, PT, PTT, INR, ALT, AST, LDH, ferritin, BG, urea, Cr, ALP, K, NLR, PLR, MLR, dNLR, NLPR, AISI, SIR-I, and SII, while lymphocytes count, eosinophil count, monocyte count, Hb, and Alb, were significantly lower.


TABLE 2 Demographic, hematological, and blood cell count-derived inflammation indexes of non-elderly and elderly COVID-19 in survivor and non-survivor patients.
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In the deceased elderly patients, the parameters that significantly were high, including age, hospitalization stay, neutrophil count, PT, INR, AST, LDH, ferritin, BS, urea, Cr, ALP, K, NLR, PLR, MLR, dNLR, NLPR, AISI, SIR-I, and SII, while lymphocyte count, eosinophil count, and Alb levels were significantly decreased.

Hospitalization stay, WBC count, neutrophil count, ALT, AST, LDH, urea, Cr, K, and PLR were significantly higher in elderly death patients than in non-elderly deaths, while eosinophil count, monocyte count, and Alb levels were significantly lower.



Receiver operating characteristics

ROC-based analysis to assess survival, the optimal cut-off values identified were as follows: WBC (non-elderly = 8.94 and elderly = 9.12), neutrophil count (non-elderly = 8.91 and elderly = 8.93), lymphocytes count (non-elderly = 1.23 and elderly = 0.64), NLR (non-elderly = 9.38 and elderly = 9.13), MLR (non-elderly = 0.26 and elderly = 0.36), PLR (non-elderly = 0.22 and elderly = 0.27), dNLR (non-elderly = 5.90 and elderly = 5.83), NLPR (non-elderly = 0.044 and elderly = 0.045), AISI (non-elderly = 492 and elderly = 518), SIR-I (non-elderly = 0.25 and elderly = 0.23), and SII (non-elderl y = 1,994 and elderly = 1,868) (Figure 1; Table 3).
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FIGURE 1
 Receiver operating characteristics curve of (A) Non-elderly patients and (B) Elderly patients for NLR, PLR, MLR, dNLR, NLPR, AISI, SIR-I, and SII. AISI, aggregate index of systemic inflammation; dNLR, derived neutrophil/lymphocyte ratio; MLR, monocyte/lymphocyte ratio; NLPR, neutrophil/lymphocyte*platelet ratio; NLR, neutrophil/lymphocyte ratio; PLR, platelet/lymphocyte ratio; SII, systemic inflammation index; SIR-I, systemic inflammation response index.



TABLE 3 Receiver operating characteristics (ROC) curves and prognostic accuracy of blood cell count-derived inflammation indexes in non-elderly and elderly COVID-19.
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In non-elderly group, AUD level was significant for WBC count (0.976), neutrophil count (0.981), lymphocyte count (0.578), NLR (0.839), MLR (0.644), PLR (0.603), dNLR (0.900), NLPR (0.828), AISI (0.871), SIR-I (0.864), and SII (0.848) (Figure 1A; Table 3). The WBC and neutrophil counts had a significantly higher AUC value than lymphocyte count [(z = 14.360, P < 0.001) and (z = 14.754, P < 0.001), respectively] in distinguishing dead from surviving patients. Regarding the systemic inflammatory index, it was also revealed that dNLR had a significantly higher AUC value than NLR (z = 2.058, P < 0.05), NLPR (z = 2.376, P < 0.05), PLR (z = 8.279, P < 0.001), and MLR (z = 7.259, P < 0.001) in distinguishing the dead from the surviving in non-elderly patients. In addition, SIR-I had a significantly higher AUC value than NLR (z = 8.967, P < 0.05), PLR (z = 15.717, P < 0.001), MLR (z = 14.697, P < 0.001), NLPR (z = 9.009, P < 0.001), and SII (z = 7.860, P < 0.001) in distinguishing the dead from the surviving in non-elderly patients.

On the other hand, in elderly patients, AUD levels were significant for WBC count (0.942), neutrophil count (0.943), lymphocyte count (0.551), NLR (0.785), MLR (0.603), PLR (0.575), dNLR (0.821), NLPR (0.770), AISI (0.826), SIR-I (0.813), and SII (0.800) (Figure 1B; Table 3). In the diagnosis of deceased elderly patients from the surviving, in relation to systemic inflammatory markers, it was identified that dNLR had a significantly higher AUC value than PLR (z = 7.790, P < 0.001), MLR (z = 7.012, P < 0.001), and AISI (z = 10.583, P < 0.001). In addition, SIR-I had a significantly higher AUC value than NLR (z = 11.775, P < 0.05), PLR (z = 16.690, P < 0.001), MLR (z = 16.061, P < 0.001), NLPR (z = 11.456, P < 0.001), and AISI (z = 7.335, P < 0.001) in distinguishing the dead from the surviving in old patients.

Interestingly, the comparison of AUD values for non-elderly and elderly COVID-19 patients revealed that the WBC count (P < 0.05), neutrophil count (P < 0.01), dNLR (P < 0.05), and NLPR values (P < 0.05) were significantly higher in non-elderly patients than in elderly patients (Table 3).

According to Kaplan-Meier survival curves, after classifying non-elderly patients based on Youden cut-offs obtained with ROC curves, identified significantly lower survival with higher values of WBC count (HR = 16.381, 95% CI = 10.962 to 24.477, P < 0.001), neutrophil count (HR = 15.406, 95% CI = 10.377 to 22.870, P < 0.001), monocytes count (HR = 14.867, 95% CI = 9.978 to 22.150, P < 0.001), NLR (HR = 4.445, 95% CI = 3.089 to 6.396, P < 0.001), PLR (HR = 1.845, 95% CI = 1.304 to 2.611, P < 0.001), MLR (HR = 2.058, 95% CI = 1.455 to 2.910, P < 0.05), NLPR (HR = 4.061, 95% CI = 2.826 to 5.836, P < 0.001), AISI (HR = 5.171, 95% CI = 3.579 to 7.470, P < 0.001), SIR-I (HR = 5.629, 95% CI = 3.883 to 8.161, P < 0.001), and SII (HR = 4.900, 95% CI = 3.401 to 7.060, P < 0.001), and decreasing the lymphocytes count (HR = 1.620, 95% CI = 1.145 to 2.291, P < 0.001) and dNLR (HR = 1.742, 95% CI = 1.034 to 2.936, P < 0.05) (Table 4; Figure 2). On the other hand, in the elderly patients, the results revealed that survival was significantly reduced by increasing WBC count (HR = 7.350, 95% CI = 5.495 to 9.831, P < 0.001), neutrophil count (HR = 6.294, 95% CI = 4.708 to 8.414, P < 0.001), NLR (HR = 2.686, 95% CI = 2.031 to 3.553, P < 0.001), NLPR (HR = 2.523, 95% CI = 1.908 to 3.336, P < 0.001), AISI (HR = 3.307, 95% CI = 2.486 to 4.399, P < 0.001), SIR-I (HR = 2.911, 95% CI = 2.195 to 3.860, P < 0.001), SII (HR = 2.823, 95% CI = 2.132 to 3.739, P < 0.001), and decreasing the dNLR (HR = 1.544, 95% CI = 1.009 to 2.364, P < 0.05) (Table 4; Figure 3).


TABLE 4 Hazard ratios of the indexes under investigation obtained by Cox regression analysis in non-elderly and elderly COVID-19.
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FIGURE 2
 Kaplan–Meier survival curves during hospitalization of non-elderly COVID-19 patients with different cut-off values of the systemic inflammation indexes investigated. (A) NLR; (B) PLR; (C) MLR; (D) dNLR; (E) NLPR; (F) AISI; (G) SIR-I; (H) SII. AISI, aggregate index of systemic inflammation; dNLR, derived neutrophil/lymphocyte ratio; MLR, monocyte/lymphocyte ratio; NLPR, neutrophil/lymphocyte*platelet ratio; NLR, neutrophil/lymphocyte ratio; PLR, platelet/lymphocyte ratio; SII, systemic inflammation index; SIR-I, systemic inflammation response index; WBC, white blood cell.
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FIGURE 3
 Kaplan–Meier survival curves during hospitalization of elderly COVID-19 patients with different cut-off values of the systemic inflammation indexes investigated. (A) NLR; (B) PLR; (C) MLR; (D) dNLR; (E) NLPR; (F) AISI; (G) SIR-I; (H) SII. AISI, aggregate index of systemic inflammation; dNLR, derived neutrophil/lymphocyte ratio; MLR, monocyte/lymphocyte ratio; NLPR, neutrophil/lymphocyte*platelet ratio; NLR, neutrophil/lymphocyte ratio; PLR, platelet/lymphocyte ratio; SII, systemic inflammation index; SIR-I, systemic inflammation response index.


The multivariate Cox regression models in the non-elderly patients showed that WBC count (HR = 4.668, 95% CI = 1.624 to 13.413, P < 0.01), neutrophil count (HR = 6.395, 95% CI = 2.070 to 19.760, P < 0.01), dNLR (HR = 0.390, 95% CI = 0.182 to 0.835, P < 0.05), and SII (HR = 10.725, 95% CI = 1.076 to 106.826, P < 0.05) were significantly associated with survival. On the other hand, in elderly patients, it was found that WBC count (HR = 4.076, 95% CI = 2.176 to 7.637, P < 0.001) and neutrophil count (HR = 2.412, 95% CI = 1.252 to 4.647, P < 0.01) were significantly associated with survival.




Discussion

The most important findings of the current study were:

1. Elderly patients had more severe laboratory results and systemic inflammatory indices (NLR, PLR, dNLR, SIR-I, SII, AISI, and NLPR) on admission compared to non-elderly patients.

2. ROC and Kaplan-Meier survival curves revealed that systemic inflammatory indicators in elderly and non-elderly patients were significantly associated with survival.

3. The multivariate Cox regression model showed that WBC count, neutrophil count, dNLR, and SII in non-elderly patients and WBC count and neutrophil count in elderly adults were significantly associated with survival.

COVID-19 disease has killed millions of people worldwide and has often affected health care systems in the worst-hit areas (16). In particular, the detrimental effects of the COVID-19 pandemic have been more severe in vulnerable individuals, including the elderly and patients with comorbidities (17). Identifying risk factors and using systemic inflammation indices in the diagnosis and progression of the COVID-19 disease can be effective in proper management and reducing mortality (18).

Preliminary laboratory findings showed that the results were more severe in elderly adults compared to non-elderly patients at admission. Based on the results, leukocytosis, neutrophilia, and lymphopenia were more common in elderly adults. Findings related to PT, INR, BUN, and Cr were also significantly higher in elderly patients, consistent with the previous lectures (10, 19, 20). As an indicator of disease severity, hospitalization in the ICU was found to be more common in elderly patients than in non-elderly patients, reflecting the rapid course and adverse outcome of COVID-19 disease in elderly patients (20). Most studies have shown that the male gender was an independent risk factor for death in COVID-19 patients (21). In the present study, although in both groups (elderly and non-elderly), the mortality rate was higher in men than women, there was no significant difference. Following hospitalization, another critical risk factor for death in COVID-19 patients was age (21). The present study results also showed that the mortality rate in elderly adults was significantly higher than in non-elderly patients (30.7 vs. 12.5%).

A variety of age-related physiological and immunological changes associated with comorbidities are influential factors in the elderly population that can lead to exacerbation of COVID-19 disease (22–24). The difference in mortality rates in non-elderly and elderly patients suggests that there may be several different risk factors that underlie this difference. With this in mind, we examined the ratios and some systemic inflammation indicators in predicting mortality in COVID-19 non-elderly and elderly patients. Many systemic inflammation indices have been considered in the diagnosis and progression of various diseases, especially inflammatory diseases (14).

The results of the present study identified that leukocytes count, neutrophil count, NLR, MLR, dNLR, NLPR, AISI, SIR-I, and SII were significantly higher in elderly adults than in non-elderly. In addition, neutrophilia and lymphopenia in both deceased non-elderly and elderly patients, along with increased levels of NLR, PLR, MLR, dNLR, NLPR, AISI, SIR-I, and SII, were evident compared to survivor individuals. It was also found that the neutrophils count, monocytes count, and PLR were higher in the deceased elderly patients than in the deceased non-elderly patients. As part of the immune system, neutrophils play a crucial role in defense against microbial and fungal infections (25). However, their role in defense against the virus is not fully understood. Human studies of COVID-19 have reported neutrophil infiltration into the lungs, although their importance in animal studies has not been observed (26).

Furthermore, lymphopenia was evident in both the deceased non-elderly and elderly patients, which is thought to be due to the effects of the virus on T cells infection by ACE2 receptors (27). T cell imbalance is crucial in diagnosing the severity of COVID19. Decreased levels of CD4 + and CD8 + T cells can increase some ratios, such as NLR (14).

In both elderly and non-elderly patients, based on AUC values and Kaplan – Meier survival curves, it was shown that survival was associated with leukocytes count, neutrophils count, lymphocytes count, monocytes count, NLR, PLR, SIR-I, SII, AISI, dNLR, and NLPR values. The neutrophils count, WBC count and dNLR values in non-elderly patients and neutrophils count, WBC count, and AISI values in elderly patients were the highest in predicting disease severity. Remarkably, multivariate Cox regression analysis revealed that WBC count, neutrophil count, dNLR, and SII remained significantly with survival in non-elderly patients, but in elderly patients, WBC count and neutrophil count. In fact, WBC count and neutrophil count in both non-elderly and elderly patients, were reliable predictors of mortality. The present study results showed that physiological and immunological differences between the elderly and the non-elderly were influential on the role of systemic inflammatory markers in predicting mortality in COVID-19 patients.

It should be noted that in previous studies, it has been reported that NLR is an inflammatory index directly related to age in healthy individuals and COVID-19 patients (28, 29). The difference in the studied population or the sample size is the possible reason for the difference between the results of the previous studies and the current study's findings. On the other hand, only NLR has been examined in previous studies, but the current study reported other inflammatory indicators alongside NLR. Interestingly, in the findings of Vafadar Moradi et al. (30) regarding the predictions of COVID-19 deaths, the WBC count was in line with our results.

This study had some limitations. First, the current retrospective study was performed using patients from a single institution. Second, this is a retrospective study, and the data are collected based on the electronic records of the hospital, the accuracy, and reliability of which varies between in hospitals. Third, although patients' tests were used at the time of admission to assess the systemic inflammation index, each patient could be at a different stage of the disease. Finally, the results of this study were reported over time, and different coronavirus variants may have influenced the results.

In conclusion, although systemic inflammation indexes are markers for diagnosing the severity of inflammatory diseases, they should be used with caution in COVID-19 patients. The results showed that the WBC count and neutrophil count were reliable markers for predicting non-elderly and elderly patients' mortality. It is interesting to note that the inflammatory indices differed in the diagnosis of mortality in non-elderly and elderly patients, so that dNLR index was very prominent in non-elderly people and AISI index in elderly people. Therefore, in COVID-19 patients, as shown by age-related clinical and laboratory differences, differences in predictors of mortality should also be considered.
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Background: The unprecedented crisis during the fifth wave of the COVID-19 pandemic in Hong Kong placed a significant burden on the health care system. Therefore, the Hong Kong government advocated that individuals with no or mild COVID-19 symptoms should self-care at home. This study aimed to understand intrapersonal and interpersonal level factors that shaped self-care practices among home-quarantined individuals with COVID-19 during the peak of the pandemic.

Methods: This study used convenience and snowball sampling whereby a total of 30 semi-structured telephone interviews were conducted between March and April 2022. Inductive content analysis was used to analyze the data.

Results: Factors reported at the intrapersonal level included socioeconomic status and housing conditions, information and knowledge about COVID-19, long COVID, and psychological adjustments brought about by home quarantine. Factors identified at the interpersonal level included caregiving responsibilities, family relationships, and social support.

Conclusions: Findings from this study identified a combination of intra and interpersonal level factors influenced an individual's self-care practices as a result of pandemic-induced quarantine. It was particularly concerning for those individuals in socially and economically deprived groups, where access to services was challenging. This study also raised awareness of the ineffectual and insufficient knowledge individuals held of self-medication and overall COVID-19 management. A key recommendation is developing family-based resilience programmes to support and empower vulnerable families to better cope with the realities of self-quarantine.

KEYWORDS
  self-care, COVID-19, home quarantine, intrapersonal, interpersonal


Introduction

The term “self-care,” is defined by the World Health Organization (WHO) as “the ability of individuals, families, and communities to promote health, prevent disease, maintain health, and to cope with illness and disability with or without the support of a health-care provider” (1). It usually encompasses a number of factors, for example, health information, medication usage, symptom management, management of mental health issues, lifestyle and social support, and communication (2). Self-care is considered a cost-effective solution as it plays a crucial role in reducing health care utilization and its associated costs and empowers individuals to take a more proactive role in supporting their own health needs. Self-care has been increasingly implemented in chronic disease management and more recently pandemic control (2–4).

Self-care management has been implemented as a key decisive strategy to help combat the COVID-19 pandemic in many countries since 2020. According to international guidelines, self-care management for mild or moderate COVID-19 is focused on symptom management and the prevention and/or reduction in virus transmission (5–8). Specifically, the recommendations also included:

• The implementation of Rapid Antigen Testing (RAT) to lessen the burden (including costs) on Polymerase Chain Reaction (PCR) testing undertaken by health care facilities,

• Making individuals more aware in recognizing the impending emergency warning signs (for example, increasing shortness of breath),

• An emphasis on maintaining “environmental hygiene” (for example health housing),

• Increased vigilance in promoting protective measures for family members,

• The management of daily necessities (such as food and access to medications), and

• A detailed plan to supporting quarantine measures including time in quarantine.



The Hong Kong context

As a Special Administrative Region of the People's Republic of China, Hong Kong has a population of approximately 7.4 million. Hong Kong started to adopt a self-care management approach during its fifth and worst wave since the initial COVID-19 outbreak. Although the city has successfully managed four waves with multiple policies, like those employed by other countries such as, social distancing, mandatory mask-wearing, and tight border controls (9), the fifth wave of COVID-19 infection (dominated by the Omicron variant with the first cases reported in December 2021) significantly affected the Hong Kong population. During the first week of March for example, the city recorded approximately 80,000 cases/day and 150 COVID-related deaths, at the time this was the highest fatality rate among developed countries (10). By mid-May 2022, the accumulated number of positive cases since the outbreak of the fifth wave had surpassed 1.2 million people (11).

The unprecedented crisis during the fifth wave of the COVID-19 pandemic placed a significant burden on the health care system and those families of individuals with COVID-19. Overwhelmed by the sharply increasing number of individuals testing positive for the virus, the public hospital system was constantly challenged to provide effective and efficient care and was in imminent danger of collapse. For reasons unknown, some private hospitals, refused to provide care for individuals with COVID-19 (12) and therefore, to alleviate the pressure on the public hospital system, the Hong Kong government adjusted its guidelines on testing, quarantine, and treatment for those testing positive. In line with the WHO emergency guidelines and strategies applied in many affected countries (5, 13), the Hong Kong government launched the “StayHomeSafe” scheme and advocated that individuals testing positive and with no or mild symptoms should practice self-care at home (14). To avoid duplication of resources and the inherent time delays, individuals testing positive using the RAT could register through an online system without seeking further confirmation of their test results from hospitals (15). To complement this information, hotlines had been established for those seeking additional information regarding symptom enquiries, especially for those patients who were waiting to be admitted to hospital for treatment or to quarantine facilities. In addition, a number of designated community-based clinics (Community Testing Centers) had been set up to provide free of charge PCR testing for those people with mild symptoms and those who were required by law to get tested (16).



Pandemic induced self-care

Although self-care management has been considered an important strategy during the outbreak of the COVID-19 pandemic, until now, international studies evaluating the effectiveness and implementation of self-care management programmes for COVID-19 are few in number (17–20), and most of them appear to focus on an individuals' psychological well-being. The self-care experience among Hong Kong individuals with COVID-19 during home quarantine remains unknown. A better understanding of an individuals' self-care practices and concerns during home quarantine, and the influences these may have on their family members could inform the development of policy and services to promote specific self-care programmes and prepare for possible future epidemic/pandemic outbreaks. Therefore, this qualitative study aimed to understand the individual and interpersonal level factors that shaped self-care practices among home-quarantined individuals with COVID-19 amid the fifth wave of the COVID-19 in Hong Kong.



Materials and methods


Study design

This qualitative study was part of a larger study exploring the experiences of home-quarantined individuals during the fifth wave of the COVID-19 pandemic in Hong Kong. Individual telephone interviews were conducted among 30 home-quarantined individuals who tested with COVID-19 in Hong Kong.



Participants and recruitment

Home-quarantined individuals testing positive with COVID-19 in Hong Kong were recruited using convenience and snowball sampling methods to ensure a variety of age groups were included in the sample. Data saturation was reached from 30 participants. Among the participants, 17 were recruited through the research team's social networks, and the remaining 13 were recruited through snowball sampling from those already interviewed.

To be eligible for the study, participants: (1) were over 18 years of age; (2) had been tested positive with COVID-19 either through RAT or nucleic acid test from February 2022, which also included individuals with any clinical symptoms or who were in recovery; (3) were quarantined at home; (4) were able to speak Cantonese/Putonghua/English; (5) were willing to participate in the study and share their experience via telephone or video calls (e.g., Zoom, WhatsApp, FaceTime); and (6) were able to give informed consent.

Participants were excluded if they: (1) had been diagnosed with a significant mental health issue or mood disorders, such as anxiety disorders, depression, psychosis, or bipolar disorders; and (2) had a hearing, communication, or cognitive impairment.



Data collection

Due to the social distancing measures and the nature of the pandemic, 30 semi-structured telephone interviews were held between March to April 2022. The telephone interviews were conducted at a mutually convenient time for the participants and the researcher. Each participant was sent a participant information sheet prior to the telephone interview via email or text message. Before each interview, the researcher explained the aims and purpose of the study and why they were being asked to participate. The participant's anonymity, confidentiality, and voluntary participation of the interview were assured. Once the participants agreed to participate and provided verbal consent, a telephone interview was scheduled based on their availability. At the time of the interview, the content of the information sheet was re-addressed and verbal consent for audio-recording the interview was obtained and recorded prior to the commencement of the interview. Open-ended questions were used to identify those factors deemed important by individuals practicing self-care as a result of home quarantine with COVID-19. Questions, such as “How did you manage the symptoms?” “How did you practice home quarantine” were used, and factors at an intra and interpersonal level that influenced their experiences were explored. Prompts, such as “Tell me more about what it was like” and “Why do you think that” were used. The details of the interview guide are shown in the Supplementary material (Appendix I). The interviews lasted on average of 34 min. After the interview, each participant received a HKD$50 (≈USD 6.37) supermarket coupon in appreciation of their participation.

All interviews were conducted by a female bilingual researcher (HXM) in Mandarin Chinese or Cantonese. The research team consisted of a postdoctoral fellow and associate professor both of whom have extensive experience in conducting qualitative research studies.



Data analysis

The interview data was analyzed using inductive content analysis as described by Elo and Kyngäs (21). First, the audio-recorded interviews were transcribed in their original language. To obtain an overall picture of the interview, all transcribed interviews were read without any initial attempts to conduct coding by two independent researchers who had rich experience in qualitative data processing (HXM and YJM). The transcripts were then read and coded independently by two researchers to identify common patterns. These initial codes were further grouped into subcategories and categories. The subcategories and subsequent categories were discussed collectively with other members of the research team until a consensus was reached. Once no new categories emerged from the data, researchers re-examined the data and agreed upon a number of higher order categories. Selected quotes were translated into English to illustrate intrapersonal and interpersonal factors affecting the self-care practices among the individuals with COVID-19 in Hong Kong.



Establishing rigor and trustworthiness

The rigor of the study was enhanced following Lincoln and Guba's four general criteria: credibility, transferability, dependability, and confirmability (22). To enhance credibility, participants were recruited from different age and gender groups. Also, credibility was achieved by immersion in the data and researcher triangulation. Three researchers (HXM, YJM, MC) read and analyzed the data first independently and then collectively. Two had a nursing background (HXM, MC) and one had experience in psychology and social work (YJM). Member checking was performed to seek additional feedback from the participants. Transferability was assured by a rich description of the context, details of study methods and characteristics of the participants. Dependability was assessed by developing an audit trial, which documented the steps in the data analysis procedure. Confirmability was achieved by peer debriefing within the entire research team.



Ethical approval

Ethical approval was received from the Human Subjects Ethics Sub-Committee of Hong Kong Polytechnic University (HSEARS20220310002).




Results

The characteristics of the 30 participants are shown in Table 1. They had a mean age of 55 (±12.8) years and were predominantly female (76.7%). One-third of the participants (33.3%) had received tertiary education, and two-thirds of them (66.7%) were married. Approximately half were unemployed or retired. Thirty percent of the participants had reported having a chronic disease/s. Most of the participants lived with their family members (83.3%) when testing positive for the virus. Three participants' family members moved to hotels or relatives' homes for fear of infection. Seventy percent of the participants had experienced family outbreaks of the COVID-19. Before they were diagnosed with COVID-19, 90% of them had received at least one dose of a recognized and approved COVID-19 vaccination.


TABLE 1 Characteristics of the participants.

[image: Table 1]

The vast majority of the participants contracted COVID-19 during the months of February and March (80.0%). Most of them (76.7%) used the RAT to detect COVID-19. None of them required hospitalization. All participants managed their symptoms with paracetamol and/or traditional Chinese medicine (TCM) (e.g., Lianhuaqingwen) at home. Their average length of home quarantine was 10.8 (3–28) days.

Factors influencing participants' self-care practices during home quarantine were classified into either intra and/or interpersonal levels. The details of the main categories and subcategories are presented in the following section.


Intrapersonal-level factor

The most frequently mentioned individual-level factors included socioeconomic status, housing conditions, information and knowledge about COVID-19, long COVID, and psychological adjustments brought about by home quarantine.



Socioeconomic status and housing conditions

Socioeconomic status and housing conditions had a negative impact on self-care for individuals with COVID-19. From the perspectives of participants who were their families' breadwinners, making money was seen as more important than being infected with COVID-19. Some participants talked about people they knew who went back to work before being fully recovered or kept their condition secret from their employers. For example, one respondent commented that:

A friend of mine is a construction worker and is paid daily. For fear of being required [to] quarantine, he kept his infection status from his boss and continued his work. (#3, female, 60y)

[image: yes]

For many, the need and necessity to earn a living meant that they often exposed others to the virus. The threat of quarantine at a government facility for up to 3-weeks could result in a loss in income which caused concern for those family members who relied on the income to meet daily living costs. Equally, housing conditions were a major concern for most participants in implementing self-care at home. As most of them lived together with their family members in tiny flats (in most instances <400 square feet), they had experienced a high level of stress around the potential risks of spreading the virus to others. They rearranged their living conditions by staying in different rooms or a small isolation area which then added to their stress, especially when trying to follow strict hygiene and physical distancing practices. Despite great efforts, family outbreaks still occurred. Those who unintentionally spread the virus to others often experienced regret and guilt and blamed themselves for being the source of contagion.

The poorer participants who lived in cramped subdivided flats (a larger apartment that has been subdivided into 4–6 one-room apartments often with shared amenities such as kitchen and toilet) without elevators reported more challenges in dealing with self-care. The tiny space meant that they could hardly move around freely, let alone exercise. Being “trapped” in these tiny flats, participants had very little to do but lay in bed all day which increased feelings of being “irritable” and “helpless” with their current situation. In some cases, for those with limited mobility, simply navigating the stairs resulted in poor access to basic needs, such as food, resulting in a lower quality of life, for example:

I live on the eighth floor of a subdivided flat without an elevator. There is no kitchen at home. After contracting the Covid-19, I felt too weak to go downstairs. However, most of the food deliverymen refused to climb the stairs. I survived on a few slices of bread those days. (#20, female, 58y)

[image: yes]



Information and knowledge about COVID-19

Seeking information and knowledge related to implementing self-care for COVID-19 were commonly cited at the intrapersonal level. Many participants claimed that they had searched for information about the pandemic and self-care plans as well as stocking up sufficient daily necessities and medications in case of infection and home quarantine. The majority of the participants, especially those who experienced mild to moderate influenza-like symptoms, had confidence in managing the symptoms themselves by closely measuring their body temperature, having regular RAT tests, taking enough rest and fluid, and using over-the-counter (OTC) medications. Participants who had experienced severe symptoms also demonstrated sound knowledge and understanding in recognizing those symptoms that may require emergency care, for example:

Although the cough was outrageous, I had confidence in managing my symptoms at home, because the experts said that the most important thing was monitoring the breath [breathing] and the oxygen saturation level and ensuring it was above 92%. I didn't experience shortness of breath, and I kept checking my oxygen saturation level with a pulse oximeter. It ranged from 93% to 97%. I knew I would be fine. (#29, female, 69y)

[image: yes]

However, insufficient health care services information, such as supporting hotlines, self-reporting online systems, and health care services, were particularly challenging, leaving some participants feeling unsupported and stressed. For example, a participant complained about unclear information related to renal care during the peak of the outbreak:

My mom has renal failure and usually has twice-weekly haemodialysis. It was so maddening when she contracted COVID. We had no idea where she could have the haemodialysis services. We just kept calling and calling all the numbers on the government website for help. (#20, female, 58y)

[image: yes]

Furthermore, inadequate knowledge of self-medication was also reported. Many participants searched and applied various treatment regimens to improve their health, such as combining western medicine and TCM, together with supplements, and other remedies, which raised concerns about polypharmacy and medication errors, such as misuse, overuse, and potential side effects. For example:

The experts and government officials recommended treatment with both western medicine and Lianhuaqingwen [a TCM flu remedy]. Thus, I followed their advice and asked my mom to take these medicines together. While I didn't know I should separate them by two hours. My mom got gastroesophageal acid reflux disease and was admitted to a hospital. (#25, female, 50y)

[image: yes]



Long COVID

Long COVID was an essential barrier to self-care. According to the National Institute for National Institute for Health and Care Excellence (NICE), the term “long COVID” refers to signs and symptoms that continue or develop after acute COVID-19 (symptoms for up to 4 weeks), includes both ongoing symptomatic COVID-19 (from 4 to 12 weeks) and post-COVID-19 syndrome (12 weeks or more) (23). Many participants, especially the older individuals, complained about impaired physical and cognitive functions as well as neuropsychiatric symptoms resulting from the long-term effects of COVID infection, which included shortness of breath, fatigue, brain fog, and insomnia. They felt their impaired psychophysiological functioning had severely impaired their abilities to perform daily tasks and were also linked to negative psychological outcomes. As one woman stated:

I got the infection four weeks ago and now still have massive fatigue. I could hardly walk downstairs to buy food. It was so frightening when I realized that I could not walk as far as I did before. (#20, female, 58y)

[image: yes]

Another woman who was struggling with the symptoms associated with suspected brain fog stated:

The brain fog symptoms are very irritating, and I cannot concentrate and forget things these days. It makes my everyday life overwhelming. Like I forgot I had switched off the fire after boiling a kettle of water when I was running into the kitchen. I don't know whether I could get recovered. (#16, female, 58y)

[image: yes]



Psychological adjustments brought about by home-quarantine

Home quarantine, inadequate information and resources, long COVID, and economic hardships induced a wide range of mental health issues among the participants. They consistently reported negative emotional responses to their situation, such as “scary,” “fearful,” “helpless,” “frustrated,” and “burnout.” For example:

The virus messed me up. I felt so worried and depressed when I heard the news that COVID-19 may result in long-term symptoms and accelerated aging. I fear I will develop dementia soon, and I am scared of getting it again. (#10, female, 55y)

[image: yes]

From some participants' perspectives, being infected with COVID-19 was a “shameful and dangerous” thing to disclose. To avoid social stigma, the participants, especially those suffering from long COVID (e.g., cough), preferred to hide their infection status and limit their contact with the outside world, even though they had tested negative for COVID-19. The fear of social stigma also induced a form of psychological stress and hindered their engagement in physical activities and other help-seeking behaviors:

Although I test negative, my cough is still irritable and uncontrollable. I still stay at home and am afraid to go outside to exercise, because others will stigmatise me if I cough. (#29, female, 69y)

[image: yes]

By contrast, some participants presented good psychological adjustment when confronted with social stigma and mental health issues. They employed various strategies to cope with their negative emotions, such as religious coping, acceptance, positive thinking, and attentional diversion.

I believe in Buddhism. It keeps me mindful of my mental health. When I feel worried about the long COVID symptoms, mindfulness practice helps me calm down. (#10, female, 55y)

[image: yes]



Interpersonal level

Factors identified at the interpersonal level affecting self-care practices included caregiving responsibilities, family relationships, and social support.



Caregiving responsibilities

Caregiving responsibilities was a key factor that influenced the participants in this study self-care practices at home, with many of them shouldering the responsibilities of taking care of children, parents, or significant others. Although they understood the importance of self-care and adequate rest after infection, they had to prioritize their family members' needs over their own. In many circumstances, they had to sacrifice their own health for the needs of their family. Feeling exhausted often affected their self-care practices and resulted in feeling stressed and depressed, an example of which was:

I had many symptoms of COVID, but I needed to take care of my mom and my elder brother, cooking and cleaning. I felt extremely exhausted and burned out. (#17, female, 53y)

[image: yes]



Family relationships

Family relationships were portrayed as a key influencing factor for self-care. Participants with good family cohesion stated that the harmonious family relationship built upon their resilience in the face of adversity that COVID brought. To some extent, contracting COVID-19 strengthened their family bond and facilitated empathy and mutual support, one in which they experienced fewer mental health issues and felt more confident in managing their COVID-19 symptoms:

We appreciate the infection, because it gave us an opportunity to spend time as a family and fight the challenges together. (#10, female, 55y).

[image: yes]

However, some participants experienced family conflicts after contracting COVID-19, because they “blamed their family members for transmission of the virus” or “scolded their siblings for being unfilial,” in other words, not fulfilling their obligations to care for their parents. These conflicts created more tension and stress for the participants. As an older participant described:

I lived with my younger daughter, and both of us were infected with COVID-19. My younger daughter blamed her sister for being unfilial since she didn't come to take care of me. She also blamed me for loving her sister more. I felt so sad. (#28, female, 90y)

[image: yes]



Social support

Social support was a significant determinant of self-care at the interpersonal level, especially for these home quarantined individuals. The vast majority of the participants received information, COVID-19 specific material, emotional, and direct support from their social networks, such as family, friends, and peers:

My parents dropped off groceries for us. The medicine, I mean, the clinic has a delivery service that I think that uses SF Express [a courier service] or something. But my dad also wanted to pick up the medicine for me and drop them off so we could use those courier delivery services. My parents did all the pickup and buying of food. Selfless. (Original quote in English) (#7, female, 40y)

However, self-care concerns also arose among participants who lived alone, especially the older individuals. A lack of social support increased their sense of isolation and loneliness which reduced their access to help. As one participant described:

An elderly friend of mine contracted the Covid-19, and I paid a visit to her. However, when I opened the door, I found she had fainted at home alone. It was so terrible. She cried when she woke up, “I called for help, but nobody came. I nearly died.” (#22, female, 40y)

[image: yes]




Discussion

To the best of our knowledge, this is the first qualitative study that has explored self-care practices among Hong Kong individuals during the peak of the fifth wave of COVID-19. The participants' self-care experiences varied greatly, which were determined by various intra and interpersonal level factors. Among the reported factors, socioeconomic status, current housing conditions, information and knowledge of COVID-19, the effects of long COVID, caregiving responsibilities, and family relationships were considered imperative.

Findings from this study raise concerns about inequity in health and self-care practices among the socially and economically deprived populations, especially the poor and older adults. They experienced inequalities in accessing the essentials of daily living, medications, and appropriate and up-to-date health information. The suspension of social welfare services due to the pandemic further reduced their access to other services. Our findings align with results reported in previous studies on inequality and COVID-19 in that people of a low socio-economic status and older adults had been disproportionately affected by COVID-19 and were less likely to implement appropriate self-care activities (24, 25). Concerns for these marginalized and vulnerable groups need to be taken into account by governments departments and services when developing policies and supporting future epidemic/pandemic programmes. Although it might be considered a little late, it was good to see that the local government had made significant efforts to provide outreach services to the poor and the old people post-peak pandemic, by distributing anti-epidemic service bags and educating individuals on how to use the RAT kit. This was also strengthened by further efforts aimed at minimizing the risks of social exclusion/isolation, especially for those living alone and older adults.

Information and knowledge have been consistently described as intrapersonal-level factors that affect self-care practices across various populations (26, 27). This study also revealed that information and knowledge were essential factors in performing self-care practices among individuals with COVID-19 in Hong Kong. The increased information and knowledge of the virus individuals gained over the past 2 years, influenced their health risk perceptions and willingness to engage in risk reduction behavior, and also facilitated their self-efficacy and confidence in managing their symptoms (28, 29). However, a lack of information about health and supporting services was also reported. Insufficient knowledge of self-medication was particularly alarming, which was considered a predominant cause of polypharmacy and medication errors among these participants. This correlates with findings that a lack of clear information had led people to resort to self-medicating often with significant side effects (30). The participants' in this study self-medication practices could also be explained by various factors, such as lack of and conflicting treatment advice and evidence, limited access to health care services, and the negative emotions associated with the impaired function.

Long COVID was frequently mentioned among the participants and viewed as a significant barrier to maintaining adequate self-care. Currently, there is no consensus regarding the definition of long COVID. Findings from this study indicate that long COVID severely affected their day-to-day activities and triggered some mental health issues as well as the fear of social stigmatization that a positive COVID diagnosis would bring. A lack of evidence-based treatment options and the unpredictability of recovery further worsened their mental health status and contributed to increased feelings of frustration and helplessness. These findings are broadly consistent with those found in previous studies that COVID-19 survivors and those experiencing long COVID were more likely to have worsening mental health issues and quality of life (31–35). As the COVID-19 pandemic continues into its third year, long COVID has gained increasing recognition worldwide. Concern for the wide range of physical symptoms and mental health issues has resulted in a strong call for establishing long-COVID clinics with health care professionals from multidisciplinary backgrounds (36, 37). To better develop the health care service plan for people with long COVID in Hong Kong and other countries, large-scale epidemiological studies are recommended to better estimate the prevalence and outcomes of long COVID.

In this study, caregiving responsibilities placed a significant burden on the participants and contributed to their exacerbated poor health and inadequate self-care practices. This finding also is also corroborated by previous studies which suggested that the increased caregiving burden as a result of COVID-19 had significantly compromised caregivers' well-being and self-care practices (38, 39). During the COVID-19 pandemic, caregivers experienced additional stress as they struggled to cope with home quarantine measures, social isolation, restricted social connections, and suspended support services, along with increased dependence from their care recipients. Having contracted COVID-19 themselves further impeded their ability to provide effective care.

Studies of family relationships and self-care practice among other populations found that family cohesion was associated with adherence to treatment regimens, mental health, and quality of life (40, 41). In our study, family relationships were found to have a significant role in promoting self-care among the participants. A high level of family cohesion strengthened family resilience and empathy, while low family cohesion created family conflicts and mental health issues. Therefore, one of the key points highlighted from this study is that interventions to empower vulnerable families during tough times could alleviate some of the issues of non-cohesion in the family unit. For example, the family resilience theory suggests that family belief systems, organizational patterns, and communication are key processes in promoting family resilience, which could build and strengthen family bonds and help families cope with additional external stressors such as COVID-19 (42). Belief systems, which figured highly in this study, encompassed making meaning of adversity, maintaining a positive outlook, and transcendence and spirituality. Organizational patterns refer to flexibility, connectedness, and social and economic resources. Communication consists of clarity, open emotional expression, and collaborative problem-solving. Future research should consider the domains of key processes of family resilience when developing family resilience programs.



Limitations of the study

This study has several limitations. First, the participants were dominated by middle to old-aged Chinese females, which may limit the transferability of the results to men, other age groups and those of other cultural backgrounds. Second, the study only focused on the experience of self-care among individuals testing positive for COVID-19 during the peak of the fifth and worst wave of the pandemic in Hong Kong. It is possible that individuals' self-care experiences could be different at other time points, for example when COVID-19 was first classified as a pandemic in late 2019. Third, being infected with COVID-19 was perceived as a stigmatized condition among some participants, and therefore the risk of social desirability bias may not be ruled out in their descriptions of self-care experiences based on this. While other forms of data collection such as telephone interviews, as used in this study, might minimize such risks.



Implications for future research and education

To improve the medication literacy among individuals with COVID-19, clear treatment guidelines in relation to self-care practices for COVID-19 are paramount. Moreover, further studies are recommended to investigate self-medication practices, especially within a pandemic and along with the long-term health outcomes among people with COVID-19 who self-cared during those critical times. In addition, evaluating the effectiveness of integrating pharmacists and other health care providers in the process of self-medication may help improve medication literacy as well as reduce the psychological anxiety and stress among individuals with COVID-19.

Also, it is essential to promote self-care among the caregivers with COVID-19 with both emotional and practice support. Self-help or self-compassion interventions, such as mindfulness-based interventions, delivered via a digital platform, could be applied as a feasible and effective way of promoting the mental health of the caregivers (43). Furthermore, to assist the caregivers with Covid-19, practical support, such as food delivery services via a third party (e.g., NGOs), may be considered. Additionally, caregivers are recommended to prepare a contingency plan in case of unable to fulfill their responsibilities.

In addition, the role of family relationships provides insights into self-care and family resilience in the context of COVID-19. To support families overcome their life challenges, it is necessary to recognize the vital role of family relationships and foster stronger family resilience. Family-based resilience interventions aiming at strengthening the key processes of resilience, i.e., belief systems, organizational patterns, and communication, are strongly recommended.



Conclusions

This study provides valuable insights into self-care practices among individuals with COVID-19 during the worse outbreak of the pandemic in Hong Kong. Intrapersonal and interpersonal level factors played significant roles in influencing their self-care practices. Findings from this study addressed the concerns from socially and economically deprived populations and caregivers as well as increased the awareness of insufficient knowledge of self-medication and COVID-19 symptoms management, especially among individuals with long COVID. As the pandemic resolves, future developments could include establishing interdisciplinary long COVID-19 clinics, which might provide comprehensive rehabilitation services. In addition, family-based resilience programs are recommended to empower vulnerable families and bolster their resilience during tough times.
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Background: The coronavirus disease 2019 (COVID-19) public health emergency has amplified the potential value of deploying telehealth solutions. Less is known about how trends in access to care through telehealth changed over time.

Objectives: To investigate trends in forgone care and telehealth coverage among Medicare beneficiaries during the COVID-19 pandemic.

Methods: A cross-sectional study design was used to analyze the outcomes of 31,907 Medicare beneficiaries using data from three waves of survey data from the Medicare Current Beneficiary Survey COVID-19 Supplement (Summer 2020, Fall 2020, and Winter 2021). We identified informative variables through a multivariate classification analysis utilizing Random Forest machine learning techniques.

Findings: The rate of reported forgone medical care because of COVID-19 decreased largely (22.89–3.31%) with a small increase in telehealth coverage (56.24–61.84%) from the week of June 7, 2020, to the week of April 4 to 25, 2021. Overall, there were 21.97% of respondents did not know whether their primary care providers offered telehealth services; the rates of forgone care and telehealth coverage were 11.68 and 59.52% (11.73 and 81.18% from yes and no responses). Our machine learning model predicted the outcomes accurately utilizing 43 variables. Informative factors included Medicare beneficiaries' age, Medicare-Medicaid dual eligibility, ability to access basic needs, certain mental and physical health conditions, and interview date.

Conclusions: This cross-sectional survey study found proliferation and utilization of telehealth services in certain subgroups during the COVID-19 pandemic, providing important access to care. There is a need to confront traditional barriers to the proliferation of telehealth. Policymakers must continue to identify effective means of maintaining continuity of care and growth of telehealth services.

KEYWORDS
 COVID-19, telehealth, access to care, Medicare, random forests


1. Introduction

Access to medical care is an ongoing problem for vulnerable populations (1, 2), and the COVID-19 pandemic has had a devastating impact on disparities in forgone care (3–5). There were about 40% of U.S. adults reporting forgone medical care during the COVID-19 pandemic, citing fear of infection among the reasons (6). Another reason is that the physician's office may present logistical barriers, such as inconvenient clinic hours and lack of care coordinators (7). In the meanwhile, telehealth virtual visits offer a way to reduce exposure to COVID-19 infections. When Medicare beneficiaries tend to reduce traditional in-person medical visits, telehealth has been widely utilized because of its usability and safety in providing healthcare services (8, 9).

Several studies that contributed to the use of telehealth were published during the initial stage of the COVID-19 pandemic when health systems lacked medical supplies and staff (9–13). However, no telehealth program can be created overnight. There has been limited investigation since telemedical innovations and vaccine administration were implemented (14–20). After health systems regained the capacity to treat patients in person and the diverse contributions of telehealth were made, there is limited understanding of the experiences of Medicare beneficiaries, who are a higher risk population for COVID-19 mortality since most of them are 65 years or older (4).

In this study, we examined trends in patient-reported access to care and telehealth utilization among Medicare beneficiaries in three waves of data collection during the COVID-19 pandemic (Summer 2020, Fall 2020, and Winter 2021). We expected that these two outcomes were correlated, and therefore we conducted a multivariate classification analysis. Reasons for disparities included socio-demographic factors, personal experiences with COVID-19, electronic device usage, economic and mental effects of the pandemic, non-COVID-19 health status and interview date. Since there are many correlated predictors with missing values, multivariate classification analysis utilized Random Forest machine learning techniques (21–23).



2. Methods


2.1. Data

Data sets were downloaded from the Medicare Current Beneficiary Survey (MCBS) COVID-19 Supplement Public Use File, collected via a telephone survey in Summer 2020 (June to July), Fall 2020 (October to November), and Winter 2021 (February to April). These three waves of survey data contained a nationally representative sample of all Medicare beneficiaries, and the survey was conducted in either English or Spanish. The MCBS is sponsored by the Centers for Medicare & Medicaid Services (CMS) in the U.S., and the original MCBS primarily has focused on economic and beneficiary topics, including health care use, access barriers, and expenditures. With the emergence of COVID-19, CMS was uniquely positioned to collect vital information on how the pandemic is impacting the Medicare population by using the MCBS as a vehicle to collect data. Ethics approval and consent to participate in the entire project were obtained by CMS and NORC at the University of Chicago; both organizations uphold provisions established under the Privacy Act of 1974, the NORC Institutional Review Board (IRB), the Office of Management and Budget, and the Federal Information Security Management Act of 2002.

In total, 235 variables were included in all three waves of surveys (see Supplementary Table 1). Among the three variables describing interview characteristics, interview week was included as a predictor since it is more relevant than the other two variables, interview language and interview with proxy. We utilized all the variables recording beneficiaries' demographic information as predictors. Among the 121 variables describing access to care during the pandemic, two variables were chosen as primary outcomes: forgone medical care because of COVID-19 and the status of whether primary care physicians (PCP) offered telehealth appointments by the date of interview. The description of these two outcome variables in the MCBS survey is listed in Supplementary Table 2. We chose five predictors from these 121 variables since they are relevant to telehealth, including owning a computer, owning a smartphone, owning a tablet, access to the Internet, and using video/voice calls; other variables in this group are too sparse to be added in the classification model since most of them are follow-up questions if beneficiaries forwent medical care, such as unable to get care for vision, dental, hearing, etc. Most of the beneficiaries did not have experience with COVID-19. From the 42 variables describing beneficiaries' personal experiences with COVID-19 and 27 variables describing preventive measures and knowledge about COVID-19, we chose two variables, including the results for COVID-19 and COVID-19 antibody tests—they were included in the descriptive summary but not included in the classification model because of missing data since most respondents did not conduct the tests. We included all the variables describing the economic and mental effects of the pandemicӑand beneficiaries' non-COVID-19 health status.



2.2. Statistical analysis

To investigate patterns of access to care and telehealth offerings among Medicare beneficiaries during COVID-19, we first run descriptive analyses for 46 independent variables, including socio-demographic factors, personal experiences with COVID-19, electronic device usage, etc. Next, we conducted a multivariate classification analysis to assess whether these variables were significant predictors of access to care and telehealth utilization. In this step, a variable recording interview date was added, while four variables were excluded because they are only available in the survey conducted in Winter 2021, including two socio-demographic variables (Medicare Advantage and Part D plan) and two variables describing personal experiences with COVID-19 (COVID-19 test and COVID-19 antibody test results).

For all analyses, a complex sample design was used with sampling weights provided by the MCBS to produce nationally representative estimates. All percentages and proportions that appeared in this study were calculated using survey weights. In the descriptive analyses, weighted chi-squared tests were used to test the association between each predictor and the outcome. In the multivariate classification analysis, Random Forest (21) model was applied for the prediction of outcomes, a modern machine learning technique that has been utilized widely to explore a large number of predictors and identify replicable sets of risk factors (24–28). Weighted chi-squared tests and the Random Forest model were implemented in the open-source R software using the weights (29) and randomForestSRC (23, 30) packages correspondingly. From the randomForestSRC package, the functions rfsrc and tune were applied with 1,000 trees. The parameters case.wt and na.action were set for survey weighting and missing data imputation for independent variables. All statistical inferences were based on a significance level of P (two-sided) ≤ 0.05. Model performance was evaluated through out-of-bag misclassification error, where out-of-bag refers to the data proportion that is not used for fitting the model (Classification trees were “grown” from bootstrap samples of the original dataset, leaving an average of 37% of unsampled data referred to as out-of-bag data) but for calculating the cross-validated prediction error and VIMP.


2.2.1. Variable importance (VIMP) and partial plot

From the Random Forest classification model, the estimated VIMP (21, 22) was adopted for ranking variables, which utilizes a prediction-based approach by estimating classification error attributable to the predictor. The VIMP can be interpreted as the increase in the misclassification error when the corresponding predictor is randomly permutated into a noise variable. For example, a VIMP of 4.29% indicates that a variable improves by 4.29% the ability of the model to classify the status of the outcome. Standard errors and P-values were generated by a delete-d-jackknife procedure (22, 31). In addition, partial dependence plots were used to visualize the variables' impact on the outcome through mapping their marginal effects (32, 33), where predicted probability is adjusted by integrating out all variables other than the selected variable. Inferences of VIMP and partial plots were generated using the functions subsample and plot.variable (setting partial = TRUE) from the randomForestSRC R package with default settings.





3. Results


3.1. Description of the sample

The main characteristics of the sample from the three waves of survey data are displayed in Table 1. There are 46 variables in the rows, including ten socio-demographic variables, two variables describing personal experiences with COVID-19, five variables describing electronic device usage, seven variables describing economic and mental effects of the pandemic, and 22 variables recording non-COVID-19 health status. Among these groups of variables, the two variables describing personal experiences with COVID-19, which recorded COVID-19 test and COVID-19 antibody test results, are not significantly associated with any of the two outcomes; all the five variables describing electronic device usage are significantly associated with both outcomes. The variable recording interview date is displayed in Figure 1 plotted against the percentage of forgone care and type of telehealth provided by PCP. From Summer 2020 to Winter 2021, the proportion of forgone care decreased largely from 22.89 to 3.31%. However, the increase in telehealth coverage is not as large (56.24 to 61.84%), as shown in Figure 1. The type of telehealth offered was summarized as “telephone,” “video,” and “both,” whose survey-weighted percentages in June 2020 were 30.46, 8.30, and 61.24%, respectively, and in April 2021 were 22.30, 5.12, and 72.58%, respectively. There was an increase in the usage of both video and telephone for telehealth.


Table 1. Descriptive analysis of forgone care and telehealth coverage reported by Medicare beneficiaries.
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FIGURE 1.
 Trends of forgone care and telehealth utilization. (A) The percentage of forgone care decreased largely with a small increase in telehealth coverage. (B) The usage of both video and telephone for telehealth increased over time.


In total, there are 31,907 Medicare beneficiaries included in the final sample, among which 11,114 are from Summer 2020, 9,686 from Fall 2020 and 11,107 from Winter 2021. For the two outcomes, 135 and seven beneficiaries reported “don't know” and “refused,” respectively, for answering whether they were unable to get care because of COVID-19; 7,174 and three beneficiaries reported “don't know” and “refused,” respectively, with 1,486 inapplicable/missing data for answering whether PCP offered telehealth appointments. These categories were discarded in the descriptive analysis for both outcomes and independent variables shown in Table 1. There were 21.97% of respondents unknown whether their PCP offered telehealth services; the rates of forgone care and telehealth coverage were 11.68 and 59.52% (11.73 and 81.18% from yes and no responses). Forgone care was negatively correlated telehealth coverage (χ2 = 18.40, p < 0.001).

Among the 10 socio-demographic variables, six were significantly associated with both outcomes including age, gender, race/ethnicity, region, income and use of a language other than English at home (shown as non-English in Table 1). Beneficiaries who were metro residents and not eligible for Medicaid benefits (non-dual-eligible) significantly tended to have telehealth coverage. Among the seven variables describing economic and mental effects of the pandemic, four were significantly associated with both outcomes, indicating that beneficiaries who were able to get food and felt less stressed, lonely, or sad and more socially connected were more likely to have access to care; beneficiaries with access to care were those who were able to or need not pay rent/mortgage as well as get home supplies and those who did not feel less financially secure. Most of the 22 variables recording non-COVID-19 health status were significantly associated with either of the outcomes.



3.2. Relationship of outcomes to important variables

We selected variables for predicting both outcomes by machine learning using the Random Forest multivariate classification model shown in Table 2. Only yes and no responses of the outcomes were included in this classification model (n = 22, 138, p = 43). The Random Forest model predicts the outcomes accurately: the out-of-bag misclassification error is 11.63% for predicting forgone care and 21.18% for telehealth coverage. The full version of Table 2 can be found in Supplementary Table 3. For method comparison, we also analyzed the data with logistic regression. The model of regular logistic regression did not converge because of the missing data problem. Utilizing penalized logistic regression (34, 35) with 10-fold cross-validation provides misclassification errors of 11.94% for predicting forgone care and 21.91% for telehealth coverage; the coefficients were listed in Supplementary Table 4.


Table 2. Informative variables from multivariate classification analysis using Random Forest.
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Table 2 presents the estimate, standard error (SE), and P-value of Random Forest VIMP. A large estimate of VIMP indicates a variable that is more informative for predicting the corresponding outcome, while a negative estimate indicates a noise variable. For example, a VIMP value of 4.81% for forgone care indicates that the variable improves by 4.81% the ability of the model to classify the status of forgone care. However, VIMP can not provide the direction of the association, for which we used the odds ratio (OR). To interpret the OR conveniently, we can consider Table 1 as a list of stacked contingency tables of variables, and we used the first two rows of each contingency table for each variable for calculating an OR with survey weights. Odds ratios >1 indicate a positive association between the first category of the variable of interest and the corresponding outcome compared with its second category; odds ratios <1 represent a negative association. For binary variables with yes or no response, odds ratios >1 indicate a positive association since the first category is always for the yes response.

We detected 20 variables that were significantly associated with both forgone care and telehealth coverage, as shown in Table 2. Two variables are not significantly associated with any of the two outcomes, statuses of owning a tablet and having any heart condition (see Supplementary Table 3). However, variables describing specific heart conditions are significantly associated with the outcomes, which possibly masks the effect of having any heart condition as the overall status. The effects of age, census region, and race/ethnicity are shown in Figure 2 and Supplementary Figure 1. As demonstrated in Figure 2D, the probability of forgone care decreased largely across time after adjusting for other variables, indicating a strengthened health system.
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FIGURE 2.
 Random forest estimated probabilities of outcomes plotted against candidate variables after adjusting for other variables. (A) The association between age and forgone care. (B) The association between age and telehealth coverage. (C) The association between region and forgone care. (D) The association between interview date and forgone care.



3.2.1. Forgone care

The most informative variable is interview date for predicting if the beneficiary was unable to get care because of COVID-19, contributing 2.09% prediction accuracy (SE = 0.27, p < 0.001). The status of being able to get home supplies is the second most informative variable, contributing 1.20% prediction accuracy (SE = 0.33, p < 0.001). Medicare-Medicaid dual eligibility and age are also significantly associated with the outcome, indicating that non-dual-eligible beneficiaries (not eligible for Medicaid benefits) with younger age were more likely to forgo care. People who reported using video/voice calls were more likely to forgo care. The groups that reported being unable to pay rent/mortgage or get food or home supplies were more likely to be unable to get care.

In terms of mental effects of the pandemic and non-COVID-19 health status or habit, beneficiaries with forgone care tended to feel less financially secure and more lonely or sad and have depression. Forgone care was associated with e-cigarette usage and health conditions such as angina pectoris/coronary heart disease (CHD), congestive heart failure, other heart cond such as abnormal valve/rhythm, stroke/brain hemorrhage, cancer (non-skin), osteoporosis/soft bones, broken hip, emphysema/asthma/chronic obstructive pulmonary disease (COPD), weak immune system, and diabetes/high blood sugar. Alzheimers/dementia is negatively associated with self-reported forgone care.



3.2.2. Telehealth coverage

Among the 43 variables, 39 were significantly associated with coverage of telehealth. The three most informative factors are Medicare-Medicaid dual eligibility (VIMP = 4.81, SE = 0.59 p < 0.001, OR = 0.58), residing area (metro residence, VIMP = 4.57, SE = 0.33, p < 0.001, OR = 1.87), and race/ethnicity (VIMP = 4.13, SE = 0.39 p < 0.001, OR = 2.00), indicating that non-dual-eligible beneficiaries (not eligible for Medicaid benefits), non-hispanic white and metro residents were more likely to have telehealth coverage provided by PCP.

The age group of 65–74 years old, the female gender group and the midwest/west-region group had higher coverage of telehealth. Beneficiaries using English language at home and those with higher income also had higher coverage. Owning a computer or smartphone with access to the Internet and usage of video/voice calls was positively associated with telehealth coverage. Respondents with telehealth coverage reported being able to pay rent/mortgage and get food, feeling more financially secure but more stressed, more lonely or sad, less socially connected, and having depression. Being able to get home supplies is negatively associated with telehealth coverage. Most variables describing non-COVID-19 health conditions and smoking status are negatively associated with the outcome, except cancer (non-skin), osteoporosis/soft bones/broken hip, and emphysema/asthma/COPD.



3.2.3. Variable interactions

We detected three pairs of variables that intensified the disparity in both outcomes when different statuses were combined. Figures 3A,B demonstrate the interaction between statuses of Internet access and whether respondents felt financially secure during the pandemic. The group with Internet access and felt less financially secure had higher probabilities of forgone care (20.47%) than the group without Internet access and felt more financially secure (7.92%). The group with Internet access and felt more financially secure had higher probabilities of telehealth coverage (86.68%) than the group without Internet access and felt less financially secure (67.32%). Medicare-Medicaid dual eligibility interacted with the variable income, as shown in Supplementary Figures 2A,B. The higher-income group with full eligibility had higher probabilities of forgone care and telehealth coverage (17.88 and 84.98%) than the lower-income group not eligible for Medicaid (non-dual, 9.6 and 74.28%). The female group with the status of metro residence had higher probabilities of telehealth coverage (83.62%) than the male group with the status of non-metro residence (71.29%), as shown in Supplementary Figure 2D. However, such a difference is small for forgone care (12.26 vs. 10.08%), as shown in Supplementary Figure 2C, indicating that forgone care is not caused by telehealth coverage for this subgroup.
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FIGURE 3.
 Interaction of access to the internet and the status of whether beneficiaries felt financially secure during the pandemic. The survey weighted proportions of positive outcomes are listed in parentheses. (A) The interaction for predicting forgone care. (B) The interaction for predicting telehealth coverage.






4. Discussion

Utilizing three waves of nationally representative survey data for Medicare beneficiaries, we analyzed trends in and reasons for forgone care and telehealth coverage during the COVID-19 pandemic. Although the percentage of forgone care decreased largely during the COVID-19 pandemic, telehealth coverage increased only on a small scale. Although CMS temporarily provided reimbursement for telehealth regardless of patient location (36), patient-based barriers to access to telehealth may still exist.

We found that the disparity in access to care through telehealth was associated with age, Medicare-Medicaid dual eligibility, electronic device usage, ability to access basic needs, and certain mental and physical health conditions. Among these factors, some socio-demographic factors had a similar influence in some prior studies reporting pre-COVID disparities in access to care (8, 37, 38); other factors may reflect an increased risk of spillover effects of the COVID-19 on non-COVID patients, including provision of essential chronic care (39) and changes in mental health (40). People with underlying chronic conditions are more susceptible to the infection due to weakened immunity, and therefore more likely to forgo needed treatments (41).

After adjusting for other factors, residence (metro or non-metro), region (northeast, midwest, south, or west) and income were not significantly associated with forgone care because of COVID-19, but they were significantly associated with telehealth coverage. As (42) stated, stated, health care partners should be informed about the collaborative use of telehealth-centered strategies to improve facility outcomes during the COVID-19 outbreaks. The disparity in telehealth coverage will eventually be reflected in poor access to care unless rapidly technological solutions are deployed and components of equity are examined. Further challenges replicating in-person care using telehealth formats include comorbidities. Take heart conditions, for example. Our data showed that Medicare beneficiaries with heart conditions were more likely to forgo care and less likely to have telehealth coverage. Radhakrishnan et al. (43) reported that for patients with heart failure on telehealth, comorbidity characteristics of renal failure, cancer, and depression comorbidities were significantly associated with withdrawal from telehealth services. However, a more recent study showed that for older persons living with HIV, the number of comorbidities was positively related to telehealth use via telehealth apps such as the MyChart App (44). Because of risk factors for severe COVID-19, the role of telehealth use will become more and more critical for the early identification of patients who need their care, care coordination, and the assessment of daily facility needs.

Medicare beneficiaries with depression had higher coverage of telehealth, indicating the absence of inequities between mental health coverage and coverage for other medical conditions. However, depression is positively associated with forgone care. This may reflect the fact that the share of adults with common mental disorders (primarily anxiety and depression), post-traumatic stress disorder, substance use disorders, behavioral disorders and suicidal behavior increased during the pandemic (45–47). Social isolation and lack of access to medical or behavioral health care may be associated with negative mental health outcomes (48). Therefore, it is important to consider how these factors are associated and explore ways to foster health system resilience to support vulnerable patients.

In contrast to previous studies (3, 18, 49), we analyzed related factors in a more inclusive fashion for ranking variables and identifying complex interactions. After adjustment for different factors, the discoveries could be more reproducible. For survey data with a large set of correlated variables, flexible statistical assumptions of the prediction model are often required. We are able to show that Random Forest provides a set of useful prediction tools when applied to a standard national survey data set. For this dataset, classical logistic regression and lasso penalized logistic regression suffered from multicollinearity and missing data problems, while Random Forest could provide prediction accuracy as high as almost 90%. Further, Random Forest provides an interpretable nonparametric variable important index that is useful for variable ranking (22, 50, 51). Although regular logistic regression suffers the problem of missing data, penalized logistic regression provides similar prediction performance. Overall, we saw potentially significant returns to statistical and machine learning methods.


4.1. Limitations

Because of the nature of survey data, this study is subject to recall and social desirability biases. Its results are not generalizable to non-medicare beneficiaries. In addition, we do not yet have data recording beneficiaries' education level or reasons for accessing telehealth. The variables we used were defined in wide categories with few details. For example, age was coded on three levels, income was recorded on only two levels, and measures of mental wellbeing were not sufficiently defined for different aspects. Finally, our findings should be interpreted cautiously because they were based on analyses addressing prediction or association, not causality.




5. Conclusions

In conclusion, existing barriers to telehealth may influence patients' forgone care during the COVID-19 pandemic. There is a need to develop telehealth services, enhance patients' awareness of telehealth, and ensure equal access and utilization of telehealth. Identifying the associations among forgone care, telehealth coverage and patients' socio-demographic and clinical characteristics is essential for policymakers, patients and clinics in making informed health care decisions.



Data availability statement

The data are publicly available on GitHub: https://github.com/luminwin/MCBS_2020_2021.



Author contributions

ML: conceptualization, methodology, software, formal analysis, investigation, writing—original draft preparation, writing—review and editing, supervision, and funding acquisition. XL: project administration and writing—review and editing. All authors have read and agreed to the published version of the manuscript.



Funding

This study was funded by the Department of Public Health Sciences 2022 Copeland Foundation Award and the Relief Funding Award from the Office of the Vice Provost for Research and Scholarship and the Office of Faculty Affairs, University of Miami.



Acknowledgments

Special acknowledgment goes to the editor for superb feedback on this manuscript and to the reviewers for helpful discussions.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpubh.2022.946944/full#supplementary-material



References

 1. Hanna TP, King WD, Thibodeau S, Jalink M, Paulin GA, Harvey-Jones E, et al. Mortality due to cancer treatment delay: systematic review and meta-analysis. BMJ. (2020) 371:m4087. doi: 10.1136/bmj.m4087

 2. Clark CR, Ommerborn MJ, Coull B, Pham DQ, Haas JS. Income inequities and Medicaid expansion are related to racial and ethnic disparities in delayed or forgone care due to cost. Med Care. (2016) 54:555. doi: 10.1097/MLR.0000000000000525

 3. Park S, Stimpson JP. Trends in self-reported forgone medical care among medicare beneficiaries during the COVID-19 pandemic. JAMA Health Forum. (2021) 2:e214299. doi: 10.1001/jamahealthforum.2021.4299

 4. Park C, Ng BP, Kim K. Inability to access health care due to COVID-19 among medicare beneficiaries. Am J Manag Care. (2022) 28:75–80. doi: 10.37765/ajmc.2022.88823

 5. Busch AB, Huskamp HA, Raja P, Rose S, Mehrotra A. Disruptions in care for medicare beneficiaries with severe mental illness during the COVID-19 pandemic. JAMA Netw Open. (2022) 5:e2145677. doi: 10.1001/jamanetworkopen.2021.45677

 6. Whaley CM, Pera MF, Cantor J, Chang J, Velasco J, Hagg HK, et al. Changes in health services use among commercially insured US populations during the COVID-19 pandemic. JAMA Netw Open. (2020) 3:e2024984. doi: 10.1001/jamanetworkopen.2020.24984

 7. Reece JC, Neal EF, Nguyen P, McIntosh JG, Emery JD. Delayed or failure to follow-up abnormal breast cancer screening mammograms in primary care: a systematic review. BMC Cancer. (2021) 21:1–14. doi: 10.1186/s12885-021-08100-3

 8. Cantor JH, McBain RK, Pera MF, Bravata DM, Whaley CM. Who is (and is not) receiving telemedicine care during the COVID-19 pandemic. Am J Prevent Med. (2021) 61:434–8. doi: 10.1016/j.amepre.2021.01.030

 9. Garfan S, Alamoodi AH, Zaidan BB, Al-Zobbi M, Hamid RA, Alwan JK, et al. Telehealth utilization during the COVID-19 pandemic: a systematic review. Comput Biol Med. (2021) 138:104878. doi: 10.1016/j.compbiomed.2021.104878

 10. Hoffman DA. Increasing access to care: telehealth during COVID-19. J Law Biosci. (2020) 7:Lsaa043. doi: 10.1093/jlb/lsaa043

 11. Martinez-Martin N, Dasgupta I, Carter A, Chandler JA, Kellmeyer P, Kreitmair K, et al. Ethics of digital mental health during COVID-19: crisis and opportunities. JMIR Ment Health. (2020) 7:e23776. doi: 10.2196/23776

 12. Koonin LM, Hoots B, Tsang CA, Leroy Z, Farris K, Jolly B, et al. Trends in the use of telehealth during the emergence of the COVID-19 pandemic-United States, January-March 2020. Morbid Mortal Wkly Rep. (2020) 69:1595. doi: 10.15585/mmwr.mm6943a3

 13. Bose S, Dun C, Zhang GQ, Walsh C, Makary MA, Hicks CW. Medicare beneficiaries in disadvantaged neighborhoods increased telemedicine use during the COVID-19 pandemic. Health Affairs. (2022) 41:635–42. doi: 10.1377/hlthaff.2021.01706

 14. Giacalone A, Marin L, Febbi M, Franchi T, Tovani-Palone MR. eHealth, telehealth, and telemedicine in the management of the COVID-19 pandemic and beyond: lessons learned and future perspectives. World J Clin Cases. (2022) 10:2363. doi: 10.12998/wjcc.v10.i8.2363

 15. Haroz EE, Kemp CG, O'Keefe VM, Pocock K, Wilson DR, Christensen L, et al. Nurturing innovation at the roots: the success of COVID-19 vaccination in American Indian and Alaska native communities. Am J Publ Health. (2022) 112:383–7. doi: 10.2105/AJPH.2021.306635

 16. Harris R, Rosecrans A, Zoltick M, Willman C, Saxton R, Cotterell M, et al. Utilizing telemedicine during COVID-19 pandemic for a low-threshold, street-based buprenorphine program. Drug Alcohol Depend. (2022) 230:109187. doi: 10.1016/j.drugalcdep.2021.109187

 17. Friedman AB, Gervasi S, Song H, Bond AM, Chen AT, Bergman A, et al. Telemedicine catches on: changes in the utilization of telemedicine services during the COVID-19 pandemic. Am J Manag Care. (2022) 28:e1–6. doi: 10.37765/ajmc.2022.88771

 18. Ng BP, Park C, Silverman CL, Eckhoff DO, Guest JC, Díaz DA. Accessibility and utilisation of telehealth services among older adults during COVID-19 pandemic in the United States. Health Soc Care Commun. (2022). doi: 10.1111/hsc.13709

 19. Lu M, Ishwaran H. Cure and death play a role in understanding dynamics for COVID-19: data-driven competing risk compartmental models, with and without vaccination. PLoS ONE. (2021) 16:e254397. doi: 10.1371/journal.pone.0254397

 20. Lu M. Dynamic modeling COVID-19 for comparing containment strategies in a pandemic scenario. Ann Biostat Biometr Appl. (2020) 4:1–4. doi: 10.33552/ABBA.2020.04.000579

 21. Breiman L. Random forests. Mach Learn. (2001) 45:5–32. doi: 10.1023/A:1010933404324

 22. Ishwaran H, Lu M. Standard errors and confidence intervals for variable importance in random forest regression, classification, and survival. Stat Med. (2019) 38:558–82. doi: 10.1002/sim.7803

 23. Ishwaran H, Tang F, Lu M, Kogalur UB. RandomForestSRC: Multivariate Splitting Rule Vignette. (2021). Available online at: http://randomforestsrc.org/articles/mvsplit.html (accessed May 16, 2022).

 24. Lu M, Parel JM, Miller D. Interactions between staphylococcal enterotoxins A and D and superantigen-like proteins 1 and 5 for predicting methicillin and multidrug resistance profiles among Staphylococcus aureus ocular isolates. PLoS ONE. (2021) 16:e254519. doi: 10.1371/journal.pone.0254519

 25. Fang X, Liu W, Ai J, He M, Wu Y, Shi Y, et al. Forecasting incidence of infectious diarrhea using random forest in Jiangsu Province, China. BMC Infect Dis. (2020) 20:222. doi: 10.1186/s12879-020-4930-2

 26. Ong J, Liu X, Rajarethinam J, Kok SY, Liang S, Tang CS, et al. Mapping dengue risk in Singapore using random forest. PLoS Negl Trop Dis. (2018) 12:e0006587. doi: 10.1371/journal.pntd.0006587

 27. Coates-Brown R, Moran JC, Pongchaikul P, Darby AC, Horsburgh MJ. Comparative genomics of Staphylococcus reveals determinants of speciation and diversification of antimicrobial defense. Front Microbiol. (2018) 9:2753. doi: 10.3389/fmicb.2018.02753

 28. Lu M, Sha Y, Silva T, Colaprico A, Sun X, Ban Y, et al. LR hunting: a random forest based cell-cell interaction discovery method for single-cell gene expression data. Front Genet. (2021) 12:1431. doi: 10.3389/fgene.2021.708835

 29. Pasek J. With Some Assistance From Alex Tahk, Some Code Modified From R-Core; Additional Contributions by Gene Culter, Schwemmle M. Weights: Weighting Weighted Statistics. R package version 1.0.4. (2021). Available online at: https://CRAN.R-project.org/package=weights (accessed May 16, 2022).

 30. Ishwaran H, Kogalur UB. Fast Unified Random Forests for Survival, Regression, Classification (RF-SRC). R package version 3.1.0 (2022). Available online at: https://cran.r-project.org/package=randomForestSRC (accessed May 16, 2022).

 31. Ishwaran H, Lu M, Kogalur UB. randomForestSRC: Variable Importance (VIMP) With Subsampling Inference Vignette (2021). Available online at: http://randomforestsrc.org/articles/vimp.html (accessed May 16, 2022).

 32. Hastie T, Tibshirani R, Friedman J. The Elements of Statistical Learning: Data Mining, Inference, and Prediction. New York, NY: Springer Science & Business Media (2009). doi: 10.1007/978-0-387-84858-7

 33. Ishwaran H, Lu M, Kogalur UB. RandomForestSRC: Partial Plots Vignette (2021). Available online at: http://randomforestsrc.org/articles/partial.html (accessed May 16, 2022).

 34. Tibshirani R, Bien J, Friedman J, Hastie T, Simon N, Taylor J, et al. Strong rules for discarding predictors in lasso-type problems. J R Stat Soc Ser B. (2012) 74:245–66. doi: 10.1111/j.1467-9868.2011.01004.x

 35. Friedman J, Hastie T, Tibshirani R. Regularization paths for generalized linear models via coordinate descent. J Stat Softw. (2010) 33:1. doi: 10.18637/jss.v033.i01

 36. Hamadi HY, Zhao M, Haley DR, Dunn A, Paryani S, Spaulding A. Medicare and telehealth: the impact of COVID-19 pandemic. J Eval Clin Pract. (2022) 28:43–8. doi: 10.1111/jep.13634

 37. Smith KT, Monti D, Mir N, Peters E, Tipirneni R, Politi MC. Access is necessary but not sufficient: factors influencing delay and avoidance of health care services. MDM Policy Pract. (2018) 3:2381468318760298. doi: 10.1177/2381468318760298

 38. Fung V, Graetz I, Galbraith A, Hamity C, Huang J, Vollmer WM, et al. Financial barriers to care among low-income children with asthma: health care reform implications. JAMA Pediatr. (2014) 168:649–56. doi: 10.1001/jamapediatrics.2014.79

 39. Yoon S, Goh H, Chan A, Malhotra R, Visaria A, Matchar D, et al. Spillover effects of COVID-19 on essential chronic care and ways to foster health system resilience to support vulnerable non-COVID patients: a multistakeholder study. J Am Med Direc Assoc. (2022) 23:7–14. doi: 10.1016/j.jamda.2021.11.004

 40. Choi KR, Heilemann MV, Fauer A, Mead M. A second pandemic: mental health spillover from the novel coronavirus (COVID-19). J Am Psychiatr Nurses Assoc. (2020) 26:340–3. doi: 10.1177/1078390320919803

 41. Sanyaolu A, Okorie C, Marinkovic A, Patidar R, Younis K, Desai P, et al. Comorbidity and its impact on patients with COVID-19. SN Comprehens Clin Med. (2020) 2:1069–76. doi: 10.1007/s42399-020-00363-4

 42. Harris DA, Archbald-Pannone L, Kaur J, Cattell-Gordon D, Rheuban KS, Ombres RL, et al. Rapid telehealth-centered response to COVID-19 outbreaks in postacute and long-term care facilities. Telemed e-Health. (2021) 27:102–6. doi: 10.1089/tmj.2020.0236

 43. Radhakrishnan K, Jacelon CS, Bigelow C, Roche JP, Marquard JL, Bowles KH. Association of comorbidities with home care service utilization of patients with heart failure while receiving telehealth. J Cardiovasc Nurs. (2013) 28:216–27. doi: 10.1097/JCN.0b013e3182512331

 44. Baim-Lance A, Angulo M, Chiasson MA, Lekas HM, Schenkel R, Villarreal J, et al. Challenges and opportunities of telehealth digital equity to manage HIV and comorbidities for older persons living with HIV in New York State. BMC Health Services Res. (2022) 22:5. doi: 10.1186/s12913-022-08010-5

 45. Pfefferbaum B, North CS. Mental Health and the Covid-19 Pandemic. N Engl J Med. (2020) 383:510–2. doi: 10.1056/NEJMp2008017

 46. Usher K, Durkin J, Bhullar N. The COVID-19 pandemic and mental health impacts. Int J Ment Health Nurs. (2020) 29:315–8. doi: 10.1111/inm.12726

 47. Kumar A, Nayar KR. COVID 19 and its mental health consequences. J Mental Health. (2021) 30:1–2. doi: 10.1080/09638237.2020.1757052

 48. Moreno C, Wykes T, Galderisi S, Nordentoft M, Crossley N, Jones N, et al. How mental health care should change as a consequence of the COVID-19 pandemic. Lancet Psychiatry. (2020) 7:813–24. doi: 10.1016/S2215-0366(20)30307-2

 49. Hsiao V, Chandereng T, Lankton RL, Huebner JA, Baltus JJ, Flood GE, et al. Disparities in telemedicine access: a cross-sectional study of a newly established infrastructure during the COVID-19 pandemic. Appl Clin Inform. (2021) 12:445–58. doi: 10.1055/s-0041-1730026

 50. Lu M, Ishwaran H. A prediction-based alternative to P values in regression models. J Thorac Cardiovasc Surg. (2018) 155:1130. doi: 10.1016/j.jtcvs.2017.08.056

 51. Lu M, Ishwaran H. Discussion on “nonparametric variable importance assessment using machine learning techniques” by Brian D. Williamson, Peter B. Gilbert, Marco Carone, and Noah Simon. Biometrics. (2021) 77:23–7. doi: 10.1111/biom.13391













	 
	

	TYPE Original Research
PUBLISHED 14 September 2022
DOI 10.3389/fmed.2022.948917





Predicting the sentiment of South Korean Twitter users toward vaccination after the emergence of COVID-19 Omicron variant using deep learning-based natural language processing

Gayeong Eom1, Sanghyun Yun2 and Haewon Byeon2,3*

1Department of Statistics, Inje University Graduate School, Gimhae, South Korea

2Department of Artificial Intelligence, College of AI Convergence, Inje University, Gimhae, South Korea

3Department of Digital Anti-aging Healthcare (BK21), Graduate School of Inje University, Gimhae, South Korea

[image: image]

OPEN ACCESS

EDITED BY
Reza Lashgari, Shahid Beheshti University, Iran

REVIEWED BY
Florian Recker, University of Bonn, Germany
Gongsheng Yuan, University of Pennsylvania, United States
Susanta Kumar Ghosh, National Institute of Malaria Research (ICMR), India

*CORRESPONDENCE
Haewon Byeon, bhwpuma@naver.com

SPECIALTY SECTION
This article was submitted to Infectious Diseases – Surveillance, Prevention and Treatment, a section of the journal Frontiers in Medicine

RECEIVED 20 May 2022
ACCEPTED 24 August 2022
PUBLISHED 14 September 2022

CITATION
Eom G, Yun S and Byeon H (2022) Predicting the sentiment of South Korean Twitter users toward vaccination after the emergence of COVID-19 Omicron variant using deep learning-based natural language processing.
Front. Med. 9:948917.
doi: 10.3389/fmed.2022.948917

COPYRIGHT
© 2022 Eom, Yun and Byeon. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

Although the full vaccination rate of South Korea compared to other countries, concerns about the effectiveness of the vaccine are growing as new COVID variants such as Alpha, Beta, Gamma, Delta, and Omicron appear over time. In this study, we collected Twitter data in South Korea that contained keywords like vaccines after the outbreak of the Omicron variant from 27 November 2021 to 14 February 2022. First, we analyzed the relationship between potential keywords associated with vaccination after the appearance of the Omicron variant in Twitter using network analysis. Second, we developed an efficient model for predicting the emotion of speech regarding vaccination after the COVID-19 Omicron variant pandemic by using deep learning algorithms. We constructed sentiment analysis models regarding vaccination after the COVID-19 Omicron pandemic by using five algorithms [i.e., support vector machine (SVM), recurrent neural networks (RNNs), long short-term memory models (LSTMs), bidirectional encoder representations from transformers (BERT), and Korean BERT (KoBERT)]. The results confirmed that KoBERT showed the best performance (71%) in all predictive performance indicators (accuracy, precision, and F1 score). It is necessary to prepare measures to alleviate the negative factorss of the public about vaccination in the long-term pandemic situation and help the public recognize the efficacy and safety of vaccination by using big data based on the results of this study.
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Introduction

COVID-19 was first reported in Wuhan, China, in 2019, and it is still ongoing worldwide as of May 2022. The World Health Organization (WHO) has declared COVID-19 a “pandemic,” the sixth and highest risk rating, for the third time in history, after Hong Kong flu and swine flu, due to its rapid transmission rate and strong fatality rate (1). As of 22 April 2022, it is counted that 500 million people worldwide have been infected by COVID-19, and 6.2 million have died from it (2). In South Korea, 16 million people (one-third of the total population) were infected, and 21,667 people died from COVID-19 (3). As the COVID-19 Omicron variant has spread in Shanghai, China, after April 2022, the fear of COVID-19 is reviving.

Vaccination may reduce the chance of virus transmission because it can directly protect vaccinated people and inhibit viral shedding (4). In addition, if more than 70% of the members of society are vaccinated, a very effective herd immunity system can be secured (4). Vaccines were developed mainly by global pharmaceutical companies such as Pfizer, Moderna, AstraZeneca, and Janssen (5). Based on these vaccines, South Korea has been rapidly vaccinated: approximately 45 million people (87.7%) received the first dose, approximately 44 million people (86.8%) received the second dose, and approximately 33 million people (64.4%) received the third dose (3). The Korea Disease Control and Prevention Agency (KCCA) reported that as of April 2022, over 80% of the total South Korean population were fully vaccinated (two doses), one of the highest (along with Spain) among 38 OECD member countries (6). Although the full vaccination rate of South Korea is high in the world, concerns about the effectiveness of the vaccine are growing as new COVID variants such as Alpha, Beta, Gamma, Delta, and Omicron appear over time.

The Omicron variant was first discovered in the Republic of South Africa in November 2021, and it was subsequently classified by the WHO as a variant of concern for COVID-19 on 26 November 2021 (7). Furthermore, more than 128 countries have warned of the rapid spread of the Omicron variant. As the Omicron variant has gained dominance rapidly, cluster infections and breakthrough infections are rapidly increasing. Consequently, South Korea is also experiencing the largest outbreak of infection in history. For example, more than 300,000 confirmed cases per day on average are reported in South Korea. The Omicron variant was designated as a dominant variant by the WHO due to its rapid transmission ability compared to the previously prevalent COVID-19 variants. However, a number of studies (8, 9) have reported that the Omicron variant usually had mild symptoms, a low severity rate, and a low mortality rate. As a result, people also have conflicting opinions on vaccination. People have negative or positive opinions. Negative opinions include the “uselessness of vaccination” raised based on the high breakthrough infection rate among confirmed patients (10). Positive opinions argue that vaccination decreases the risk of serious illness and prevents infection.

News media are criticized for lowering credibility and causing confusion due to reckless reporting caused by excessive competition for breaking news and provocative reporting that promotes fear and hatred. Conversely, social network service (SNS) helps users establish social relationships between them through interaction in the internet space. It also influences the opinions and decision-making of the public directly and indirectly. Since users candidly express their opinions on social media (11), it is a useful source for retrieving information on public opinion (12). Consequently, it can be meaningful to understand the social atmosphere related to vaccination. In other words, as opposed to the media, it has been requested to conduct studies by using sentiment analysis (13), which analyzes people’s emotions, attitudes, evaluations, opinions, etc. through SNS posts that have not been filtered in various ways.

In this study, we collected Twitter data in South Korea that mentioned vaccines after the outbreak of the Omicron variant from 27 November 2021 to 14 February 2022. First, we analyzed the relationship between potential keywords associated with vaccination after the appearance of the Omicron variant in Twitter using network analysis. Second, we developed the best model for predicting the emotion of speech regarding vaccination after the COVID-19 Omicron variant pandemic by using deep learning algorithms, such as support vector machine (SVM), recurrent neural networks (RNNs), long short-term memory models (LSTMs), bidirectional encoder representations from transformers (BERT), and Korean BERT (KoBERT).



Materials and methods


Data collection and analysis period

The data collection period was determined using Google Trends. In Google Trends, when the number of searches is closer to 100, it is interpreted as higher public interest. The data collection period was set from 27 November 2021 (when the volume of searching the Omicron variant began to increase rapidly) to 14 February 2022 because the COVID-19 Omicron variation continued to spread (Figure 1). The data necessary for this study were collected using snscrape, a Python library. For this study, we collected posts containing “Omicron” and “vaccine,” keywords, on Twitter during the collection period and selected 6,561 posts for analysis through data preprocessing.
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FIGURE 1
Trend in the volume of keyword search related to the Omicron variant in South Korean news media (27 November 2021—14 February 2022).




Data preprocessing

Numbers, alphabetical characters, and special characters were removed from the collected data using KoNLPy, a Python library to process Korean natural language. Likewise, we study extracted noun morphemes through Korean morpheme analysis using okt.nouns in the KoNLPy module and removed posts on topics that did not agree with the objective of this study. We study treated words that appeared frequently but were not necessary for the study as stopwords (e.g., people and country). Then, we judged slang and newly coined words (e.g., lol) as expressions of emotions, so they were not excluded in the data cleanup process and included in the data for analysis. Lastly, we recruited experimental groups (each group was composed of five subjects) and labeled the emotion felt from the collected data as negative (–1), neutral (0), or positive (1). The final data were generated by (1) merging the five datasets after labeling and (2) designating the label found most frequently for each sentence as the final emotion. The schematic diagram of this study is presented in Figure 2.
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FIGURE 2
Schematic diagram of this study.




Term frequency–inverse document frequency

The term frequency–inverse document frequency (TF-IDF) weighting model is a way to evaluate the importance of a word in a document for text mining. A word with a higher TF-IDF weight is more likely to determine the subject or meaning of the document it belongs to, and this can be used as a yardstick to extract keywords (14).



LDA topic modeling

Topic modeling is one of the text mining techniques that stochastically extract topics from documents or texts in documents (15). Topic modeling is an analysis technique that extracts topics based on words and automatically extracts specific issues or topics representing the corresponding texts (1). It is useful for analyzing potential topics or issues with news big data (1). The number of topics was determined using the coherence model of the gensim module. The number of topics with the highest coherence score is the appropriate number of topics for topic modeling. We calculated coherence scores, and it was confirmed that four topics were the appropriate number of topics.



Semantic network analysis

Network analysis is also called semantic network analysis. It analyzes by constructing a keyword network to understand the structure of the concepts and symbols in sentences (16). It treats and utilizes a word frequently used in texts as an indicator revealing the nature of discourse (16). We performed network analysis using Ucinet (17) and identified the connection structure between major keywords.



CONCOR

CONCOR analysis is an analysis method for deriving relationship patterns between nodes and is used for structural analysis of relationships in subgroups existing in the network (18). This analysis has the advantage of easily identifying the meaning of each group and the structure of the entire network because it clusters and schematizes the entire semantic network centering on the connectivity between words. We conducted CONCOR analysis using Ucinet (17) and NetDraw (17).



Construction of natural language emotion classification model

We constructed sentiment analysis models regarding vaccination after the COVID-19 Omicron pandemic by using five algorithms (i.e., SVM, RNN, LSTM, BERT, and KoBERT). The order of these algorithms refers to the temporal order of development. This study could analyze and interpret factors, which improved the performance of the high-dimensional computational models that overcome the shortcomings of the previous general models and those of the increased model evaluation scores by developing NLP models using five algorithms because classification models had different aspects in processing natural language. Lastly, we selected the model with the highest performance after comparing and analyzing the predictive performance (e.g., accuracy) of the developed five NLP models. Then, we designed models that could predict emotions by converting negative, neutral, and positive emotions into percentages when an arbitrary sentence was entered.


Support vector machine

The SVM algorithm is a non-stochastic binary linear classification model that determines the category in the new data will fall into based on the given dataset, which belongs to either of the two categories, and defines a decision boundary, which is a baseline for classification between categories (19). This model is designed based on a non-stochastic binary classification model. Due to this characteristic, a binary classification model was designed after completing auto-labeling neutral label sentences into positive or negative based on the KNU sentiment lexicon (20). We adopted PolyKernel, the model with the highest accuracy, by using GaussianKernel, PolyKernel, and LinearKernel, built-in functions of the scikit-learn library.



Recurrent neural network

A RNN is a type of artificial neural network, and it is specialized in processing ordered information like natural language (21). An RNN can process input in the form of a sequence using its internal memory, unlike a forward neural network, because it has a cyclic structure. Therefore, it is a suitable structure for solving natural language processing problems because it can process sequence-type input using internal memory. The structure of an RNN is presented in Figure 3 (22).
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FIGURE 3
RNN structure.




Long short-term memory

LSTM is a model that improves gradient vanishing, gradient exploding, and long-term dependency problems of RNNs. Although LSTM has the characteristics of an RNN, it is different in that it can adjust values by attaching cells, called gates, to the input, forget, and output parts of the RNN. A forget gate decides whether to save previous-state information, an input gate decides whether to save new input information, and an output gate controls the output of an updated cell. The structure of LSTM is presented in Figure 4 (22).
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FIGURE 4
LSTM structure.




Bidirectional encoder representations from transformers

BERT, developed by Google, is a pre-trained language model, and it performs well in various natural language processing fields, such as question and answer and sentence classification. ELMo (23) and GPT (24) are pre-trained language models similar to BERT, and they predict an (N + 1)th word using the preceding N words (25). Although learning was conducted in one direction, BERT uses the encoder part of the transformer, which can use the contexts in both directions (25). It is the difference between them. The learning process of conventional deep learning models and that of BERT are different in that a BERT model pre-trained on a large amount of corpus can be fine-tuned and applied for other tasks. In other words, since a complex specific task with a large amount of computation is processed at the processing stage of BERT, high prediction performance equivalent to a CNN and LSTM can be achieved even in deep learning models such as DNN and RNN, even if the model is not linked to a high-computational model such as CNN or LSTM. Both tokenization and modeling were used in the built-in functions of the pre-trained Transformer-BERT linkage library (tokenizer = BertTokenizer.from_pretrained, model = TFBertModel.from_pretrained). Figure 5 shows schematic diagrams of the BERT overall pre-training and fine-tuning procedures.
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FIGURE 5
BERT pre-training and fine-tuning procedures.




Korean bidirectional encoder representations from transformers model

KoBERT was developed to overcome the limitations in analyzing Korean language of the existing BERT. It learned a large corpus consisting of millions of Korean sentences collected from Wikipedia and news. It improved performance by more than 2.6% using only 27% of the previous amount by applying the data-based tokenization technique to reflect the characteristics of irregular changes in Korean (26). Although the description of KoBERT is different from that of BERT, the structure of KoBERT is not different from that of BERT because it is an improved model that overcomes the decreased accuracy of Korean sentence-based model and Korean incompatibility of the bert-base-multilingual-cased Tokenizer, the tokenizer of BERT.





Results


Frequency of top keyword and term frequency–inverse document frequency analysis

Table 1 shows the top 30 keywords extracted based on the frequency of keywords in the speech data and the top 30 keywords of TF-IDF. The results of frequency analysis confirmed that “Omicron,” “vaccine,” “inoculation,” “COVID-19,” “infection,” “effect,” “vaccine booster,” “spread,” “proof of vaccination,” and “disease control” were derived in the descending order of magnitude. Although it is possible to infer trends and flows based on the top 30 keywords extracted based on frequency, there is a limit to understanding the importance of each keyword solely based on the results of frequency analysis. We analyzed the importance of keywords more accurately by utilizing TF-IDF, which is a technique of assigning importance to each keyword as a weight to supplement this. TF-IDF analysis found inoculation, COVID-19, infection, effect, vaccine booster, proof of vaccination, spread, disease control, confirmed cases, and Pfizer, in the order of magnitude.


TABLE 1    Results of frequency analysis of top 30 keywords and TF-IDF.

[image: Table 1]



LDA topic modeling

Table 2 shows the results of LDA topic modeling. Topic 1 (Omicron) consisted of words expressing the symptoms of the Omicron variant such as influenza and cold, and keywords associated with the disease control system such as the proof of vaccination, disease control, and quarantine, and negative keywords such as fear and fatality. Topic 2 was a “vaccine.” It was composed of words related to the COVID-19 vaccine such as “effect,” “inoculation,” “Pfizer,” “vaccine booster,” “COVID-19,” “prevention,” and “antibody,” and words related to virus variant such as “research,” “variant,” and “Delta.” Topic 3 (“vaccine inequality”) consisted of “worldwide,” “spread,” “inequality,” “helplessness,” and “concern,” which implied that there was a problem of unequal delay in vaccination among countries. The keywords of Topic 4 (“breakthrough infection”) were vaccinated people, inoculation, infection, confirmed cases, breakthrough infection, and vaccine, which indicated that it was composed of words implying “breakthrough infection,” which means those who completed vaccination were infected.


TABLE 2    Results of LDA topic modeling.
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Centrality and network visualization of keywords

Figure 5 shows the visualization results of keywords using network analysis. Since the size of a node expresses the value of degree centrality, it was confirmed that larger sizes of Omicron, vaccine, and inoculation increased degree centrality. The thickness of the line indicates the frequency of co-occurrence. A thicker line means a higher co-occurrence frequency of two words. Figure 6 confirms that the co-occurrence frequency of Omicron and vaccine, that of vaccine and inoculation, that of inoculation and Omicron, and that of effect and vaccine were high.
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FIGURE 6
Visualization of network analysis results.




Results of CONCOR analysis

CONCOR analysis derived four appropriate similarity clusters (Figure 7). The clusters were named based on the derived keywords: Omicron and vaccination status (cluster 1), infection and treatment (cluster 2), vaccine effectiveness and the need for vaccine research (cluster 3), and increase in confirmed cases and deaths (cluster 4). In cluster 1, keywords associated with virus variants such as Omicron, variant, fatality, cold, influenza, and Delta, and those associated with vaccine such as the proof of vaccination, immunity, vaccine, inequality, and inoculation were derived. Cluster 2 showed keywords related to infection statuses such as infection and breakthrough infection, and those related to treatment statuses such as medical care, quarantine, hospitalization, and disease control. Cluster 3 can be inferred as the need for vaccine research on the current virus variant issues from keywords for vaccine effects such as severe symptom, death, prevention, and effect, and keywords such as vaccine booster, Pfizer, research, and necessity. Cluster 4 includes keywords for the current situation in which the number of deaths and confirmed cases was increasing. Table 3 presents keyword factor types based on the CONCOR analysis.
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FIGURE 7
Visualization of CONCOR analysis results.



TABLE 3    Keyword factor types related to Omicron and vaccine based on CONCOR analysis.
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Natural language sentiment classification and the results of predictive models

We set the learning environment to 100 epochs with a batch size of 32 and 20% Test_dataset. Figure 8 shows the label distribution of the data. The results of label distribution analysis confirmed that there were more negative labels than positive labels (363 positive cases, 2,228 negative cases, and 3,970 neural cases).
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FIGURE 8
Frequency of positive labels and negative labels.


Table 4 presents the performance (accuracy, precision, and F1 score) of the five sentiment classification models (KoBERT, BERT, LSTM, RNN, and SVM). KoBERT showed the best performance in accuracy, precision, and F1 score, and SVM had the lowest performance. All measures (i.e., accuracy, precision, and F1 score) of the developed predictive models improved when the algorithm of a model was advanced (e.g., from SVM to KoBERT). KoBERT (highest performance) showed 13.864% higher accuracy, 14.704% higher precision, and 15.84% higher F1 score than the SVM (lowest performance). Unlike other models, the RNN and LSTM did not show a difference in predictive performance. Finally, we designed a model for predicting the emotion of a new sentence using KoBERT, which showed the highest accuracy among these sentiment classification models.


TABLE 4    Performance evaluation results of five sentiment classification models.
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We evaluated the performance of the KoBERT-based sentiment prediction model by entering new speech sentences. Figure 9 shows these results. Speech sentence 1 (“Why do you get vaccinated, yet it is ineffective and has severe side effects?”) was predicted as a negative sentence at a 91.72% probability. It was believed that a new expression such as lol contained negative emotions. Speech sentence 2 (“A vaccine booster helps people withstand Omicron effectively. I hope everyone gets it soon.”) was predicted as a positive sentence, with a 71.25% probability. Speech sentence 3 including slang was predicted as a negative sentence, with a 95.89% probability.
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FIGURE 9
Sentiment prediction result for new speech input of the final sentiment prediction model (KoBERT).





Discussion

Twitter, a social media platform, has more than 320 million users worldwide and generates more than 500 million Tweets per day (27). The information produced through it is important because it has the potential to identify recent social trends and user behavior patterns (28). Therefore, we analyzed the relationship between potential keywords related to COVID-19 Omicron variant and vaccination and developed sentiment classification models for speech related to the Omicron variant pandemic by collecting Twitter data.

The results of topic modeling and CONCOR analysis showed that public opinions about vaccine effectiveness and breakthrough infection were formed on Twitter. Topic 2 of LDA topic modeling (vaccine) and cluster 3 of CONCOR analysis (vaccine effectiveness and the need for vaccine research) derived the same keywords such as effect, Pfizer, vaccine booster, prevention, antibody, and research. It is believed that it is because of people’s fear due to the occurrence of COVID-19 variants such as Delta variant and Omicron variant, as well as the decrease in vaccine efficacy according to the time elapsed after the primary series of the COVID-19 vaccines. Although Ouh et al. (29) reported that the effect that increased after the third COVID-19 vaccine dose began to decrease after 1 month of inoculation, it is difficult to conclude that vaccination was ineffective considering the statistics published by the Korea Disease Control and Prevention Agency (30), which showed that the group that completed the third COVID-19 vaccine dose had a 64–81% higher infection prevention effect, a 70–96% higher severe symptom prevention effect, and 95–99% higher mortality prevention effect.

In particular, breakthrough infection was derived from topic 4 of LAD topic modeling and cluster 2 of CONCOR analysis, where the breakthrough infection was defined as a confirmed COVID-19 case after 14 days from the day of completing vaccination (31). These results are thought to be because the currently prevalent Omicron variant spreads quickly due to its high contagious power and the immunity gained from vaccination or previous COVID-19 infection is less effective due to its immune evasion ability. The European Centre for Disease Prevention and Control (32) confirmed many mutations of the Omicron variant associated with increased transmission and immune evasion after natural infection and vaccination. Moreover, neutralizing antibody responses in sera sampled immediately after infection or vaccination were found to be less effective against the Omicron variant (33). It was also found that neutralizing antibody titers were reduced by up to 45-fold compared to the pandemic founder (33). It was confirmed that breakthrough infection cases were forming public opinions such as the uselessness of COVID-19 vaccines after the spread of the Omicron variant, which argued that vaccination was meaningless. However, from a different perspective, it may be a natural phenomenon that vaccinated people get COVID-19 more than unvaccinated people because more people are completing COVID-19 vaccination (34). In addition, Buchan et al. (35) evaluated the effect of vaccination on the Omicron variant and showed that the prevention effects of two doses against the Omicron variant decreased over time. However, they revealed that three doses of vaccine (booster shot) were effective in preventing the Omicron variant transmission. Therefore, it is expected that additional vaccination will be helpful to prevent the spread of COVID-19 variants. As such, conflicting opinions on vaccination on social media may create social anxiety and turmoil, and it also may exacerbate the public’s negative perception of vaccination. Although the results of this study inferred the reason for distrust in the efficacy of COVID-19 vaccination, it is still needed to analyze and share accurate information to alleviate negative factors such as public anxiety about vaccination.

We compared the predictive performance of the five sentiment classification models and confirmed that their accuracy was different according to the order of algorithm’s advancement (in the order of SVM, RNN, LSTM, BERT, and KoBERT). Especially, we confirmed that the difference in predictive performance between the SVM and RNN was the largest in this study because the SVM focused on binary classification and the SVM classification model was not linked to neural network computation. On the other hand, among deep learning models, the predictive accuracy of BERT was 5% higher than that of the RNN or LSTM. It was because the pre-trained natural language processing performed better in classifying actual speech. In other words, BERT showed faster and more accurate sentiment classification performance than the RNN and LSTM that were trained with a limited dataset in this study because BERT had more sophisticated embedding and induced more efficient computational processing than the RNN and LSTM, which were based on pre-training and computation. Moreover, in this study, KoBERT had 5% better predictive performance than BERT. It could be because although BERT and KoBERT are pre-training-based modes, the structure of the pre-trained text corpus and the corresponding tokenizer were optimized for learning Korean, and they performed better when the language is “Korean.” It is required to conduct more studies using BERT and KoBERT to understand the predictive performance of pre-trained-based models in actual speech including newly coined words.

Another finding of this study was that there was little difference in predictive performance between the RNN and LSTM. The LSTM is developed by improving gradient vanishing, gradient exploding, and long-term dependency problems of the RNN. Many previous studies (36–39) reported that it had superior predictive performance to the RNN. Nevertheless, it was found that the accuracy of the RNN and that of the LSTM were 62.24 and 62.89%, respectively. It could be explained in two ways. First, it was believed that there was no difference in accuracy between the RNN and LSTM because the long-term dependency problem rarely occurred. It was because speech data had short and simple sentence structures due to the character limit of “Twitter,” the data source of this study. Second, it contained more slang, newly coined words, and abbreviations (e.g., A.K.A.) due to the nature of speech in Twitter reflecting colloquial language compared to media and government announcements that showed a systematic structure and refined word choice of literacy language. As a result, the order of words did not contribute to semantic interpretation. Consequently, predictive performance was not different between the RNN and LSTM. Therefore, more studies are needed to examine deep learning-based NLP models targeting a corpus of various languages.

The importance of this study was to analyze people’s opinions about COVID-19 vaccination after the emergence of the COVID-19 Omicron variant in South Korea by conducting topic modeling and semantic network analysis using Twitter data. We also proved that pre-trained language models such as KoBERT greatly improved performance compared to the conventional RNN and LSTM, and presented basic data for the development of a future sentiment predictive model by comparing the performance of five sentiment classification models using unstructured data, which were meaningful results. The limitations of this study were as follows: First, Twitter limits the characters of the posting to 140. It has the advantage of maintaining the conciseness of the message, but at the same time, it may make it difficult to understand the message due to the use of abbreviations. Second, the results of this study could not be generalized and interpreted as general characteristics for the COVID-19 Omicron variant because this study used Tweets generated only for 3 months. It is necessary to continue monitoring because the Omicron variant is still ongoing. Also, in future studies, additional analysis including not only Twitter but also other social media is needed. Third, since the young generation mainly uses Twitter, the results of this study may not reflect the characteristics of the elderly who do not use Twitter. Fourth, the y-class of this study data (positive, negative, neutral) showed the characteristics of unbalanced data. Therefore, the unbalanced distribution of the y-class could play a key role in increasing the loss in processes such as weight selection in the learning process of the five NLP models. Particularly, there were more negative or neutral expressions than positive expressions due to the nature of an infectious disease or disaster—COVID-19. Fifth, due to the nature of the colloquial-oriented Twitter, the accuracy of predicting neutral or positive expressions is not high. It is believed that Tweets containing a negative characteristic could be classified confidently because they included strong negative meanings such as slang and direct wording (e.g., “not effective”). However, positive Tweets often contained neutral expressions, so it could make classification difficult. Future studies are needed to evaluate algorithms that can overcome the limitations associated with unbalanced data in embedding and weight selection calculation to improve the performance of NLP models that analyze colloquial speech such as Twitter.



Conclusion

We performed topic modeling on Twitter users regarding the vaccination after the emergence of the COVID-19 Omicron variant by using Twitter data. The results confirmed that expectation, distrust, and anxiety regarding the efficacy of the vaccination coexisted: “Omicron,” “vaccine,” “vaccine inequality,” and “breakthrough infection.” Moreover, we developed sentiment classification models using five algorithms. The results confirmed that KoBERT showed the best performance (71%) in all predictive performance indicators (accuracy, precision, and F1 score). It is necessary to prepare measures to alleviate the negative factors of the public about vaccination in the long-term pandemic situation and help the public recognize the efficacy and safety of vaccination by using big data based on the results of this study.
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Introduction: To effectively manage patients with coronavirus disease 2019 (COVID-19) while minimizing contact between medical staff, clinical trial protocol that facilitates contactless patient management was designed to predict deterioration of disease condition and monitor mental health status.

Methods: Through consultation with infectious disease specialists and psychiatrists, this study identified main clinical indicators related to respiratory and non-respiratory outcomes, and mental health. Telehealth devices that could collect relevant data indicators were explored. The following three modes were identified: wearable devices, video calls, and online questionnaires. Clinical trial protocol was implemented to patients confirmed with COVID-19 infection and admitted to Seongnam residential treatment centers between September 1, 2021 and December 30, 2021. Data were collected from wearable devices, video calls, online questionnaires, and from electronic health records. Participant satisfaction was assessed through an online survey at the time of discharge.

Results: In total, 120 asymptomatic and mildly symptomatic COVID-19 patients participated in this trial. Seven types of physiological and life log data were collected from 87 patients using wearable devices, video and audio recordings, and online mental health-related questionnaire. Most participants were satisfied with the overall trial process, but perceived difficulties in using telehealth devices.

Conclusion: This trial collected simultaneously generated multimodal patient data using various telehealth devices in a contactless setting for COVID-19 patients. Data collected in this study will be used to build a remote patient management system based on the prediction algorithms.

KEYWORDS
  COVID-19, telemedicine, clinical trial, wearable electronic devices, video recording


Introduction

The emergence of the coronavirus disease 2019 (COVID-19) pandemic in early 2020 created unprecedented challenges in healthcare. According to the World Health Organization (WHO), as of January 16, 2022, over 323 million COVID-19 cases and over 5.5 million deaths attributable to the disease have been reported worldwide (1). In South Korea, as of January 25, 2022, a total of 749,979 patients have been diagnosed with COVID-19 infection with 6,588 subsequent mortalities (2). The emergence of the Omicron variant further raised global concern with the exponential increase in number of the patient load (3). In response to the changing environment, the global healthcare system is rapidly adopting telehealth and/or artificial intelligence based technologies. There are several reports on designing a contactless clinical trial employing a remote patient monitoring (RPM) program using digital applications and devices for ambulatory management of COVID-19 patients (4, 5). The data collected from the telehealth trial designs are analyzed using machine learning algorithms and used for early detection of disease or prediction of patient condition deterioration (6).

South Korea has been managing COVID-19 patients with a strict restriction (7, 8). In the early stages of the COVID-19 pandemic, all patients diagnosed with COVID-19 in South Korea were hospitalized in negative-pressure isolation units for the treatment of the disease and prevention of the infection spread. However, as the number of COVID-19 infected patients exceeded the number of available negative-pressure isolation beds, the government of South Korea started operating residential treatment centers (RTCs) to provide quarantine, regular examination, and monitoring for asymptomatic and mildly symptomatic patients with laboratory-confirmed COVID-19 infection since March, 2020 (9). At RTCs, asymptomatic and mildly symptomatic patients with COVID-19 are safely isolated and monitored by medical staff through a contactless operating process. Telemedicine was not legally permitted in South Korea based on various reasons with the highest level of access to health care in the world being one of them. However, it was temporarily allowed owing to the highly infectious nature of SARS-CoV-2 and the need to minimize infection risk among healthcare providers at the RTC. Therefore, asymptomatic and mildly symptomatic patients admitted to the RTC independently measured their vital signs and undertook telemedicine consultations, thereby minimizing the contact between healthcare providers and patients.

Seoul National University Hospital (SNUH) has operated four RTCs in cooperation with the government's RTC operating policy. SNUH has been leading the RTC operation and, as detailed in a previous study, shared institutional experience in implementing information and communications technology (ICT)-based remote patient management systems at a COVID-19 RTC following the pre-designed clinical pathways (10). The ICT-based system has various functions such as cloud-based medical image sharing at patient's admission and transfer, communication through mobile apps and wearable monitoring devices for remote consultation, provision of electronic health record templates in hospital information systems (HISs), dashboards for patient monitoring, and an e-prescription system. In a recent report, SNUH demonstrated that implementation of telemedicine and wearable devices was useful and satisfactory for both COVID-19 patients and healthcare providers to manage clinically healthy COVID-19 patients during the pandemic crisis (11).

To effectively manage patients while minimizing their contact with the medical staff, SNUH has expanded the use of telemedicine and designed a clinical trial based on contactless healthcare facilitation for continuous monitoring and management of mild COVID-19 patients admitted to RTCs. As COVID-19 is a respiratory disease, patients with confirmed diagnosis or suspected of infection must undergo strict quarantine. Such measures may cause mental health challenges to the patients (12). While under quarantine at the designated RTC's, multimodal data such as patient's physiological data, life log data, voice data, video data, and mental health-related data have been collected through various telehealth devices and software. Collected data serve as a basis for prediction algorithms under development for factors such as abnormal symptoms presentation, patient condition and mental health deterioration. Finally, final goal of the on-going project is to build a remote patient management system at RTC for infectious diseases using telehealth based on the predictive algorithms. In this study, we will introduce the experience of developing and conducting a contactless clinical trial protocol using telehealth for COVID-19 patients at an RTC.



Methods


Setting

The RTC at Seongnam city in Gyeonggi province, South Korea is the fourth RTC set up by SNUH under the government's guideline. The RTC equipped with 334 beds operated from July 2021 to April 2022. A total of 34,125 COVID-19 confirmed patients had been admitted to this RTC. Three medical doctors and nine nurses were dispatched to this RTC daily.

Eligible participants were patients admitted to Seongnam RTC, tested positive for COVID-19 through real time polymerase chain reaction (RT-PCR) but were asymptomatic or with mild symptoms. The ICT-based patient management system in Seongnam RTC was built based on the experiences from the first RTC operated at Mungyeong (10). Patients self-reported their vital signs and subjective symptoms through a mobile app. These data were automatically interfaced to the semi-structured electronic health records (EHR) template designated for mildly symptomatic COVID-19 patients in the HIS at SNUH. Patients were considered clinically healthy if their vital signs were stable (blood pressure, heart rate, and oxygen saturation within normal limits) and if they were afebrile and asymptomatic or had mild COVID-19 related symptoms. According to the latest guidelines of the Korea Disease Control and Prevention Agency, patients can be discharged from the RTC after 7 days of quarantine, if there were no clinical issues of concern.



Development of the contactless clinical trial protocol

The contactless clinical trial protocol was designed employing various telehealth devices and software available for monitoring asymptomatic and mildly symptomatic patients with COVID-19. The main clinical indicators related to respiratory and non-respiratory outcomes and mental health were identified initially through consultation with infectious disease specialists and psychiatrists, respectively. Pneumonia was nominated as a primary respiratory clinical outcome to detect any deterioration in the patient condition. Loss of taste and smell were identified as the primary non-respiratory outcomes to detect unpredicted complications. Depression, anxiety, stress, and insomnia were identified as primary outcomes to detect mental health status.

Telehealth devices equipped with relevant data indicators collection function were explored. Final modes identified were wearable devices, video calls, and online questionnaires. Wearable devices were used to collect physiological and life log data to predict infection and deterioration of patient condition. Video calls were used to collect voice and video data while online questionnaires were used to collect self-reported data for predicting mental health status.

To collect patients' physiological and life log data, seven wearable devices including three wrist bands and four electronic patch thermometers were reviewed (Supplementary Table 1). According to previous research, body temperature, heart rate, and oxygen saturation have been identified as predictors of severe COVID-19 infection (13, 14). Therefore, we explored whether these data can be accurately collected on the wearable devices. Five researchers and research assistants tested wearable devices for a week. The final selection was made through a group discussion and was based on the type of collectable data, accuracy, data accessibility, price, and usability. Two types of wrist bands, namely Fitbit Charge 4 (Fitbit Inc., San Francisco, CA, USA) and Garmin Venu sq (Garmin Inc., Kansas, USA), and an electronic patch thermometer, namely mobiCARE+Temp MT100D (Seers Technology, Korea) were selected. The Fitbit Charge 4 monitors and collects patients' heart rate (HR), heart rate variability (HRV), respiratory rate (RR), blood pressure (BP), body temperature (BT), stress, physical activity, and sleep data. The Garmin Venu sq monitors and records HR, HRV, RR, oxygen saturation (SpO2), physical activity, and sleep data. The mobiCARE+Temp MT100D monitors BT. In protocol, wearable device and electronic patch thermometer was designed to be worn 24 h a day from admission to discharge except for the charging time. To minimize the data loss, research assistants monitored the data collection status in real time.

Video calls were conducted using ZOOM (Zoom Video Communications, CA, USA), an online video conferencing platform. The patients were asked to read emotion-evoking words and sentences. Video and audio data were collected by recording the call. In total, eight emotion-evoking words (elasticity, firecracker, comet, top, sudden death, resentment, unfair, and disaster), two emotion-evoking sentences (“I feel depressed and hopeless” and “I consider myself as a strong person who copes well with life's challenges and adversity”), two non-emotional statements (“The RTC is a non-smoking facility” and “Meals are distributed as scheduled”) were identified following the advice of psychiatrists. Video call scenario was developed to smoothly implement a Zoom video call with participants. The video calls were conducted once a day during workdays in protocol. Duration of each call was approximately 4 min.

Online questionnaires were designed and available online using Google Forms (Google, CA, USA), an online survey administration software. Scales chosen to examine the patient's mental status were patient health questionnaire 9 (15), the stress questionnaire for Korean National Health and Nutrition Examination Survey: short form (16), the generalized anxiety disorder scale 7 (17), the insomnia severity scale (18), and the Connor-Davidson resilience scale (19). In protocol, questionnaires were distributed four times: on the day of admission, on the 7th day of admission, on the day of discharge, and 1 month after the discharge.

In addition, patient's clinical data, such as medical records including diagnosis, past medical history, symptoms, nursing notes, and test results for chest X-ray and SARS-CoV-2 PCR were extracted from the SUPREME, clinical data warehouse (CDW) at SNUH.

Brochures and posters were developed to inform patients on the study and recruitment process (Supplementary Figures 1, 2). Clinical trial protocol was developed following the advice from clinical specialists and nurses at RTC. Four simulations were conducted by four research assistants prior to the clinical trial implementation. This study was approved by the Institutional Review Board of SNUH (IRB Number: H-2107-049-1233).



Implementation of contactless clinical trial

The contactless clinical trial protocol was implemented to patients with confirmed COVID-19 diagnosis and admitted to Seongnam RTC between September 1, 2021 and December 30, 2021. Two collection types were conducted; in Type A, data were collected from wearable devices, video calls, and online questionnaires whereas in Type B, data were only collected from video calls and online questionnaires. Video calls were collected only during working day. An additional online survey on satisfaction with the overall clinical trial process was completed by the participants of the trial at the time discharge from the RTC. In this survey, participants rated the perceived usefulness, perceived ease of use, appropriateness of wearing the device or duration of wear, willingness to use the devices for managing future infectious diseases, and overall satisfaction with the study using a 5-point Likert scale scored as follows; strongly disagree (1), disagree (2), undecided (3), agree (4), and strongly agree (5). The questionnaires were administered using Google Forms. Participants could access questionnaires through a URL and were able to complete the survey irrespective of time and place, thereby ensuring privacy and honesty. Online survey results were analyzed using IBM SPSS (version 25.0, SPSS, Chicago, IL, USA). The results were analyzed using descriptive analysis tests and were presented as percentages, means, and standard deviations.




Results


The contactless clinical trial for COVID-19 patients

An overview of the clinical trial using telehealth for patients with COVID-19 is presented in Figure 1. A clinical trial was designed based on contactless healthcare facilitation for continuous monitoring and management for patients with mildly symptomatic COVID-19 quarantined at the RTCs. The multimodal data including patient's physiological data, life log data, voice and video data, and online questionnaires was collected through wearable devices, video calls, and online survey administration software. Additionally, patient's clinical findings collected from EHR in the HIS were extracted from the CDW at SNUH. Using this collected data, RPM system based on prediction algorithms are being developed to predict deterioration of patients' condition and presenting incidence of mental health problems or abnormal symptoms. The final goal of the research project is to implement a RPM system for infectious diseases based on the predictive algorithms developed.


[image: Figure 1]
FIGURE 1
 Clinical trial overview.


The contactless clinical trial for patients with COVID-19 developed in this study was conducted as two parallels; Type A involved wearable devices, video calls, and online questionnaires, whereas Type B involved video calls and online questionnaires without wearable device. The potential participant was asked to choose the accrual type. The elements and processes involved in the clinical trial for patients with COVID-19 are presented in detail in Table 1 and Figure 2.


TABLE 1 Elements of the contactless clinical trial using telehealth devices and software.
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FIGURE 2
 Detailed process of the trial.




General characteristics of the study participants

General characteristics of the 120 participants in this trial are presented in Table 2. The mean age was 40.29 ± 13.93 years. Of the 120 participants, 62 (51.7%) were male and 99 (82.5%) chose type A collection. The mean length of admission at the RTC was 7.63 ± 1.83 days. The mean duration of wearable device use was 6.10 ± 2.03 days, and the mean number video call were 3.95 ± 1.28. A total of 102 participants completed the online survey on level of satisfaction with the overall trial. General characteristics of the online survey are presented in Supplementary Table 2.


TABLE 2 Patient characteristics.
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Collected data from the study

Table 3 presents the results of the collected data. In total, 238.8 MB of seven types of physiological and life log data for 100 COVID-19 patients including HR, HRV, RR, SpO2, BP, BT, physical activity, and sleep data were collected from the wearable devices, and 3.37 GB of video and audio data for 120 COVID-19 patients were collected from video calls. Furthermore, 150 MB of mental health-related data including findings on depression, anxiety, stress, insomnia, and resilience was collected from 120 COVID-19 patients through the online questionnaire. In total, 40 patients used Fitbit Charge 4, 59 patients used Garmin Venu and mobiCARE with Temp MT100D monitors, and 120 patients participated in video calls and online questionnaires.


TABLE 3 Multimodal data acquisition with wearable devices, video calls, and online questionnaires.

[image: Table 3]



Satisfaction with the overall process

Table 4 presents results of the online survey on participants' satisfaction with the overall trial process. Among those who wore wearable devices, overall satisfaction with the device had the highest score at 3.56 ± 1.66 points out of 5, followed by perceived appropriateness of wearing time (3.53 ± 1.74), and willingness to use a wearable device for managing infectious diseases in the future (3.39 ± 1.71). Among those who participated in video calls, perceived appropriateness of video call duration had the highest score at 4.51 ± 0.71 points out of 5, followed by overall satisfaction with video calls (4.33 ± 0.65), and willingness to use a video call to manage infectious diseases in the future (4.23 ± 0.90). In both groups, the items for perceived ease of use were scored lowest (2.85 ± 1.61 and 2.38 ± 1.34 in wearable devices and video call groups, respectively). Cronbach's alpha of the survey was 0.836.


TABLE 4 Results of the online survey on satisfactory level of overall process.

[image: Table 4]




Discussion

The contactless clinical trial protocol using telehealth for monitoring asymptomatic and mildly symptomatic COVID-19 patients was designed and implemented at an RTC in Seongnam operated by SNUH. COVID-19 is a newly detected and defined infectious disease, and little evidence is available regarding worsening of its signs and symptoms. To overcome this knowledge gap, we designed this study to collect multimodal data through a contactless setting and utilize both prospective and retrospective data to develop an algorithm for predicting physical and mental health status of patient. In total, 120 asymptomatic and mildly symptomatic COVID-19 patients participated in this trial. Three types of wearable devices, a video conference solution software, and an online survey administration software were employed. Therefore, we collected seven types of physiological and life log data including HR, HRV, RR, SpO2, BP, BT, physical activity, and sleep data for 87 patients from wearable devices and video and audio recordings and mental health-related data including findings on depression, anxiety, stress, insomnia, and resilience for 120 patients from an online questionnaire. The overall satisfaction with wearable devices was scored at 3.55 ± 1.66 points and that with video calls was scored at 4.33 ± 0.65 points in a scale of 5, respectively.

There are several strengths associated with the contactless clinical trial protocols developed for this study. First, the target subjects of the study were asymptomatic and mildly symptomatic COVID-19 patients at an RTC in South Korea. Previous studies have emphasized that the COVID-19 pandemic requires clinical trials to find alternatives to in-person visits to clinical sites (5, 20) and utilization of existing RPM system with its operational infrastructure and clinical resources (4, 21, 22). Telehealth has been successfully applied as an alternative to in-person visits for patients with specific diseases such as diabetes, mental disorder, and cancer (23–29). However, there has been little attempt to apply telehealth practices to COVID-19 patients. Considering the emergence of highly infectious viral variants and subsequent rapid increase in confirmed cases, the contactless clinical trial protocols using telehealth developed in this study for RTCs can be extended and applied to home-based trials in the near future.

Second, the study collected patient generated multimodal data simultaneously using various telehealth devices and software through a contactless setting. While previous studies have explored the use of wearable devices for monitoring disease condition in COVID-19 patients (6, 30, 31), limited studies have extracted multimodal data simultaneously using this contactless approach. A continuous and simultaneous collection and monitoring of multimodal data can help to improve patient care through earlier initiation of treatment and infection control. Of note, our experience can contribute to clinical research by suggesting means of collecting various healthcare data without face-to-face interaction. Through the suggested protocols, willing patients can voluntarily participate in clinical trials and provide relevant data continuously without visiting the institution, potentially increasing the risk of the disease spread during the process and even placing increased risk to healthcare providers.

Third, the use of various telehealth devices and software helped to overcome the barrier to patients' participation in both treatment and trial accrual while complying with the healthcare providers' infection control measures. Patients were able to verify their disease status through consultation and vital sign monitoring despite severe relevant symptoms, such as fever, headache, or even dyspnea. Therefore, any deterioration could be quickly identified and required countermeasures could be provided, timely. It was mandatory for healthcare providers be suited with a complete set of personal protective equipment for safety reasons. Thus, using telehealth devices and software reduced the physical burden on the patient by providing timely treatment and also ensured the safety of the involved medical staff by avoiding unnecessary face-to-face visits to the patients. This was reflected in the high patient satisfaction score found in this study which is consistent with the results of a previous study (11). Furthermore, the telehealth approach to monitoring is expected to reduce dropout rate from trial among accrued participants, increase the generalizability of results, and reduce the cost of trials.

Meanwhile, current study results showed that although the participants were satisfied with the trial procedures. However, as reflected in the online survey, satisfactory level on perceived ease of use for wearable devices and video calls were 2.85 and 2.38, respectively, which were much lower than other questions. As study participants were quarantined individually at RTC following the RTC operating policy, in-person guidance, either by family members, care providers on the device usage was technically not feasible. So, for participants who are not accustomed to the telehealth devices, additional repetitive education on the device usage and feedbacks were provided by the research assistants through phone calls or video calls. Additional monitoring was carried out, also by research assistants, in real time on the proper usage of the applied devices to minimize the targeted data loss. These results suggest that the duration, frequency, and content of educational material should be modified according to the patient's age, education level, and digital literacy level. A technological coordinator would help to address these implementation issues in future contactless clinical trials using telehealth. A role of a technical coordinator in conducting such trial process as suggested by previous studies (11, 32, 33), could be preparing, helping, and encouraging the patient to ensure data quality and prevent data loss in implementing a contactless clinical trial. Future research is required to introduce a technical coordinator when designing a contactless trial for effective and high-quality data collection.
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Coronavirus disease 2019 (COVID-19) has become a vast burden on public health and socioeconomics in West Africa, but the epidemic situation is unclear. Therefore, we conducted a retrospective analysis of the positive rate, death rate, and diversity of SARS-CoV-2. As of March 31, 2022, a total of 894,813 cases of COVID-19 have been recorded, with 12,028 deaths, both of which were distributed in all 16 countries. There were four waves of COVID-19 during this period. Most cases were recorded in the second wave, accounting for 34.50% of total cases. These data suggest that although West Africa seems to have experienced a low and relatively slow spread of COVID-19, the epidemic was ongoing, evolving with each COVID-19 global pandemic wave. Most cases and most deaths were both recorded in Nigeria. In contrast, the fewest cases and fewest deaths were reported, respectively, in Liberia and Sierra Leone. However, high death rates were found in countries with low incidence rates. These data suggest that the pandemic in West Africa has so far been heterogeneous, which is closely related to the infrastructure of public health and socioeconomic development (e.g., extreme poverty, GDP per capita, and human development index). At least eight SARS-CoV-2 variants were found, namely, Delta, Omicron, Eta, Alpha, Beta, Kappa, Iota, and Gamma, which showed high diversity, implicating that multiple-lineages from different origins were introduced. Moreover, the Eta variant was initially identified in Nigeria and distributed widely. These data reveal that the COVID-19 pandemic in the continent was co-driven by both multiple introduced lineages and a single native lineage. We suggest enhancing the quarantine measures upon entry at the borders and implementing a genome surveillance strategy to better understand the transmission dynamics of the COVID-19 pandemic in West Africa.
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Background

Coronavirus disease 2019 (COVID-19) is caused by Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2), which has caused a large global outbreak and is a major public health concern (1). Due to alarming levels of spread and severity, on March 11, 2020, the World Health Organization (WHO) declared the outbreak as a global pandemic. As of March 31, 2022, COVID-19 has affected 225 countries and territories, and 487,232,852 cases of COVID-19 have been recorded, with 6,163,223 cases of death and 422,461,956 recoveries worldwide (https://www.worldometers.info/). Moreover, 11,756,052 cases of COVID-19 have been recorded, with 252,811 cases of death and 10,975,288 recoveries, in Africa, of which the confirmed cases and deaths accounted for 2.4 and 4.1%, respectively. Most of the initial COVID-19 cases in African countries were imported cases from Europe (2). Around January 28, 2020, Nigeria (NGA) announced sub-Saharan Africa's first confirmed case of COVID-19 (3), and the remaining 15 West African countries detected their first cases all in March 2020. West Africa is the most underdeveloped area in Africa. The region includes nine of the 25 poorest countries in the world (4). These countries have poorly resourced healthcare systems; so, a rapid increase in the number of cases could quickly overwhelm the already vulnerable healthcare systems (5, 6). Moreover, HIV, tuberculosis, and malaria are the three most important infectious diseases in West Africa. With the fragile economic conditions and healthcare systems in the region, intervention measures such as lockdown and quarantine can be more catastrophic than the disease itself (7). The COVID-19 pandemic resulted in disruptions of routine healthcare services and diversion of the already limited available resources in West Africa (8). Extreme poverty is rising in West Africa due to the COVID-19 pandemic and preventive measures (such as border closures and movement restrictions) deteriorating the economic situation, which adversely affected the income, access to healthcare services, and food security and drove prices up (9). Currently, more than 25 million people in West Africa are unable to meet their basic food needs, an increase of 34% compared to 2020 (10). Therefore, a comprehensive analysis of the pandemic spread patterns and the diversity of SARS-CoV-2 variants is essential to achieve a better balance, maintain social order, and keep the pandemic under control in West Africa.

A systematic interpretation of COVID-19 data will aid us to better understand the spread patterns and scale of the pandemic and will contribute to the formulation of targeted measures to mitigate the negative effects on health and stabilize the socioeconomic system (11, 12). The purpose of this study was to describe the epidemiological profile of COVID-19 and variant diversity in West Africa in order to generate evidence to further enhance planning and response strategies to further guide epidemiological interventions and the allocation of scarce resources based on the disease patterns.



Methods


Ethics statement

This study was supported by the China–Sierra Leone Biosafety Laboratory Technical Cooperation Project (Phase III) and was approved by the Commission of Ethics and Science Censor of the Sierra Leone Ministry of Health and Sanitation. Our survey adhered to the medical ethics of domestic laws and regulations.



Data source, data processing, and wave definition

In our study, epidemiological data and information with respect to related social factors (e.g., reproduction rate (Rt) and stringency index) of COVID-19 in West Africa were extracted from a public COVID-19 surveillance dataset website, “Our World in Data” (https://ourworldindata.org/covid-cases), from March 2020 to March 2022. Data on SARS-CoV-2 variants from each country in West Africa were also obtained from a public database (https://www.gisaid.org/). The acquired data were then cleaned, processed, and analyzed using Microsoft Excel 2016 (Redmond, Washington, USA) and cross-checked by two trained qualified healthcare workers. The death rate was calculated using the following formula: death rate = deaths/confirmed cases × 100%. The month-average values of Rt and stringency index were calculated and then used for epidemic trend analysis. Subsequently, a systematic variables correlation analysis (Pearson correlation coefficient) was conducted by ChiPlot (https://www.chiplot.online/#Line-plot) to evaluate the association between sociodemographic factors (e.g., Rt, extreme poverty, Gdp per capita, and human development index, and age) and cases (confirmed cases and deaths). A p-value < 0.05 was considered statistically significant.

We used the study variable “wave,” which refers to a rising number of COVID-19 cases that has a specific peak and then declines. The waves were classified in this study as follows: the first wave, from March 2020 to September 2020; the second wave, from October 2020 to May 2021; the third wave, from June 2021 to October 2021; and the fourth wave, from November 2021 to March 2022.




Results


Epidemiological profile of COVID-19 in West Africa

As of March 31, 2022, a total of 894,813 cases of COVID-19 were recorded, with 12,028 deaths in all 16 countries in West Africa (Figure 1). There were four large waves of COVID-19 in West Africa during this period (Figure 1). The first wave was from March to September 2020; the second wave was from October 2020 to May 2021; the third wave was from June to October 2021; and the last wave was from November 2021 to March 2022. The numbers of confirmed cases in these four waves were 184,658, 308,698, 206,924, and 194,533, respectively. The second wave was the largest, accounting for 34.50% (308,698/894,813). Based on the month, the largest numbers of cases (n = 105,561) were reported in January 2022, and the lowest numbers were recorded in March 2020 (n = 1,061), with an average of 35,793 cases per month (Figure 1). The numbers of death cases in the four waves were 2,783, 3,947, 3,728, and 1,570, respectively, accounting for 32.82% of all deaths, with the largest number of death cases in the second wave and the lowest number in the fourth wave. Moreover, the largest number of death cases (n = 1,656) was noted in August 2021, while the lowest number was recorded in March 2020 (n = 31) (Figure 1).


[image: Figure 1]
FIGURE 1
 Evolution of cases and deaths in West Africa from March 2020 to March 2022.




Geographic distribution of cases and deaths in West Africa

Both confirmed cases and fatal cases were reported in all 16 countries in West Africa, and almost all countries experienced a four-wave COVID-19 epidemic (Figure 2). The numbers of confirmed COVID-19 cases from low to high were 7,526 in Liberia (LBR), 7,674 in Sierra Leone (SLE), 8,149 in Guinea-Bissau (GNB), 8,805 in Niger (NER), 12,088 in Gambia (GMB), 20,853 in Burkina Faso (BFA), 27,161 in Benin (BEN), 30,484 in Mali (MLI), 36,459 in Guinea (GIN), 36,939 in Togo (TGO), 55,952 in Cabo Verde (CPV), 58,668 in Mauritania (MRT), 81,775 in Côte d'Ivoire (CIV), 85,895 in Senegal (SEN), 160,971 in Ghana (GHA), and 255,414 in NGA (Figure 3) (Supplementary Table S1). Accordingly, the numbers of deaths from low to high were 125 in SLE, 163 in BEN, 170 in GNB, 272 in TGO, 294 in LBR, 308 in NER, 365 in GMB, 382 in BFA, 402 in CPV, 440 in GIN, 727 in MLI, 796 in CIV, 982 in MRT, 1,445 in GHA, 2,104 in SEN, and 3,143 in NGA (Figure 3) (Supplementary Table S1). The largest numbers of positive and fatal cases were recorded in NGA, whereas the lowest numbers were reported in LBR and SLE, respectively (Figure 3). Generally, higher crude fatal rates (CRFs) were identified in the countries with relatively few reported positive cases, with the lowest in BEN (13.091) and the highest in CPV (713.649) (Figure 4).


[image: Figure 2]
FIGURE 2
 Epidemiological trends in the 16 countries in West Africa from March 2020 to March 2022.
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FIGURE 3
 Distribution profile of the cases and deaths in West Africa.
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FIGURE 4
 Comparative analysis of the total of the cases and deaths per million in 16 countries in West Africa.


Based on the number of cases per million inhabitants, both the highest incidence and the highest death rate were recorded in CPV (99,494.395 and 713.649), and the lowest were recorded in NER (349.412 and 12.256) (Figure 4). The incidence rates in other regions were ordered from high to low as follows: MRT (12,284.115), GHA (5,064.772), SEN (4,989.269), GMB (4,810.335), TOG (4,346.892), GNB (4,002.997), CIV (3,016.12), GIN (2,698.849), BEN (2,134.361), MLI (1,458.592), LBR (1,426.97), BFA (965.293), and NGA (1208.199), BFA (965.293) and SLE (941.737) (Figure 4). However, there were obvious fluctuations in different countries in the total number of deaths per million inhabitants; high incidence and low death rates were observed in GHA and TGO, but low incidence and high death rates were observed in LBR, GNB, and GMB (Figure 4).



The correlation between epidemics indexes (cases and deaths) and 17 sociodemographic factors

Both of number of cases and number of deaths have significant correlation with population (CC ≥ 0.82, p < 0.005), handwashing facilities (correlation coefficient (CC) ≥ 0.62, p < 0.05), GDP per capita (CC ≥ 0.58, p < 0.05), and Rt (CC ≥ 0.54, p < 0.05) (Figure 5). In the initial phase of the COVID-19 pandemic, Rt was higher than 1.0 in 12 West African countries and lower than 1.0 in the remaining four countries, such as CPV (0.77), TGO (0.8), LBR (0.88), and SEN (0.93) (Supplementary Table S2). By March 31, 2022, only four countries showed relatively high Rt values (>1.0), i.e., NGA (Rt = 1.11), SEN (Rt = 1.06), TGO (Rt = 1.09), and MRT (Rt = 1.02) (Supplementary Table S2). The highest Rt values were frequently observed before every wave of COVID-19 in 15 countries, except for BEN. The Rt values in the early stages of the four waves in NGA were 1.496 (April 2020), 1.3145 (December 2020), 1.443 (July 2021), and 1.397 (December 2021) (Figure 6A). In GHA, the Rt values in the early stages of the four waves were 1.52 in April 2020, 1.26 in January 2021, 1.28 in July 2021, and 1.22 in December 2021 (Figure 6B), while those in SEN were 1.332 in April 2020, 1.401 in December 2020, 1.5484 in July 2021, and 1.863 in December 2021 (Figure 6C). However, the highest Rt value (1.09875) in BEN was recorded in May 2020, and it was low (< 1.0) by March 2022 (Figure 6D). Additionally, both of total of cases per million and the total of deaths per million had an obvious correlation with human development index (CC ≥ 0.65, p < 0.05), life expectancy (CC ≥ 0.68, p < 0.05), hospital beds per thousand (CC ≥ 0.86, p < 0.05), extreme poverty (CC ≥ 0.58, p < 0.05), GDP per capita (CC ≥ 0.60, p < 0.05), median age (CC ≥ 0.80, p < 0.05), aged 65 older (CC ≥ 0.77, p < 0.05), and aged 70 older (CC ≥ 0.90, p < 0.05) (Figure 5).
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FIGURE 5
 The correlation between epidemics indexes (cases and deaths) and 17 sociodemographic factors. Note: TCPM, total of cases per million; TDPM, total of deaths per million.
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FIGURE 6
 Dynamic fluctuation of Rt value in four countries (A) (NGA), (B) (GHA), (C) (SEN), and (D) (BEN) among the four waves COVID-19 pandemic.




Diversity and distribution profile of SARS-CoV-2 variants

In total, 10,343 SARS-CoV-2 genomic sequences from West Africa have been submitted to the public database (https://www.gisaid.org/). As of March 31, 2022, at least eight SARS-CoV-2 variants were observed in West Africa, such as variant of concern (VOC) Delta (n = 5,636), VOC Omicron (n =1,933), variant of interest (VOI) Eta (n = 1,455), VOC Alpha (n = 1,233), VOC Beta (n = 68), VOI Kappa (n =13), VOI Iota (n = 4), and VOC Gamma (n = 1) (Figure 7). Of these, the VOC Delta variant was the most frequently identified lineage in West Africa, being detectable in 18 months (Figure 7).


[image: Figure 7]
FIGURE 7
 Spatiotemporal distribution characteristics of eight different SARS-CoV-2 variants during the four waves.


The distributions of SARS-CoV-2 variants showed obvious spatiotemporal alterations in the four waves. In the first wave, the main VOCs were Alpha, Delta, Eta, and Beta. Seven variants were observed in the second wave, namely, Alpha, Delta, Eta, Beta, Kappa, Iota, and Gamma (Figure 8), in which Delta was the dominant lineage. Five variants were recorded in the third wave, namely, Delta, Alpha, Beta, Eta, and Kappa. Only Delta and Omicron were found in the fourth wave. Afterward, VOC Omicron was as the only lineage in West Africa (Figure 8). VOI Eta was identified in 15 countries (except for SLE), followed by VOC Delta in 14, VOC Alpha in 13, and VOC Omicron in 11. There were eight variants detected in GHA, six in NGA and SEN, five in LBR and NER, and four in BEN, BFA, CPV, GMB, GIN, and TGO.


[image: Figure 8]
FIGURE 8
 Diversity profile of SARS-CoV-2 variants in different countries. Note: figures in each column indicates number of the sequences in different SARS-CoV-2 variants.





Discussion

A comprehensive retrospective analysis of the epidemiological evolution and variant diversity of COVID-19 in West Africa was conducted. Although the epidemic of the disease in West Africa has a low infection rate and seems to be spreading more slowly in West Africa than elsewhere, the COVID-19 pandemic has had severe health and socioeconomic impacts. More than 25 million people in West Africa are unable to meet their basic food needs, an increase of 34% compared to 2020. Because of this, people are selling their assets and livelihoods just to survive (13). However, the numbers of cases and deaths in Southern, Eastern, and Northern regions were higher than that in the Central and Western regions (14). Also, there were lower numbers of confirmed cases and deaths than in some developed countries, such as the United States, UK, Italy, and Brazil (https://covid19.who.int/). The following factors could contribute to this continent appearing to be more resistant to SARS-CoV-2 than other continents, these factors are a low testing rate, poor documentation of causes of death, a younger population, a lower population density, low income, less travel, a good vitamin D status as a result of exposure to sunlight, cross-immunity from other viruses (including coronaviruses), and lessons learned from other infectious diseases such as HIV and Ebola (15, 16). Indeed, most West Africans have basic knowledge of COVID-19 and show a positive attitude toward the disease (17). Importantly, the low incidences of SARS-CoV-2 infection and disease in sub-Saharan Africa appear to be correlated with the pre-pandemic serological cross-recognition of HCoVs, which are substantially more prevalent in sub-Saharan Africa than in the United States (18). Moreover, SARS-CoV-2 seroprevalence is high in both gold miners and administrative staff working in CIV. The burden of infection in West Africa has probably been underestimated (19). Therefore, some routine health measures are still necessary to balance between curbing the disease and sustaining the socio-economic order.

There were four waves of the COVID-19 pandemic in West Africa, which is similar to other African regions during this period. As of July 2021, some countries in Africa started experiencing spikes in the number of COVID-19 cases and related deaths, which is now referred to as the third wave (20). After the third wave peaked in July 2021, there has been a steady decline in new cases of COVID-19 across Africa, though a handful of countries are seeing resurgences (21). Africa's fourth pandemic wave was primarily driven by the Omicron variant. It is the most short-lived surge compared to the other three waves, with a 6-week increase (22).

In this study, the number of cases and deaths had a significant correlation with Rt, and the highest Rt value was observed before every wave in all 15 countries. These data suggest that there are several localized outbreaks in these countries. Similarly, a recent study showed that the Rt value at the start of the epidemic (mid-March 2020) was >3, quickly falling after the start of lockdown to a value <1 in late March 2020; fluctuation trends of the Rt value coincided with trends in the numbers of positive cases recorded (23).

Among the four waves of COVID-19 in West Africa during this period, the most severe wave was the second, accounting for 32.98% (295,108/894,813) of all cases. Similarly, although NGA took measures to manage a possible third wave, it was observed that the second wave was more severe than the first wave (24). The highest number of cases and the highest number of deaths were both recorded in NGA. In contrast, the lowest numbers of cases and deaths were reported in LBR and SLE, respectively. NGA is the most populous country in Africa and one of the largest metropolitan areas in the world. This might explain the high infectious rate in the region. Moreover, a recent report suggested that COVID-19 might not be spreading widely and that COVID-19 spread might be relatively curbed in SLE (25). However, a higher death rate was found in countries with fewer confirmed cases. These data suggest that the COVID-19 pandemic in various countries in West Africa is highly heterogeneous, which is closely related to the public healthcare infrastructure and the socioeconomic development in these countries. Our analysis showed that COVID-19 spread had an obvious correlation with multiple sociodemographics, such as human development index, life expectancy, hospital beds per thousand, extreme poverty, GDP per capita, median age, and so on. Similarly, a multivariate systematic correlation analysis showed that transmissibility of COVID-19 has a significant correlation with weather parameters, social development level, percent of the urban population, alcohol consumption, and cholesterol levels (26). In addition, patients with COVID-19 in Africa, older age, the presence of chronic disease, travel history, and the locations of Central Africa and West Africa were associated with increased mortality (27). Moreover, a higher prevalence of other communicable or non-communicable diseases (e.g., hypertension and diabetes) (28, 29), insufficient resuscitation beds and respirators, limited diagnosis capacity, and underreporting may have contributed to the higher CFR (21, 30).

Remarkably, our analysis found that at least eight SARS-CoV-2 variants were observed, with an obvious spatiotemporal profile during the four waves. In GHA, initial local transmission was dominated by the B.1.1 lineage, but the second wave was overwhelmingly driven by the Alpha variant. Subsequently, an unheralded variant under monitoring, B.1.1.318, dominated transmission from April to June 2021 before being displaced by Delta variants, which were introduced into the community in May 2021 (31). Remarkably, seven variants out of eight were initially identified outside West Africa, thus implicating that most SARS-CoV-2 variants in this region were introduced from different origins. An analysis has shown that the SARS-CoV-2 virus identified in Gambia is of European and Asian origin, and sequencing data matched patients' travel history (32). These analyses provided strong statistical support for a monophyletic origin of almost all of the Alpha sequences from NGA, with the most likely origin being the United States (33). Similarly, the Congolese SARS-CoV-2 sequences were divided into distinct clusters, indicating two separate introductions of the virus into the Republic of Congo (34). In this study, the first two waves were associated with a mix of SARS-CoV-2 lineages. The most severe wave was the second wave, included seven different variants. This is a potential cause for the severity of the second wave. The Eta variant originated in West Africa before spreading globally and represented a VOC in early 2021 (33), and this variant was distributed in 15 countries in West Africa. A previous study provided evidence of increased transmission for both Alpha and Eta variants, of which Eta appeared slightly more infectious than Alpha (35). These data reveal that the COVID-19 pandemic in West Africa was co-driven by both multiple introduced lineages and a single native lineage. In Southern Africa, the first wave was associated with a mix of SARS-CoV-2 lineages, while the second and third waves were driven by the Beta (B.1.351) and Delta (B.1.617.2) variants, respectively (23, 36). The two above-mentioned variants have immune evasion and higher transmissibility than previous variants (37). However, Africa's fourth pandemic wave was primarily driven by the Omicron variant. In this study, 21.7% of cases and the lowest number of deaths were observed in the shortest wave, the fourth wave, driven by Omicron. Under the same epidemiological conditions, a recent study found that the effective (instantaneous) reproduction number of Omicron is 3.19 (95% confidence interval [CI]: 2.82–3.61) times greater than that of Delta (38). The rate of infectivity of the Omicron variant is much higher than that of the Delta variant, and in a very short time, Omicron has displaced the Delta variant and has become the dominant variant across the globe (39). Similarly, Omicron infection is associated with significantly lower disease severity compared with the Delta variant, which has a striking immune escape ability (40, 41). Currently, Omicron variants BA.4 and BA.5 are emerging and are speculated to be more transmissible and resistant to immunity generated by previous variants such as Omicron BA.1 and most monoclonal antibodies (42). Moreover, asymptomatic transmission in the region was higher than symptomatic transmission (43), and asymptomatic individuals were the source of 69% (20–85%) of all infections (44). So, the control of COVID-19 in West African countries is still a great challenge. Furthermore, coverage of COVID-19 vaccination is low in African countries due to a lack of competence, infrastructure, logistics, and financial resources (45–47). We recommend that the region quickly increase the COVID-19 immunization coverage, enhance the genomic surveillance, improve testing, and strengthen entry surveillance to mitigate the spread of the infection (48).

Although the present analysis provides new insights to better understand COVID-19 epidemiology, some limitations are notable. First, data analyzed in the present study were obtained from public sources, which may not fully reflect the true COVID-19 epidemic situation on this continent due to incomplete data. Second, a relative univariate correlation analysis was conducted in our study; however, multivariate analysis can qualitatively determine variables in influence on the virus transmissibility, as well as better understanding of environmental factors driver on impact transmissibility for COVID-19 (49). Third, genome data were incomplete in the early stages of the pandemic. Sequence analysis of SARS-CoV-2 from different countries will provide evidence to monitor the COVID-19 spread pattern.



Conclusion

In the present study, a comprehensive epidemiological retrospective analysis of COVID-19 was performed, with the purpose of better understanding the epidemiological features in West Africa from March 2020 to March 2022. There were four waves of COVID-19 in West Africa during this period, and the pandemic situation in these countries, which was co-driven by both multiple introduced variants and a native lineage, was highly varied. The continuous evolution of the COVID-19 pandemic in this continent is bound to give rise to the emergence of more new variants, and it is important to improve the genome surveillance capacity and prevent further spread of COVID-19.
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Background: The coronavirus disease 2019 (COVID-19) becomes a worldwide public health threat. Increasing evidence proves that COVID-19-induced acute injuries could be reversed by a couple of therapies. After that, post-COVID-19 fibrosis (PCF), a sequela of “Long COVID,” earns rapidly emerging concerns. PCF is associated with deteriorative lung function and worse quality of life. But the process of PCF remains speculative. Therefore, we aim to conduct a bibliometric analysis to explore the overall structure, hotspots, and trend topics of PCF.

Materials and methods: A comprehensive search was performed in the Web of Science core database to collect literature on PCF. Search syntax included COVID-19 relevant terms: “COVID 19,” “COVID-19 Virus Disease,” “COVID-19 Virus Infection,” “Coronavirus Disease-19,” “2019 Novel Coronavirus Disease,” “2019 Novel Coronavirus Infection,” “SARS Coronavirus 2 Infection,” “COVID-19 Pandemic,” “Coronavirus,” “2019-nCoV,” and “SARS-CoV-2”; and fibrosis relevant terms: “Fibrosis,” “Fibroses,” and “Cirrhosis.” Articles in English were included. Totally 1,088 publications were enrolled. Searching results were subsequentially exported and collected for the bibliometric analysis. National, organizational, and individual level data were analyzed and visualized through biblioshiny package in the R, VOSviewer software, the CiteSpace software, and the Graphical Clustering Toolkit (gCLUTO) software, respectively.

Results: The intrinsic structure and development in the field of PCF were investigated in the present bibliometric analysis. The topmost keywords were “COVID-19” (occurrences, 636) surrounded by “SARS-CoV-2” (occurrences, 242), “coronavirus” (occurrences, 123), “fibrosis” (occurrences, 120), and “pneumonia” (occurrences, 94). The epidemiology, physiopathology, diagnosis, and therapy of PCF were extensively studied. After this, based on dynamic analysis of keywords, hot topics sharply changed from “Wuhan,” “inflammation,” and “cytokine storm” to “quality of life” and “infection” through burst detection; from “acute respiratory syndrome,” “cystic-fibrosis” and “fibrosis” to “infection,” “COVID-19,” “quality-of-life” through thematic evolution; from “enzyme” to “post COVID.” Similarly, co-cited references analysis showed that topics of references with most citations shift from “pulmonary pathology” (cluster 0) to “COVID-19 vaccination” (cluster 6). Additionally, the overview of contributors, impact, and collaboration was revealed. Summarily, the USA stood out as the most prolific, influential, and collaborative country. The Udice French Research University, Imperial College London, Harvard University, and the University of Washington represented the largest volume of publications, citations, H-index, and co-authorships, respectively. Dana Albon was the most productive and cited author with the strongest co-authorship link strength. Journal of Cystic Fibrosis topped the list of prolific and influential journals.

Conclusion: Outcomes gained from this study assisted professionals in better realizing PCF and would guide future practices. Epidemiology, pathogenesis, and therapeutics were study hotspots in the early phase of PCF research. As the spread of the COVID-19 pandemic and progress in this field, recent attention shifted to the quality of life of patients and post-COVID comorbidities. Nevertheless, COVID-19 relevant infection and vaccination were speculated to be research trends with current and future interest. International cooperation as well as in-depth laboratory experiments were encouraged to promote further explorations in the field of PCF.

KEYWORDS
 COVID-19, fibrosis, etiology, therapy, hotspots and trends


Introduction

According to data from the World Health Organization, as of 29 May 2022, the coronavirus disease 2019 (COVID-19) spread globally with over 526 million confirmed cases and over six million deaths (1). The pandemic is caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), which results in symptoms vary from asymptomatic infection to multiple organ dysfunction syndrome (2). As COVID-19 evolves, emerging evidence has demonstrated that the acute phase could be reversed by prolonged low-dose corticosteroids, anticoagulation, and proactive oxygen supports (3). Particularly, corticosteroids including dexamethasone, hydrocortisone, methylprednisolone, and prednisone are found to reduce mortality in patients with severe and critical COVID-19 (4). Therefore, the majority of patients are expected to recover from SARS-CoV-2 infections (5). It has been increasingly important to investigate the long-term consequences of COVID-19 (6).

Fibrosis is a recognized sequela of “Long COVID” (6–8). Early data suggest a high rate (25–47%) of fibrotic abnormalities in COVID-19 patients (9–11). However, the mechanism underlying PCF remains speculative. Acute respiratory distress syndrome (ARDS) secondary to COVID-19 is reported as the largest contributor to PCF (12). In the course of ARDS, pulmonary fibrosis occurred as early as <1 week (13). The pathogenesis underlying is complex (6). Prolonged mechanical ventilation (MV) (14, 15), epithelial injury (16), and endothelial injury (17) may activate pro-fibrotic responses. Cytokine storm is considered an essential element in the PCF process (18, 19). Excessive release of cytokine tumor necrosis factor-α (TNF-α) initiates fibrosis and lung remodeling (20). Also, the SARS-CoV-2 virus is documented to directly trigger fibrosis through epidermal growth factor receptor signaling (6, 21).

PCF is associated with deteriorative lung function and worse quality of life (11, 22). Thus, PCF needs early recognition and a holistic package of care (23–25). Although a couple of studies report functional and radiologic changes in post-COVID-19 fibrotic patients (11, 26, 27), a comprehensive overview and dynamic analysis of these literatures are absent (28). Currently, we attempt to investigate the most influential contributors and articles in this research field, analysis of the characteristics of topmost keywords on PCF and identify relevant burstiness, and provide a definitive insight into the research in the field of PCF using the bibliometric methodology. This analysis will survey the historical footprints and overall structure of the research on PCF, highlight hotspots and potential future trends, and guide researchers in conducting further practices in the field of PCF.



Materials and methods


Data collection

A comprehensive search was performed in the Web of Science (WOS) core database on 12 July 2022. The search syntax was consisted of COVID-19 relevant terms: “COVID 19,” “COVID-19 Virus Disease,” “COVID-19 Virus Infection,” “Coronavirus Disease-19,” “2019 Novel Coronavirus Disease,” “2019 Novel Coronavirus Infection,” “SARS Coronavirus 2 Infection,” “COVID-19 Pandemic,” “Coronavirus,” “2019-nCoV,” and “SARS-CoV-2”; and fibrosis relevant terms: “Fibrosis,” “Fibroses,” and “Cirrhosis.” Articles in English were included. Searching results were exported via both plain text and Microsoft Excel files. In this research, various tags such as title, author, source, abstract, and citation record were collected for the bibliometric analysis.



Bibliometric analysis

Bibliometric analysis is a mathematical and statistical research method to quantify scientific production and impact (29). Thanks to this analysis, we are able to analyze and visualize different levels of co-authorship, keyword co-occurrence, thematic evolution, document co-citation, category assignment, citations, and other bibliographic parameters (30). Accordingly, bibliometric analyses highlight the landscape of historical research, shape existing practice in a specific field, and provide recommendations for future research work (31, 32).

This study used scientific bibliometric tools including VOSviewer (version 1.6.10, Leiden University, Netherlands), biblioshiny package in R (version 4.2.1) (33), Graphical Clustering Toolkit (gCLUTO) software (Version 1.0) (University of Minnesota, USA), and CiteSpace software (version 6.1.R2) (34).

VOSviewer is a widely used analytical and graphical software. Co-occurrence analysis can find out high-density keywords and speculate hot topics of research. This co-occurrence analysis was performed using a text file retrieved from the WOS core database. For clarity, keywords were included with a threshold of more than 10 frequencies. Multiple appearances of keywords were recognized as a single one and uniformized by enrolling thesaurus terms. The network and clusters of keywords were subsequently generated. In the network map, the color of bubbles indicated a group of keywords, bubble size represented the volume of article counts, and distance between two bubbles indicated the frequency of co-occurrence.

Co-authorship analysis of scientific articles screened connections between countries/regions, organizations, and authors. This analytical approach could contribute to assess partnerships and collaborations between producers at different levels. Similarly, the bubble size and color represented publication count and cluster, respectively. The thickness of the line between two bubbles revealed the linkage strength of contributors.

The overlay visualization map of theme words was generated through VOSviewer based on title and abstract words. The words that appeared more than 50 times were enrolled and binary counted. The bubble colors indicated the average publication date of particular words. The purple color indicated the former publication date. The yellow color indicated a later publication date. Therefore, the map showed the shift trends of highly frequent theme words.

The CiteSpace software, a robust mathematical analysis, and a machine learning tool were employed to conduct keywords burst detection. Burst detection is a function detecting whether and when the burstiness occurred. The burstiness was evaluated by sum appearance weighted by the time window. The surging frequency of a keyword indicated sharply increased attention to a particular topic (30, 35).

Reference co-citation time view was generated by the CiteSpace software as well. It was based on the hypothesis that co-cited reference revealed similar study trends (34). In the timeline maps, some indicators were used. The weighted mean silhouette is a metric graphically elucidating cluster. The score of silhouette ranges from −1 to 1, the higher value means larger inter-cluster consistency and homogeneity (35). Modularity was employed to assess the community of clusters. The value ranges between 0 and 1. The higher value means better clustering, while lower modularity indicates worse communities (30).

Biblioshiny is an augmented tool kit in R for mathematical calculation and visualization. In this work, biblioshiny was employed to generate a thematic evolution map. Through coword analysis, keywords in distinct articles are displayed in a low-dimensional space according to the different time span of each article. Therefore, the temporary changes of keywords accumulated topic changes, and the thematic evolution map revealed the trends of research development (36).

Production and impact of contributors were assessed using the intrinsic analysis tool in WOS and Biblioshiny, respectively. The volume of publications, citations, and H-index of countries/regions and institutions were retrieved from WOS. The H-index of authors and journals was calculated through the impact analysis tool in Biblioshiny. The H-index is a well-known indicator of productivity. It is widely used to compare the contribution and impact of producers in similar research fields (29).

In addition, bi-clustering was performed using the gCLUTO software. Highly frequent keywords/source documents matrix were graphically clustered and interpreted the internal semantic relationships and emerging study areas. The parameters were set as follows: Clustering method: Repeated bisection; Criterion function: I2; Similarity function: Cosine; Graph Model: Asymmetric-Direct. The clustering was repeated to optimize the matrix with acceptable values of Isim and Esim (37).

In addition, the method regarding overlay visualization of thematic words (VOSviewer), thematic map, trend topics, country collaboration map, and author/journal impact ranking map (biblioshiny) were described in the Supplementary Figures 1–4.




Results


Topmost keywords

A total of 3,791 keywords were identified from 1,093 enrolled articles. The VOSviewer was used to generate a network map. Keywords with more than 10 appearances were defined as highly frequent keywords. There were 105 most frequent keywords divisible into six clusters. As shown in Figure 1A, “COVID-19” (occurrences, 636; link strength, 1901) was surrounded by “SARS-CoV-2” (occurrences, 242; link strength, 861), “coronavirus” (occurrences, 123; link strength, 475), “fibrosis” (occurrences, 120; link strength, 460), “pneumonia” (occurrences, 94; link strength, 349), “infection” (occurrences, 64; link strength, 251), “diagnosis” (occurrences, 27; link strength, 115), and “dysfunction” (occurrences, 15; link strength, 58). The ranking of the top 10 keywords with the largest occurrence is shown in Table 1.


[image: Figure 1]
FIGURE 1
 Topmost keywords. (A) A network of most frequent keywords was generated by VOSviewer, different colors classified clusters, bubble size indicated publication amount, and thickness of the line revealed linkage strength between keywords. (B) Bi-clustering matrix was generated by Graphical Clustering Toolkit, X-axis indicated the sequence number of publications, and Y-axis represented high-frequency keywords. The tree indicated connections between publications or high-frequency keywords. The darker color of the red blocks revealed a higher appearance of high-frequency keywords in a particular article.



TABLE 1 The ranking of the top 10 keywords with largest occurrences in the field of COVID-19-associated fibrosis.

[image: Table 1]

Bi-clustering analysis was conducted to identify research hotspots in this area. There were 22 highly frequent terms with more than ten appearances. A two-dimensional matrix was generated indicating the highly frequent keyword and relevant source article. Subsequently, the matrix was bi-clustered into four highly divisible clusters using the gCLUTO software. Topics of each cluster were artificially analyzed by screening the clustered keywords (Figure 1B) and denominated as follows:

Cluster 0: Epidemiology of fibrosis due to COVID-19.

Cluster 1: Therapy for post-COVID-19 fibrosis.

Cluster 2: The etiology and physiopathology of pulmonary fibrosis after COVID-19 illness.

Cluster 3: Diagnosis of fibrotic lung disease complicated with COVID-19.

Similarly, a two-dimensional thematic map was generated interpreting the activity and importance of theme words (Supplementary Figure 1). A cluster including “expression,” “inflammation,” “receptor,” “pulmonary-fibrosis,” and “activation” was considered well-developed and important.



Dynamic keywords and thematic evolution

Burst detection of keywords was conducted to show the dynamic trends of the most bursting keywords. In the time view, there were10 keywords with the strongest citation burst ranking in ascending order of start month. Keyword “ct” (abbreviation of “computerized tomography”) presented the longest burst from June 2021 to March 2022, which was important in identifying PCF. In the early phase of PCF research, “Wuhan,” “inflammation,” “cytokine storm,” and “pneumonia” observed the strongest bursts. In the developing period, the keywords “injury,” “respiratory distress syndrome,” “disease,” and “ct” earned the most attention. Recently, “quality of life” received emerging interest, while “infection” represented recent and future research trends (Figure 2A).


[image: Figure 2]
FIGURE 2
 Time view of keywords. (A) Top 10 most bursting keywords between 2020 and 2022. The red bar indicated the appearance time span of keywords. (B) Thematic evolution between 2020 and 2022. The cutting point of time slices is 2021. (C) Overlay visualization of thematic terms. The bubble colors indicated the average publication date of particular words. The purple color indicated the former publication date. The yellow color indicated later publication date.


The thematic evolution map revealed that research topics of PCF altered largely from 2020 to 2022. Before 2021, “acute respiratory syndrome,” “cystic-fibrosis” “fibrosis,” “depression,” “oxidative stress,” and “mortality” were the hotspots in the field of PCF. In 2022, the hotspots changed to “infection,” “COVID-19,” “quality-of-life,” “gene-expression,” “cirrhosis,” “adults,” “consumption,” “in-vitro,” “efficacy,” “inhibition,” “gender-differences,” and “telehealth” (Figure 2B).

Overlay visualization map of theme words represented that “enzyme” (average publication year: 2020.80), “ace2” (abbreviation of angiotensin-converting enzyme 2; average publication year: 2020.81), “virus” (average publication year: 2020.86) earned notable attention in the early phase of PCF research. Lately, the study emphasis has shifted to “post COVID” (average publication year: 2021.32), “month” (average publication year: 2021.30), and “total” (average publication year: 2021.20) (Figure 2C).

In addition, the trend topic map presented a similar change from “pneumonia” to “society” (Supplementary Figure 2).



Analysis of co-cited references

References co-citation analysis resulted in a map composed of 422 bubbles representing cited references. The total modularity Q-value was 0.6332, indicating moderate integrated clustering. The mean silhouette score was 0.8757 indicating high internal consistency. Ten major clusters are distributed in the time view of reference co-citation (Figure 3), together with labels automatically generated with keywords. The labels of each cluster were “pulmonary pathology” (cluster 0), “ct scoring” (cluster 1), “clinical outcomes” (cluster 2), “pulmonary function” (cluster 3), “angiotensin-converting enzyme” (cluster 4), “lung fibrosis” (cluster 5), “COVID-19 vaccination” (cluster 6), “cystic fibrosis” (cluster 7), “clinical feature” (cluster 8), and “elevated extracellular volume fraction” (cluster 9), respectively. The size of the bubble indicated reference frequency. The axis showed the time span of clustered references. The time view represented the topic of co-cited reference changed from “pulmonary pathology” to “COVID-19 vaccination” (Figure 3).


[image: Figure 3]
FIGURE 3
 References co-citation time view generated by CiteSpace. Colors indicated different reference clusters. Labels of clusters and main references were automatically generated by CiteSpace.


In addition, Table 2 shows the top 10 most co-cited references on PCF, and most of them belonged to clusters 0. Among these, five references were clinical studies, two papers were in vitro studies, while the other three publications were case reports, reviews, and view points, respectively. The “Clinical features of patients infected with 2019 novel coronavirus in Wuhan, China” published in Lancet by Huang et al. from the Jin Yin-tan Hospital, Wuhan, China was the most co-cited reference (Frequency 170), reporting brief epidemiological and clinical profiles of patients with COVID-19.


TABLE 2 The ranking of top 10 most co-cited publications in the field of COVID-19-associated fibrosis.
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Country-wise analysis

From the retrieved data, the most active countries in terms of the amounts of publications were demonstrated. The USA stood out first with 293 publications and 3,857 citations, followed by China, Italy, England, and Germany with 190, 128, 96, and 78 publications, respectively (Table 3). The country-wise collaborations are shown in Figure 4A and Supplementary Figure 3. Co-authorship between the USA (total link strength 227) and China were strongest (link strength 30 and total link strength 81), followed by England (link strength 25 and total link strength 209) and Germany (link strength 19 and total link strength 161), which were main partners of USA.


TABLE 3 Top 10 prolific countries/regions.
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FIGURE 4
 Collaborations in the field of COVID-19 associated fibrosis. (A) Country/region-wise co-authorship. (B) Institution-wise co-authorship. (C) Individualize co-authorship. Different colors indicated distinguished clusters. The size of the bubble indicated publication counts. The thickness of the line indicated linkage strength.




Institution-wise analysis

A total of 2,383 institutions published papers in the emerging area of post-COVID-19 fibrosis. Among these, 24 institutions published more than 10 publications. The list of the top 10 productive is shown in Table 4. Udice French Research University won the first rank publishing 48 papers, followed by Institut National de la Sante et de la Recherche Medicale Inserm, Harvard University, Assistance Publique Hopitaux Paris Aphp, and Egyptian Knowledge Bank Ekb publishing 37, 34, 33, and 31 papers, respectively. However, the Imperial College London has the highest citation of 892. The highest H-index was 13, belonging to Harvard University. In terms of co-authorship, the University of Washington topped the total link strength of 26. It was closely tied with Cystic Fibrosis Foundation with the highest link strength of 4 (Figure 4B).


TABLE 4 Top 10 productive institutions.
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Author-wise analysis

To present the activity and impact of authors, the ranking of the top 10 prolific authors sorted by the number of publications is shown in Table 5 accompanied by citations and H-index. The most productive author was Dana Albon with eight publications. After this, Rhonda List, Lindsay Somerville, Kathryn A. Sabadosa, and Christopher Dowd ranked from 2 to 5, with 7, 7, 7, and 6 publications, respectively. To assess the impact of authors, H-index was exploited. Aricca D. van Citters topped the ranking with an H-index of 21. Individualized co-authorship was analyzed using VOSviewer. A total of 7,973 authors were extracted. Among these, 10 authors published more than five papers. The author-wise collaboration is shown in Figure 4C. Dana Albon, from the University of Virginia, USA, interested in telehealth for cystic fibrosis, observed the strongest link strength of 32. The main collaborators were Lindsay Somerville (link strength with Dana Albon, 7; total link strength, 28) and Rhonda List (link strength with Dana Albon, 6; total link strength, 30) from the University of Virginia, USA.


TABLE 5 The ranking of top 10 prolific authors.
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Journal-wise analysis

The ranking of the top 10 journals that published most papers on post-COVID-19 fibrosis is compiled in Table 6. Journal of Cystic Fibrosis topped the list with a total publication of 24, followed by the Frontiers in Medicine, Plos One, Frontiers in Immunology, and Liver International with 15, 15, 14, and 10 publications, respectively. Source H-index was enrolled to identify the impact of journals. Journal of Cystic Fibrosis stood out with the highest H-index of 9, followed by Frontiers in Immunology, Journal of Hepatology, Frontiers in Medicine, and International Journal of Infectious Disease with H-index of 7, 7, 6, and 6, respectively (Supplementary Figure 4).


TABLE 6 The ranking of top 10 journals that published most papers on post-COVID-19 fibrosis.
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Discussion

Accumulating publications documented pulmonary sequelae in COVID-19 survivors (6). It was reported that significant radiographic, spirometry, and laboratory abnormalities were observed weeks after recovery of COVID-19 (14). Therefore, a holistic understanding of PCF is paramount. In this study, an in-depth bibliometric analysis in the field of PCF has been performed to reveal the intrinsic structure, development, landmark, and trends of research regarding PCF.


Overall structure of research in PCF

Currently, national, organizational, and personal level analysis of research in PCF were conducted. The results revealed that contributions mainly come from North America and Europe. Researchers from Asia including China, India, and Japan also played a crucial role in the field of PCF. Accordingly, PCF attracted worldwide attention as COVID-19 retained a global health threat to date. The H-index of China appeared equal to the USA, and a majority of most co-cited references come from China. This situation might imply an emerging contribution from China and growing attention to these researchers.

Nevertheless, the co-authorship total link strength of the USA, England, Italy, and Germany were 227, 209, 166, and 161, respectively, implying collaboration between North America and Europe was strong. In the contrast, China observed a moderate total link strength of 81, while other countries from Asia presented mild-link strength, indicating insufficient international collaboration in these countries. It was hypothesized that localized investigation was conducted due to the isolation of Asian countries during the global epidemic of COVID-19.

According to the ranking of co-citation references, clinical studies especially observational studies were prominent, targeting epidemiological, pathological, and radiographic profiles of fibrotic injury due to COVID-19. However, the in vitro and in vivo studies were limited resulting inadequate understanding of the etiology and mechanisms of this special disease, which is mandatory for the identification of efficacy agents against post-COVID-19 pulmonary fibrosis. Therefore, it is a necessity to pay attention to in vitro and in vivo studies for further holistic knowledge of COVID-19-induced fibrosis. In the near future, global cooperation should be facilitated for prospective, large sample size, multi-country investigations in an attempt to find out promising therapeutic therapies to restore the sequela of COVID-19.



Dynamic evolution of hotspots and trends in the field of PCF
 
Study areas of considerable concern

To identify hot study areas, visualizations of high-frequency keywords in PCF were generated by various bibliometric tools. The epidemiology, physiopathology, diagnosis, and therapy of PCF were extensively studied.

Clinical evidence revealed etiological contributors to PCF, including acute respiratory distress syndrome (ARDS) following COVID-19 pneumonia and relevant sepsis (12), inflammation irregulating (25), viral pneumonia (38, 39), hyperoxia (40), diffuse thromboembolism (41), and other potential issues (42).

Antifibrotic therapies against fibrosis due to COVID-19 were also reported. Antifibrotic agents involving pirfenidone and nintedanib (43, 44), immune inhibitors (45), mesenchymal stem cell (MSC) therapy (46, 47), lung transplantation (27, 48), prolonged oxygen support, and rehabilitation exercise (49) might exert beneficial effects in preventing pulmonary fibrosis following COVID-19.



Research hotspots in the early stage of the COVID-19 epidemic

In the early phase after COVID-19 spread, long-term sequelae of the pandemic were just beginning to be concerned. Attention mainly focused on the pathogenic properties of the SARS-CoV-2 virus (22). Consistently, dynamic analysis of keywords and co-cited references indicated that pulmonary pathology of PCF involving “inflammation,” “cytokine storm,” “acute respiratory syndrome,” and “enzyme” were extensively studied in such an early stage.


The role of cytokine storm in the fibrosis process

The immunopathogenic phase of COVID-19, also known as the cytokine storm occurred ~10 days after the onset of infection (50, 51). Then, a sudden deterioration developed leading to a potentially fatal outcomes (52). However, the potential contributors to virus-provoked inflammatory responses were not well understood (51). McDonald et al. summarized the dual effect of cytokine release. On one hand, cytokines facilitated wound healing, on the other hand, dysregulation of inflammatory cytokines might be damaging (39). In COVID-19 patients, excessive release of cytokine, including IL1-β, IL-2, IL-6, IL-7, IL-8, IP10, MCP1, MIP1A, and tumor necrosis factor-α (TNF-α), exacerbated COVID-19 manifestation (2, 52, 53). Proinflammatory cytokine accumulation promoted dendritic cells exaggeration, lymphocyte stimulation, macrophage activation, neutrophil recruitment, immune-cells migration, exosome-mediated crosstalk induction, and ultimate tissue damage including fibrosis (18, 19). In addition, another cytokine transforming growth factor beta (TGF-β) was paramount in the fibrosis initiation and remodeling process (20). Emerging studies suggested that the TGF-β level was correlated with pulmonary fibrosis and interstitial pulmonary fibrosis (6, 54). Nonetheless, cytokine-leading neutrophilic infiltrate was reported to generate reactive oxygen species (ROS), and subsequently activate fibroblasts that ultimately deposit collagen and other extracellular matrix molecules to restore the virus-induced lung injury (55, 56). However, the aberrant repair process would aggravate tissue function due to complex contributors especially pulmonary fibrosis (39).



ARDS: the largest contributor to covid-19 related fibrosis

ARDS was common secondary to COVID-19, ~31.5% of patients developed ARDS during hospitalization (57). In the course of ARDS, pulmonary fibrosis occurred as early as <1 week (4%), with the incidence elevating rapidly beyond the third week (61%) (13). The pathogenesis underlying is complex (6). Prolonged mechanical ventilation (MV) induced thoracic injury with an exaggerated reparative response may be the largest contributor (14, 15). It was documented that fibroproliferative signaling cascades were initiated by MV stretching of the alveolar, followed by apoptosis and necrosis of type II alveolar epithelial cells (58). MV distortion and alveolar collapse-induced hypoxia further worsen this insult and aggravated pulmonary fibrosis (59). Furthermore, current evidence revealed that aberrant immunologic processes contributed to the fibroproliferation in COVID-related ARDS (39). Wendisch et al. described that SARS-CoV-2 triggered CD163-expressing monocyte-derived macrophages, which were similar to profibrotic macrophages acquired from idiopathic pulmonary fibrosis samples (60). In addition, high oxygen fraction during prolonged MV might trigger an oxygen-free radical cascade activating pro-fibrotic responses (41, 61). Other conserved pathogenesis underlying fibrotic response due to post-COVID-19 ARDS was also demonstrated, including epithelial injury (16), endothelial injury (17), cellular senescence (62), and deposition of extracellular matrix (63).




Recent emerging hotspots and future direction of research on PCF

Currently, COVID-19 was still ravaging the world, and the consequences of long COVID were of boosting concerns and realizations. According to results of thematic evolution and co-cited references analysis, “quality-of-life,” “post-COVID,” and “COVID-19 vaccination” received recent and future attention.


Quality of life of patients with PCF

Pulmonary fibrosis might lead to persistent symptoms, gradual loss of lung function, and long-term disability (22). Besides, people with pulmonary fibrosis might have increased financial burden, less income, and deteriorated quality of life. In patients with COVID-19, quality of life was evaluated using the EuroQol five-dimension five-level (EQ-5D-5L) questionnaire (24, 64). It is documented that hospitalized patients presented more fatigue and dyspnea, abnormal chest imaging manifestation, poor pulmonary diffusion capacity, depression and anxiety, and impaired quality of life at 6-month follow-up (24). Hence, PCF should be prevented and treated to provide a comfortable long-term recovery (65).



Covid-19 vaccination

To date, there is no proven effective antifibrotic therapy against PCF (38). Accordingly, the need for prophylactic vaccination with safety and efficacy is paramount to mitigate the severity of the disease (41, 66). The commercially available vaccine included messenger RNA (mRNA) vaccine encoding the spike protein (67), adenovirus-based vaccine (68), and inactivated COVID-19 vaccination (69). Laboratory and clinical investigations were still accelerated to identify a new vaccine against SARS-CoV-2 virus variants (22). The effectiveness of two doses of mRNA vaccine against SARS-CoV-2 was 90–92% (70), while the effectiveness of the inactivated vaccine was more than 95% (69). As the vaccination effectively protected persons from being infected, long-term COVID-19 involving PCF was diminished (71).






Limitations

Nevertheless, there were some limitations in this current study. First, only the WOS core database was searched, rather than Scopus, PubMed, and other commonly used database. There might be some relevant literature inevitably missed. Nevertheless, data from the different databases were tough to combine together in bibliometric tools. In addition, the citation-related analysis could not be conducted using PubMed data. Second, the hotspots were evaluated based on the highly frequent keywords or theme words, rather than those presented in milestone research, implying potential bias of hotspots. Third, the quality of papers was not taken into account, and the quality of outcomes was hard to grade consequently.



Conclusion

With the emerging spread of COVID-19, long-term sequelae involving pulmonary fibrosis become a major health threat. According to the best of our knowledge, this is the first bibliometric analysis evaluating PCF. Outcomes gained from this study assisted professionals to better realize PCF and would guide future practices.

Epidemiology, pathogenesis, and therapeutics were study hotspots in the early phase of PCF research. As the spread of the COVID-19 pandemic and progress in this filed, recent attention shifted to the quality of life of patients and post-COVID comorbidities. Nevertheless, COVID-19 relevant infection and vaccination were speculated to be research trends with current and future interest.

However, the mechanism underlying PCF remained speculative. Appropriate supports and treatments for PCF also needed to be optimized in the future. Therefore, international cooperation as well as in-depth laboratory experiments were encouraged to promote further explorations in the field of PCF.
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Background: Since it began in December 2019, the coronavirus disease 2019 (COVID-19) outbreak has not been completely contained. COVID-19 has attracted the interest of nations throughout the globe. The global coronavirus outbreak has had an especially devastating effect on otolaryngology. The virus is commonly associated with otorhinolaryngological symptoms. COVID-19 research is becoming more common in otorhinolaryngology. Although various studies on covid-19-related Otorhinolaryngology manifestations have been published, there has been no bibliometric analysis of these articles concentrating on COVID-19-related Otorhinolaryngology research.

Methods: Original publications on Otolaryngological symptoms on COVID-19 were extracted from the Social Sciences Citation Index (SSCI) and the Science Citation Index-Expanded (SCI-E) databases in Clarivate Analytics' Web of Science Core Collection (WoSCC) between January 2020 and May 2022. CiteSpace and VOSviewer were utilized to detect and assess the research focus and trends in this field by extracting the country/region, institution, author, journal, references, and keywords related to this topic.

Results: A total of 631 journals from 97 countries were included in the total of 1,528 articles. Most of the articles on this topic were published in the United States, which had the most citations and the highest H-index. Huazhong University of Science and Technology is the institution with the largest number of articles in the research of COVID-19-related Otorhinolaryngology diseases. Claire Hopkins was the most prolific author belonging to Guy's and St. Thomas' NHS Foundation Trust. Huang CL from Jin Yin-tan Hospital received the most citations among all authors. The most cited article was Clinical features of patients infected with 2019 novel coronavirus in Wuhan, China, which was created by Huang CL. Most of the studies relating to COVID-19 and Otorhinolaryngology diseases were published in the European Archives of Oto-Rhino-Laryngology.

Conclusion: COVID-related research in the field of otorhinolaryngology has been studied in terms of descriptive quantitative metrics, which show that academics from around the world are working together to combat this pandemic.
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  COVID-19, otorhinolaryngology, Otolaryngological manifestations, SARS-CoV-2, bibliometric analysis, CiteSpace, VOSviewer


Introduction

The rapid international spread of SARS-CoV-2, a coronavirus that produces COVID-19, has triggered the COVID-19 pandemic. COVID-19 is a new strain of coronavirus that has never been discovered in people before; it is the seventh known coronavirus that may infect humans. It was identified by the WHO on January 12, 2020 after being identified in a Wuhan viral pneumonia case in 2019 (1, 2). The infection has been found in more than 100,000 people, and it can affect people of any age.

COVID-19 has been confirmed to have human-to-human transmission characteristics and a high level of concealment (1, 3). It can also spread through droplets, direct contact, and even aerosols (4). The coronavirus is characterized mostly by symptoms associated with the lower respiratory tract, such as fever, cough, dyspnea, and chest tightness, which could swiftly escalate to acute respiratory distress syndrome (ARDS) (5). COVID-19 produces a variety of upper respiratory tract symptoms, including nasal congestion, sore throat, and impaired smell. Given the high COVID-19 virus titers in the nasopharynx and other surrounding mucosal surfaces, otolaryngology is viewed as a particularly high-risk field for exposure. A scientometric analysis of COVID19 research relevant to otolaryngology is warranted in light of the expanding international interest in the field. Quantitative data analysis like this will help guide future otolaryngology studies. So far, no bibliometric study has been conducted to examine the growth of COVID19-related otolaryngology research.

Bibliometric analysis is a useful navigational tool for a vast field of scientific data. Its major objective is to conduct a quantitative and qualitative study of publications in a specific research field. With the aid of bibliometric analysis, it is feasible to describe the most important publications and general publishing patterns within a certain scientific field (6). In a comprehensive assessment of academic literature, bibliometric analysis has been widely employed to identify the hot topics and contributions of scholars, journals, and countries/regions (7). The academic infrastructure and research trends of COVID-19-related Otolaryngological conditions can be better understood with the use of a thorough bibliometric analysis. In light of these considerations, we present a systematic bibliometric analysis of the literature.



Materials and methods


Search strategy and inclusion criteria

For our search, we chose the Web of Science database, which is often used for bibliometric analysis due to its comprehensive assessment of publications and high-quality literature (8). The reviewers (JW, SL, MY) independently assessed the article titles, abstracts, and, if necessary, the whole texts for inclusion. Disagreements were handled by conversations among them and, if required, with a fourth reviewer (ZPG) in the event that an agreement could not be reached. The reviewers extracted material separately from the included papers. Discrepancies were subsequently managed through reviewer discussion. To avoid mistakes caused by database upgrades, on May 16, 2022, all data were retrieved and exported. The search terms were TS = (COVID-19 or 2019 Novel Coronavirus Disease or Novel coronavirus pneumonia or coronavirus 2 or SARS-CoV-2 or coronavirus disease-19 or NCP or Novel Coronavirus or 2019-nCoV or coronavirus disease 2019) AND TS = (Otorhinolaryngological diseases or otologic symptoms or Nasal symptoms or Throat symptoms or Sense of smell or auditory dysfunction or hearing loss or tinnitus or vestibular dysfunction or dizziness or vertigo). We conducted a comprehensive search using only these terms to guarantee that relevant literature was included. The duration of this span is from January 2020 to May 2022. English-language publications with original content met the inclusion criteria. Aside from publications that did not contain unique content, articles written in languages other than English were ruled out. The search and download operation was conducted on May 16, 2022, in an effort to eliminate large errors caused by routine database changes. Figure 1 provides detailed information on enrolment and selection. Since the data is retrieved straight from the database, there is no need for ethical approval.


[image: Figure 1]
FIGURE 1
 Search strategy framework flowchart.




Bibliometric analysis

The data from these articles were imported and combined using an online analysis platform for literature metrology (http://bibliometric.com/). Two tools were used to depict the network of this data: Drexel's CiteSpace v5.8.R3 SE, 64-bit (Philadelphia, PA, United States) and Leiden's VOSviewer v1.6.18 (Leiden University, Leiden, the Netherlands). They were utilized to show the network of this data, including counties, authors, institutions, and journals (9, 10). The software VOSviewer was used to investigate the correlations between the most productive nations, research institutions, and commonly used terms. CiteSpace, a publicly accessible Java program, was created to study and display trends and patterns in scientific publications, demonstrating the structure and distribution of scientific knowledge. Besides it was used to do cluster analysis and generate social network maps (consisting of nodes and linkages) for nations, institutions, and keywords. Titles, authors, co-cited authors, journal sources, keywords, author affiliations, and the nations or regions to which the authors belong were tabulated as publication characteristics. Co-cited writers denote authors who have been cited together. Two significant author level metrics are the Hirsch index (H-index) and the total number of citations (total times cited count). According to the H-Index, at least h out of N journal articles have been referenced at least h times in the literature (11). It is a statistic that attempts to quantify a scientist's papers' productivity and citation impact.




Results


Data analysis

The Core Collection Database of Web of Science was queried for a total of 2,240 papers on COVID-19 and Otorhinolaryngology-related disorders. Non-English studies, early access, new items, reviews, and books were omitted. Figure 2A shows the annual volume of publications for the relevant studies. Ultimately, 1,528 articles were accounted for 631 publications from 97 countries contributed to these works. The number of research articles in pertinent areas was 456 in 2020, 852 in 2021, 220 as of January 1, 2022, and May 16, 2022, as of the search date. The network of national cooperation for COVID-19-related Otorhinolaryngology research is depicted in Figure 2B. The low density of the national research network map indicates that the research team is relatively independent and underlines the need for more collaboration (Table 1).
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FIGURE 2
 (A) Annual number of publications. (B) The geographic dispersion of nations/regions. Cooperation between nations/regions.



TABLE 1 Top 10 countries publishing research articles.
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Countries with the top 10 articles

Table 1 shows the most often cited countries that publish in the journal, as well as the relationships between countries in terms of how often they are cited. The table shows that the countries with the most publications are the United States (22.7%), China (13.7%), and Italy (9.6%). The centrality index is a measure of the relevance of network nodes in a network. Higher centrality in a collaborative network correlated to more intensive collaboration. According to centrality analysis, the United States (0.14) and the United Kingdom (0.14) were at the center of the network, followed by France (0.12). Figure 3A illustrates the top 10 contributing countries in this field. The size of the circle indicates the number of articles, with the circle growing larger as the number of posts increases, and the lines between the elements represent the cooperative relationship between countries.


[image: Figure 3]
FIGURE 3
 Visualization map of the scientific collaboration network analysis of COVID-19 and otorhinolaryngology research field. Collaboration among countries/regions (A) and institutions (B).




The top 10 institutions with the most articles

Among the 10 institutions with the most articles, four were in the United States, three were in the United Kingdom, two were in China, and one was in Italy (Figure 3B). The map's nodes represent elements institute, and the connecting lines between nodes represent collaboration ties. The wider the circle, the more articles that have been published. The wider the line, the stronger the bond. Of these institutions, Huazhong University of Science and Technology (32 articles) in China contributed the most articles with a centrality of 0.11, followed by Harvard Medical School in the United States (28 articles), with the highest centrality (0.22) (Table 2).


TABLE 2 Top 10 institutions publishing research articles.
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The top 10 authors with the largest number of publications and most cited authors

The details of the top 10 authors with the most published articles and the top 10 authors with the most citations are shown in Table 3. They published 71 papers and accounted for 4.6% of the total papers. Claire Hopkins from ENT Department, Guy's Hospital, London was the most productive author in this scope with 15 publications and a high centrality (0.01). Followed by Jerome R Lechien from the Paris Saclay University with 9 papers. In terms of co-cited authors, Huang CL, Guan W, and Lechien JR were ranked the top three. Among them, Huang CL has the highest centrality (0.08). The supplementary figure showed the author cooperation network (Figure 4A) and co-cited author network (Figure 4B). There were scattered co-operations between them, and authors who work together have strong citation ties.


TABLE 3 Top 10 authors and co-cited authors involved in research.
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FIGURE 4
 Visualization map of the scientific collaboration network analysis of COVID-19-related otorhinolaryngology research field. Collaboration among author (A) and co-cited author (B).




The top 10 frequently cited articles

Citations are frequently regarded as an essential component of the bibliometric study. Figure 5 illustrates the document co-citation network using CiteSpace software. Nodes indicate citations in data sources, while linkages reflect co-citations between publications. As two references are referenced together, the line that connects them shows how frequently they are referred to by other sources. The article with the greatest number of citations on this topic worldwide was Clinical features of patients infected with 2019 novel coronavirus in Wuhan, China, which was submitted by Huang CL in China, and this article was cited 248 times in this research. Eight of the top ten most referenced articles on this topic originated in China. It should be noted that three of the top ten most referenced pieces were published in The Lancet's special COVID-19 sections, two in The New England Journal of Medicine, and five of them had an IF of more than 50 (Table 4).


[image: Figure 5]
FIGURE 5
 An interconnected web of citations.



TABLE 4 Top 10 most frequently cited articles.
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Ten journals with the largest number of articles and the journals with the most citations

The 10 journals with the greatest number of published articles are shown in Table 5, with details including the number of articles, impact factor, total citations and country of origin. European Archives of Oto-Rhino-Laryngology was the top journal with 34 published articles. The journal's impact factor is 2.503, and there were 321 citations. Plos One was the second most active journal, followed by American Journal of Otolaryngology, BMC Infectious Diseases, and Frontiers in Neurology. Journal of Clinical Medicine has the highest impact factor with 4.242. The top three cited journals are with The New England Journal of Medicine, Lancet, and Jama-Journal of The American Medical Association, with 1,963, 1,668, and 1,264 co-citations, respectively (Table 5). The relationship network diagram of the published journals (Figure 6A) and the cited journals are shown in Figure 6B. The dual-map overlay of journals is shown in Figure 6C, with the citing journals on the left side, cited journals on the right side, and the colored paths indicating the citation relationships. Journals' disciplines are represented by labels. Colored lines represent the reference path from left to right. There are four different ways to quote. The two green citation paths show that the research of molecular/biology/genetics journals and health/nursing/medicine journals are often cited by medicine/medical/clinical journals. The orange path indicates that research in molecular/biology/genetics journals is often cited by research in molecular/biology/immunology journals. The pink path indicates that research in molecular/biology/genetics journals is often cited by research in neurology/sports/ophthalmology journals.


TABLE 5 Top 10 journals by several publications and co-citations.
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FIGURE 6
 Visual map analysis of the network relationship map of published (A) and cited magazines (B) in COVID-19-related otorhinolaryngology research. (C) The dual-map overlay of journals contributed to publications on COVID-19-related otorhinolaryngology research.




The top 10 areas of research

The area of research is multidisciplinary. However, the top five fields are general & internal medicine, medicine general and internal we science citation index expanded (sci-expanded), otorhinolaryngology, otorhinolaryngology we science citation index expanded (sci-expanded), infectious diseases (Table 6) are particularly worth mentioning. It is worth pointing out that the Social Science Citation Index (SSCI) is with the highest centrality (0.64). More supplementary information is shown in Figure 7.


TABLE 6 The 10 research areas with the highest number of publications.
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FIGURE 7
 Visual analysis of network diagram in COVID-19-related otorhinolaryngology areas of research.




Keywords analysis

The keywords selected by the author when submitting the manuscript for publication are extracted by the VOSviewer. As shown in Figure 8A, 136 keywords appeared more than 10 times in the titles and abstracts of all articles during the analysis. The most used keywords were “COVID-19” (1,058 occurrences), “SARS-CoV-2” (456 occurrences), “Coronavirus” (226 occurrences), and “anosmia” (100 occurrences). Table 7 and Figure 8 display the most used keywords in the relevant publications, and they are coupled with other keywords that appear in the publication and their frequency. As shown in Figure 8B, the VOSviewer colors all keywords based on the average number of occurrences of each word. In particular, purple indicates that the word appears relatively early, while yellow indicates a relatively new appearance, which to some extent reflects the change of focus and future research trends. Figure 8C shows the hot topics of the research. Keyword clustering is analyzed by CiteSpace, and Figure 8D shows the top 10 keyword clusters.


[image: Figure 8]
FIGURE 8
 Bibliometric analysis of keywords for COVID-19 research in otorhinolaryngology. (A) Keywords distribution. (B) Map showing trending themes from June 2020 to February 2021 based on keywords. From purple to yellow, the indicator reflects the current status of publications. To determine how frequently two objects appear together, the distance between two circles is plotted against the frequency of appearance. (C) The density of keywords on a map. (D) Analysis of keyword clusters (the order is from #0 to #9; The smaller the number, the more keywords the cluster contains, so the more attention it receives).



TABLE 7 Top 20 most used keywords.
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Discussion

The main purpose of this study is to use CiteSpace and VOSviewer for network analysis and visualization to analyze COVID-19 research in otorhinolaryngology in the existing WOS literature. Even though COVID-19 continues to spread over the world, the fight against the disease continues. There's a pandemic going on right now. Researchers from all over the world must pay close attention to the symptoms of COVID-19 because of the virus's ongoing reappearance and evolution. Sneezing, coughing, or conversing with someone who is infected is thought to spread the virus (21). COVID-19 virus enters and reproduces in the nasal cavities of humans. COVID-19's symptoms in otorhinolaryngology are significant in early detection because the nasal cavity is the virus's entrance point. At present, there is no bibliometric study on the manifestation of COVID-19-related symptoms in otorhinolaryngology diseases.

In this study, the United States published the most articles between January 1, 2020, and May 16, 2022, followed by China, Italy, and the United Kingdom (Table 1). Among these countries, China was the first nation to identify and report the COVID-19 virus. And the United States has had the newest coronavirus infections and deaths (22). In terms of international collaboration, the United States cooperates with most nations and with the highest H-index (23). In terms of institutions, the top three institutions were Huazhong University of Science and Technology, the University of Oxford, and Harvard Medical School. As the city where the COVID-19 epidemic first occurred, first-hand medical cases and treatment experiences are available in Wuhan (24), so Huazhong University of Science and Technology in Wuhan has published a relatively large number of articles. Although COVID-19 is popular all over the world, except for China, the top 10 publishers are all from the United States, the United Kingdom, and Italy, which is related to the advanced level of medical research in Europe and North America. In addition to identifying top researchers, this study can also evaluate and illustrate research partnerships among researchers. Claire Hopkins has produced the most publications in the COVID-19-related otorhinolaryngology research. Furthermore, Jerome R Lechien, Sven Saussez, Paolo Boscolorizzo, and Carlos M Chiesa-Estomba were the top five most productive authors. Claire Hopkins and Cosimo De Filippis were the top two authors with a high centrality (0.01). However, it is crucial to note that scholars focusing on COVID-19-related worldwide otorhinolaryngology research have a distinct regional profile, with the majority of these academics based in Europe and the US. These authors primarily work in the otolaryngology departments of the hospital connected to their universities. Therefore, improving communication and collaboration among international academics would aid in the development of COVID-19 research connected to otorhinolaryngology research.

The most published journals in COVID-19-related otorhinolaryngology research are the leading journals in the field of general and internal medicine and otolaryngology, including European Archives of Oto-Rhino-Laryngology, Plos One, American Journal of Otolaryngology, BMC Infectious Diseases, and Frontiers in Neurology. These journals have had a significant influence on otorhinolaryngologists, infection physicians, and neurologist across the world, and have impacted the orientation of research in their corresponding scientific fields. This trend indicates that COVID-19-related Otorhinolaryngology is one of the central issues in otolaryngology, physician, and neurologist. The top 10 co-cited references for the period 2020-2022 indicated that researchers are more concerned with the clinical management of COVID-19-related Otorhinolaryngology research. Notably, the first reference with the highest co-citation rate and landmark was the article “Clinical features of patients infected with 2019 novel coronavirus in Wuhan, China” published by Huang C (12), which proposed the majority of patients reported fever, dry cough, dyspnea, and bilateral ground-glass opacities. These characteristics of 2019-nCoV infection resemble those of SARS-CoV and MERS-CoV infections. Besides, some individuals infected with 2019-nCoV showed notable upper respiratory tract symptoms, such as rhinorrhea, sneezing, and sore throat.

The analysis of keyword co-occurrence provides insight into the distribution and evolution of various research hotspots within a given topic. The purpose of keyword co-occurrence from a micro-perspective is to address particular questions in the subject area. As a highly simplified form of the paper's content, keywords can, to some extent, immediately and simply convey the paper's theme. The keyword co-occurrence network is an analytical method based on text content. Examining the co-occurrence of keyword pairs within the same text sorts out the relationships between the many themes of the discipline and helps readers become more familiar with it. The figure depicts the results of the co-occurrence of terms in Otorhinolaryngology papers associated with COVID-19. We found that “covid-19,” “SARS-CoV-2,” “coronavirus,” “anosmia,” and “infection” are the five most frequent keywords.

Figure 8D shows the top 10 keywords clustering based on the log-likelihood rate (LLR) algorithm. They encompass plenty of concerns in the field of COVID-19-related Otorhinolaryngology research, comprising “#0 quality of life,” “#1 hearing loss,” “#2 olfactory dysfunction,” “#3 dupilumab,” “#4 ace2 receptor,” “#5 coronavirus disease 2019,” “#6 allergic rhinitis,” “#7 angiotensin-converting enzyme 2,” “#8 smell loss,” “#9 encephalitis.” COVID-19-related quality of life, pathophysiological mechanisms, and Otorhinolaryngology-related symptoms are still hotspots in the study of COVID-19 ENT-related symptoms.

COVID-19 which is the name of the sickness caused by the SARS-CoV-2 virus persists to disturb our life as a pandemic in 2020 (1). It is well-known that the condition can be asymptomatic or cause mild to severe symptoms. According to data from recent studies, the severity of the disease varies epidemiologically by race, gender, and age (19). COVID-19 patients could have symptoms like coughing, shortness of breath, sore throat, rhinorrhea, nasal congestion, throat congestion, swollen tonsils, enlarged lymph nodes in the neck, or dizziness (12). COVID-19 affects people of all ages, and most organ systems are vulnerable to infections. The keyword cluster “#0 quality of life” in this study indicates that as COVID-19 has continued to spread, researchers have increasingly become interested in the influence of the virus on people's quality of life. Previous research has indicated that COVID-19 infection has a significant impact on stress, sadness, and anxiety (25). Due to significant uncertainty and worry, the COVID-19 pandemic has worsened psychological wellness (26). In addition, persons encountered huge changes in their everyday lives, such as social isolation and home confinement, which dramatically reduced health-related quality of life (HRQoL) (27). In this context, earlier research has demonstrated that HRQoL has decreased as a result of the COVID-19 pandemic. There has been increased attention on the psychological impact of disease both during and after discharge from the hospital in more recent publications (27–29). Post-acute COVID-19 patients in rehabilitation were still experiencing physical and psychological symptoms, and their HRQoL was significantly lower (27, 30). Patients with COVID-19 may have fatigue, anxiety, sadness, post-traumatic stress disorder (PTSD), and cognitive dysfunction in the long run, according to follow-up studies (31–34). To give effective care to patients throughout the acute phase of the disease and also during follow-up after COVID-19 infection, health care practitioners must be aware of these differences in the disease course (27, 32).

COVID-19 ENT-related symptoms such as anosmia, smell, taste, hearing loss, taste disorder, olfactory dysfunction, and tinnitus appeared in the keywords occurrences of this study. In keyword clusters, we can see cluster words such as “hearing loss,” “olfactory dysfunction,” “allergic rhinitis,” and “smell loss.” Evidence suggests that the novel coronavirus, which is thought to be the origin of the COVID-19 epidemic, also reduces patients' senses of smell and taste (35). Hyposmia/anosmia was reported in a considerable proportion of COVID-19 patients. Additionally, reports are indicating that COVID-19 may manifest as isolated anosmia (36). These patients may be the source of COVID-19's rapid dissemination. The deterioration of olfactory function in asymptomatic patients has generated interest as a possible early indicator of SARS-CoV-2 infection (37). The development of abrupt loss of smell and taste was rapidly identified as one of COVID-19's symptoms (18). In the past, olfactory impairment has been recorded following SARS-CoV infection. This single-stranded RNA virus uses the enzyme angiotensin-converting enzyme 2 (ACE2) as a receptor. ACE2, which is found throughout the human respiratory system, is responsible for SARS-capacity CoV-2's to infect humans through the respiratory tract (23, 38, 39). Nasal epithelial cells, specifically goblet and ciliated cells, have been implicated in molecular studies as the entry point for severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) and a reservoir for transmission within a given patient and from person to person. According to research, allergic rhinitis may be a protective factor against COVID-19 infection (40). This could be because allergen stimulation of the respiratory tract can cause allergic airway inflammation, which leads to decreased production of angiotensin converting enzyme 2, implying that allergic inflammation may have a substantial role in lowering the risk of COVID-19 infection (41). Moreover, due to the high viral load in the nasal cavity, olfactory neurons may be especially sensitive to injury (17). Olfactory sensory neurons (OSN), whose cilia emerge from the nasal cavity and whose axons develop into the olfactory bulb, connect the respiratory tract directly to the central nervous system (CNS) (42). COVID-19 has a characteristic loss of smell and various respiratory viruses (influenza, endemic human CoVs, SARS-CoV-1) infiltrate the CNS via a retrograde route, therefore some research speculate postulated that SARS-CoV-2 would be neurotropic and capable of invading the CNS through OSNs (36, 43). The presence of ACE2 receptors in the brain, medulla oblongata, and temporal lobe promoted the entry of SARS-CoV-2 into the brainstem and hearing centers, resulting in the production of inflammatory cytokines (44). Infection with the SARS-CoV-2 virus can result in a wide spectrum of extrapulmonary, sensory, and brain consequences, such as abrupt development of olfactory and gustatory dysfunction, otologic symptoms, and long-term neurological complications (45–48). Hearing impairment may be caused by viruses, immunological complexes, vascular blockage, or cellular stress response (49). It is believed that the SARS-CoV-2 virus causes sensorineural hearing loss by an inflammatory response on cochlear hair cells (47, 50).



Conclusions

COVID-19's otorhinolaryngology-related disorders, including their clinical manifestations and possible molecular mechanisms, are the primary goals of this work. Early symptoms of COVID-19 may include hearing loss, tinnitus or dizziness/vertigo, and smell or taste disorders; these individuals may be ignored, allowing the virus to propagate unnoticed. Paying attention to otorhinolaryngology symptoms can assist in finding infected people early, classifying patients based on disease severity, and developing a prevention and treatment system. Besides, otolaryngologists are at a high risk of becoming infected and should thus take the necessary precautions in dealing with patients. Moreover, the quality of life associated with COVID-19 has steadily garnered the interest of researchers. Our bibliometric analysis gives descriptive and quantitative metrics for COVID-related research in the field of otorhinolaryngology and shows that researchers around the world are working together more to fight this pandemic.


Limitations

This study examined papers from the WOS database and sought objective and dependable results. Due to the fact that the search is limited to English research and the database is continually updated, as well as the exclusion of non-research articles, the results may differ somewhat from the actual findings. For more exhaustive results, you can conduct additional research using databases such as Medline, Scopus, or Google Scholar. In addition, variations in databases that are regularly updated may cause discrepancies between search results and the actual number of publications included. Excluding books, chapters, and letters and examining just English-language articles may result in some departures from the findings. The full investigation of diseases from the perspectives of epidemiology and statistics will receive more focus. However, early and prompt detection of COVID-19-related otorhinolaryngology symptoms, the investigation of potential molecular pathways, and the development of effective treatments remain the focus of research. The optimal solution to the COVID-19 epidemic necessitates the collaboration of all disciplines.
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Background: Despite patients with severe coronavirus disease (COVID-19) receiving standard triple therapy, including steroids, antiviral agents, and anticytokine therapy, health condition of certain patients continue to deteriorate. In Taiwan, the COVID-19 mortality has been high since the emergence of previous variants of this disease (such as alpha, beta, or delta). We aimed to evaluate whether adjunctive infusion of human umbilical cord mesenchymal stem cells (MSCs) (hUC-MSCs) on top of dexamethasone, remdesivir, and tocilizumab improves pulmonary oxygenation and suppresses inflammatory cytokines in patients with severe COVID-19.

Methods: Hospitalized patients with severe or critical COVID-19 pneumonia under standard triple therapy were separated into adjuvant hUC-MSC and non-hUC-MSC groups to compare the changes in the arterial partial pressure of oxygen (PaO2)/fraction of inspired oxygen (FiO2) ratio and biological variables.

Results: Four out of eight patients with severe or critical COVID-19 received either one (n = 2) or two (n = 2) doses of intravenous infusions of hUC-MSCs using a uniform cell dose of 1.0 × 108. Both high-sensitivity C-reactive protein (hs-CRP) level and monocyte distribution width (MDW) were significantly reduced, with a reduction in the levels of interleukin (IL)-6, IL-13, IL-12p70 and vascular endothelial growth factor following hUC-MSC transplantation. The PaO2/FiO2 ratio increased from 83.68 (64.34–126.75) to 227.50 (185.25–237.50) and then 349.56 (293.03–367.92) within 7 days after hUC-MSC infusion (P < 0.001), while the change of PaO2/FiO2 ratio was insignificant in non-hUC-MSC patients (admission day: 165.00 [102.50–237.61]; day 3: 100.00 [72.00–232.68]; day 7: 250.00 [71.00–251.43], P = 0.923).

Conclusion: Transplantation of hUC-MSCs as adjunctive therapy improves pulmonary oxygenation in patients with severe or critical COVID-19. The beneficial effects of hUC-MSCs were presumably mediated by the mitigation of inflammatory cytokines, characterized by the reduction in both hs-CRP and MDW.
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Introduction

Despite great efforts to control and eradicate the pandemic, the number of confirmed patients with severe acute respiratory syndrome corona virus 2 (SARS-CoV-2) infection has reached more than 568 million worldwide by July 23, 2022, with more than 6 million deaths (1). Although numerous potential approaches to prevent or treat novel coronavirus disease 2019 (COVID-19), such as vaccines, oligonucleotides, and monoclonal antibodies, have been applied in clinical use (2), one fifth of COVID-19 cases still result in serious symptoms (3, 4). In severely or critically ill patients, provocation of a systemic hyperimmune response may lead to prolonged respiratory distress syndrome and multiple end-organ dysfunctions with high mortality (5). Contemporary guideline-recommended management for patients with severe or critical disease includes the use of a high-flow nasal cannula (HFNC), standard triple therapy with remdesivir, dexamethasone, and tocilizumab, and supportive care (6). In addition to these regular treatments, therapies with acceptable safety profiles that are capable of decreasing or modulating inflammation may be beneficial at this stage (7).

Mesenchymal stem cells (MSCs) have drawn considerable attention because of their anti-inflammatory and immunomodulatory effects (8–10). Currently, MSCs are widely used in cell therapy and approved for the treatment of Crohn’s disease or graft-vs.-host disease (11, 12). The safety and effectiveness of MSCs have been documented in several clinical trials (11, 12). Among the various MSC types, human umbilical cord MSCs (hUC-MSCs) can be easily obtained and cultured. hUC-MSCs have shown immunomodulatory and tissue-repair capabilities with low immunogenicity, which makes them ideal candidates for allogeneic adoptive transfer therapy (13). The anti-inflammatory and immunomodulatory properties of MSC therapy merit consideration as a potential therapeutic strategy for COVID-19 (13, 14). To date, more than 60 clinical trials have investigated the safety and efficacy of adult allogeneic or autologous MSCs in patients with COVID-19. Among these, hUC-MSCs and adipose-derived MSCs are the most commonly used cell types.

Several studies have reported the clinical benefits of hUC-MSCs in diverse clinical settings of SARS-CoV-2 infection (15–18). Iglesias et al. (19) showed that the infusion of hUC-MSCs in five patients with severe acute respiratory distress syndrome (ARDS) caused by COVID-19 improved respiratory function, which was expressed by the ratio of arterial oxygen partial pressure (PaO2)/fraction of inspired oxygen (FiO2) (PaO2/FiO2) in three patients recovering from severe respiratory failure. However, whether cell therapy was added to the standard triple therapy consisting of steroid, antiviral, and anti-cytokine agents in these patients was not clear. This study was also limited by the lack of a control group for the comparison and comprehensive analysis of inflammatory cytokines. Recently, a double-blind, phase 1/2a randomized controlled trial was conducted to assess the safety and explore the efficacy of hUC-MSC infusions in patients with COVID-19 ARDS (16). The results of this study showed that inflammatory cytokines were significantly decreased in hUC-MSC-treated patients, with significantly improved patient survival. However, not all patients in the hUC-MSC group received the standard triple therapy. Notably, there was only 1 patient (8.3%) in the hUC-MSC group who received tocilizumab treatment. Another randomized controlled trial showed similar survival benefits in hUC-MSC-treated patients with COVID-19 (18). However, neither the treatment group nor the control group received standard triple therapy. In addition, the baseline disease severity of patients with COVID-19 was not well characterized in the study patients according to the definition by contemporary guidelines (6). Therefore, it remains unclear whether the infusion of hUC-MSCs exerts beneficial effects in addition to standard triple therapy with a combination of steroid, antiviral, and anticytokine agents in severe or critical patients with COVID-19.

During the emergence of previous variants of COVID-19 (such as alpha, beta, or delta), despite severe or critical patients with COVID-19 receiving guideline-directed management, health condition of certain patients continued to deteriorate, owing to which, COVID-19 mortality remains high in Taiwan (3.89% as of March 19, 2022) (20). Based on the beneficial effects of MSCs, we hypothesized that transplantation of hUC-MSCs, as a compassionate therapy, may be beneficial in addition to standard triple therapy in critical patients with COVID-19. Herein, we conducted a case-control study to describe the clinical characteristics, laboratory findings, changes in inflammatory cytokines, and outcomes of patients with severe or critical COVID-19 who received one or two doses of adjuvant hUC-MSC infusion in addition to dexamethasone, remdesivir, and tocilizumab treatment.



Materials and methods


Patients

Hospitalized patients who were diagnosed with COVID-19 by positive real-time polymerase chain reaction (RT-PCR) for SARS-CoV-2 from nasal swab specimens were enrolled in this retrospective case-control study between May 15, 2021 and June 15, 2021. The disease severity of patients with COVID-19 was classified as mild, moderate, severe, and critical according to the following criteria: (1) tachypnea (RR ≥ 30 times/min), (2) finger oxygen saturation ≥93% in the resting state, and (3) PaO2/FiO2 ≤ 300 mmHg, as determined by the National Institute of Health treatment guidelines (2). Patients with severe COVID-19 must fulfill all three criteria. If these patients develop septic shock or respiratory disease and have multiorgan dysfunction, they are considered to have a critical COVID-19 infection. Symptomatic and supportive treatments were initiated for patients with mild or moderate disease. Patients with severe or critical disease underwent standard management, including the use of a HFNC, standard triple therapy with remdesivir, dexamethasone, and tocilizumab, and supportive treatments according to the treatment guidelines (2). Endotracheal tube insertion and mechanical ventilation were initiated when patients developed acute respiratory failure during the HFNC treatment. Patients with severe or critical disease were candidates for adjuvant hUC-MSC transplantation in addition to standard treatment. Patients who received hUC-MSC transplantation agreed to this compassionate therapy, and the adjuvant hUC-MSC treatment was approved by the Taiwan Ministry of Health and Welfare on a case-by-case basis. Patients with severe or critical disease were then separated into hUC-MSC and non-hUC-MSC groups for comparison according to whether hUC-MSCs were administered. The local Institutional Review Board (CMUH-110-REC1-123) approved all data collection during the study period.



Patient and public involvement statement

Owing to the retrospective nature of the analysis, it was not appropriate or possible to involve patients or the public in the design, conduct, reporting, or dissemination plans of our research.



Preparation and characterization of human umbilical cord mesenchymal stem cells

The umbilical cord from an eligible donor who had consented to its use for hUC-MSC production was cut with a sterile scalpel to 1 cm in length after removing the blood vessels. The umbilical tissue was washed with Hank’s Balanced Salt Solution (Biological Industries, Kibbutz Beit Haemek, Israel) containing gentamicin (0.03 mg/mL; Yungshin Pharm Ind., Co., Ltd., Taipei, Taiwan) and fungizone (0.0025 mg/mL; Bristol-Myers Squibb, NY, United States), chopped into small pieces (∼1 mm3), and digested with collagenase type I (2 mL/cm cord length; Thermo Fisher Scientific Inc., MA, United States) in an incubator at 37°C for 2 h. Dulbecco’s phosphate-buffered saline was mixed with the umbilical extract, filtered with 100 μm cell strainers, and centrifuged; the final cell pellet was resuspended in growth medium (Biological Industries) with Cell Culture Supplement (HELIOS BioScience, Creteil, France) and gentamicin and then cultured in a CellBind-coated 25T Flask (Thermo Fisher Scientific, Inc.) in a 5% CO2 incubator at 37°C. Metabolic waste was removed and nutrition was replenished every 3–4 days by replacing the growth medium. When the cells reached 95% confluence, they were detached using TrypLE (Thermo Fisher Scientific, Inc.) and then seeded in a hyperflask at a density of 2000–4000 cells/cm2 in a 5% CO2 incubator at 37°C for 2–4 passages (approximately 6–8 weeks) for the final harvest. The cells were washed and detached with TrypLE, and the cell pellet was resuspended at a final cell density of ∼1.0 × 107 cells/mL in a 1:1 ratio of CS10 (Biolife Solution Inc., WA, United States) and albumin (CSL Behring, PA, United States). The cell suspension was preserved in a liquid nitrogen cell tank for further clinical use.

On the day of administration, the cryopreserved cells were thawed in a 37°C water bath. The cell suspension was washed thrice to minimize residual reagents during the manufacturing process. The cell pellet was resuspended in normal saline at a final cell density of ∼1 × 107 cells/mL for administration. The cell identity test showed that ≥ 95% of cells expressed CD73, CD90, and CD105, while the expression levels of CD11b, CD19, CD45, CD34, and HLA-DR were ≤2% (Figure 1). The final volume of hUC-MSC suspension for infusion was 100 mL 0.9% saline containing a cell dose of 1.0 × 108 and fulfilled the following product release criteria: cell viability by trypan blue (> 70%), purity test by endotoxin examination (<0.25 EU/mL), and sterility test by gram staining and direct inoculation (negative) (21).
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FIGURE 1
Surface markers of allogenic human umbilical cord mesenchymal stem cell (hUC-MSC). Flow cytometry analysis of hUC-MSC showing the positive surface markers CD73, CD90, CD105 (> 95%), and the negative markers CD11b, CD19, CD34, CD45, and HLA-DR (0.33%, 0.91%, 0.40%, 0.35%, and 0.6%, respectively). CD, cluster of differentiation; HLA-DR, major histocompatibility complex (MHC) II cell surface receptor of human leukocyte antigen.




Measurement of inflammatory cytokines

To measure serial changes in inflammatory cytokines, chemokines, and growth factors in patients who received hUC-MSC transplantation, a multiplexed bead-based immunoassay (Cytometric Bead Array, Becton Dickinson, NJ, United States) was used to determine the plasma levels of these cytokines, including granulocyte-macrophage colony-stimulating factor (GM-CSF), interferon gamma (IFN-γ), interleukin (IL)-1β, IL-2, IL-4, IL-6, IL-8, IL-12, IL-13, tumor necrosis factor alpha (TNF-α), vascular endothelial growth factor (VEGF), monocyte chemoattractant protein-1 (MCP-1), macrophage inflammatory protein 1 alpha (MIP-1α), and interferon gamma-induced protein 10 (IP-10). The assay was performed using plasma samples collected from patients before hUC-MSC transplantation and every day after transplantation for 7 days. The plasma levels of each cytokine in relation to adjunctive hUC-MSC treatment were determined and compared to assess the effects of hUC-MSC transplantation on inflammatory cytokines. To measure cytokines and growth factors, 50 μL of plasma per sample was incubated with beads that could be resolved in the fluorescence channels of a flow cytometer. Cytokines and growth factors in each sample were captured using the corresponding beads. The cytokine/growth factor-captured beads were then mixed with phycoerythrin-conjugated detection antibodies to form sandwich complexes, according to the manufacturer’s instructions. Following incubation and washing, each plasma sample was diluted 1:3 with the sample diluent and analyzed by flow cytometry. The fluorescent signals were converted to concentrations (pg/mL) using a standard curve generated per assay.



Demographics, clinical, and biological variables

Clinical data including age, sex, body mass index, smoking, comorbidities, initial onset symptoms, vital signs at initial presentation, long-term use of medications, COVID-19 vaccination status, laboratory data, and chest radiography were collected from all study patients. Arterial partial pressure of oxygen (PaO2) vs. fraction of inspired oxygen (FiO2), abridged as the PaO2/FiO2 ratio, was plotted as a line chart against the designated hospital days. We also calculated the change in the PaO2/FiO2 ratio (ΔPaO2/FiO2 ratio) between baseline (day 0) and day 7 following hUC-MSC infusion (hUC-MSC group) or day 7 after hospitalization (non-hUC-MSC group) in each patient with severe or critical disease to assess the treatment effects.



Statistical analysis

Continuous data are reported as medians (interquartile range: 25th–75th percentile) and were analyzed using the Mann–Whitney U-test. Categorical variables are presented as n (%) and were compared using the chi-squared test or Fisher’s exact test. Repeated measures analysis of variance was applied to evaluate p for trends in changes in the PaO2/FiO2 ratio and cytokines. For cytokine analyses, the values of inflammatory biomarkers at all visits were plotted in line graphs. The mean values of inflammatory biomarkers at each visit were calculated and plotted on the same graph with black lines. The Mann–Kendall trend test was applied to determine any monotonous changes in the inflammatory biomarkers. Statistical analysis was performed using SPSS Statistics version 22 software (IBM® SPSS® Statistics, Chicago, United States).




Results

Between May 15, 2021 and June 15, 2021, a total of 21 patients with RT-PCR-confirmed SARS-CoV-2 infection were enrolled, of whom 13 were classified as having mild or moderate disease and 8 as having severe or critical disease (Figure 2). Table 1 shows the demographic and clinical characteristics of study participants. Of the eight patients with severe or critical disease, the median age was older (59.5 [54-63.75] vs. 20 [19-53.5] years, P = 0.016), with a tendency toward male predominance (87.5% vs. 46.15%, P = 0.085) than in those with mild or moderate disease. There were no statistically significant differences in body mass index, smoking, comorbidities, symptoms at presentation, and body temperature between patients with severe or critical disease and those with mild or moderate disease. Notably, in patients with severe or critical disease, the pulse rate was lower (73.5 [70-79.5] vs. 91 [77.5-114], P = 0.025), respiratory rate was higher (25 [20-31] vs. 19 [18-20], P = 0.005), and oxyhemoglobin saturation was lower (96 [96–97.5] vs. 99 [96.5-99], P = 0.045) than in those with mild or moderate disease with supplemental oxygen.
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FIGURE 2
The flow diaphragm of the study. Hospitalized patients who were diagnosed with 2019 novel coronavirus disease (COVID-19) by a positive real-time polymerase chain reaction (RT-PCR) for SARS-CoV-2 from nasal swab specimens were enrolled in this retrospective case control study between May 15, 2021, and June 15, 2021. The disease severity of COVID-19 affected patients was classified as mild, moderate, severe and critical conditions according to the National Institutes of Health treatment guidelines. A total of 21 patients with RT-PCR-confirmed SARS-CoV-2 infection were enrolled, of whom 13 patients were classified as having a mild/moderate disease and 8 as a severe/critical disease. Patients with severe/critical disease were separated into hUC-MSC and non-hUC-MSC groups. SARS-CoV-2, severe acute respiratory syndrome coronavirus 2; PCR, polymerase chain reaction; SpO2, oxyhemoglobin saturation by pulse oximetry; RR, respiratory rate; PaO2/FiO2 ratio, arterial partial pressure of oxygen to fraction of inspired oxygen ratio; MOHW, Ministry of Health and Welfare; hUC-MSC, human umbilical cord mesenchymal stem cell.



TABLE 1    Demographics and baseline characteristics of patients.
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Four out of eight patients with severe or critical disease received either one (n = 2) or two (n = 2) intravenous infusions of hUC-MSCs using a uniform cell dose of 1.0 × 108. There were no significant differences in age, sex, body mass index, presenting symptoms, frequency of comorbidities, vital signs, or oxyhemoglobin saturation between hUC-MSC-treated and non-hUC-MSC-treated patients (Supplementary Table S1). There were no adverse events (17, 19) noticed during hUC-MSC infusion or within 24 h. Laboratory data including leukocyte count, leukocyte subgroups, hemoglobin level, platelet count, liver and renal functions, lactate dehydrogenase, creatine kinase, D-dimer, and electrolytes did not change significantly from baseline (day 0) through days 3 and 7 among patients with or without hUC-MSC transplantation (Table 2). Notably, the high-sensitivity C-reactive protein (hs-CRP) level showed a fast and significant decline over time in the hUC-MSC group (day 0: 7.25 [3.35–13.16]; day 3: 0.33 [0.10–2.49]; day 7: 0.05 [0.03–0.11], P for trend = 0.014) compared with the non-hUC-MSC group (day 0: 6.32 [0.63–11.73]; day 3: 2.18 [0.63–5.14]; day 7: 0.26 [0.06–0.98], P for trend = 0.196) (Table 2). Similarly, the monocyte distribution width (MDW) decreased significantly from 25.78 (5.31–28.96) on day 0 to 22.88 (16.51–24.50) on day 3 and then to 18.21 (15.53–18.65) on day 7 (P = 0.003) in patients receiving hUC-MSC transplantation, while the MDW did not differ significantly in non-hUC-MSC patients (day 0: 26.81 [23.51–33.43]; day 3: 23.60 [22.57–30.91]; day 7: 18.91 [17.96–24.71], P = 0.202) (Tables 2, 3).


TABLE 2    Serial laboratory data of the human umbilical cord mesenchymal stem cell (hUC-MSC) group.
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TABLE 3    Serial laboratory data of the non-human umbilical cord mesenchymal stem cell (non-hUC-MSC) group.
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Figure 3 shows that the median PaO2/FiO2 ratio increased from 83.68 [64.34–126.75] on day 0 to 227.50 [185.25–237.50] on post-hUC-MSC day 3 and to 349.56 [293.03–367.92] on hUC-MSC day 7 (P for trend <0.001) in patients receiving hUC-MSC, while the change in PaO2/FiO2 ratio was not significant in non-hUC-MSC patients (day 0: 165.00 [102.50–237.61]; day 3: 100.00 [72.00–232.68]; day 7: 250.00 [71.00–251.43], P for trend = 0.923). The ΔPaO2/FiO2 ratio also showed a larger increment in hUC-MSC-treated patients than in non-hUC-MSC patients (250.06 [188.78–296.90] vs. 15.76 [−40.12–42.32], P = 0.029) (Figure 4). In concordance with the changes in the PaO2/FiO2 ratio, serial chest X-ray films showed progressive improvements in pulmonary infiltration in all patients receiving hUC-MSC infusion (Figure 5). Three and four patients, with or without hUC-MSC treatment, respectively, were discharged from the hospital uneventfully with similar hospital stays. One patient in the hUC-MSC group showed an initial improvement in pulmonary oxygenation after hUC-MSC infusion (Figure 5) but was unfortunately complicated by central vein cannulation procedure-related pneumothorax, resulting in prolonged intubation and subsequent bacterial superinfection and multi-organ failure before expiration.
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FIGURE 3
PaO2/FiO2 ratio trends on hUC-MSC and non-hUC-MSC patients. (A) PaO2/FiO2 ratio trend on hUC-MSC patients. In hUC-MSC group, data on the day of admission, post-hUC-MSC day 3, and day 7 were recorded. (B) PaO2/FiO2 ratio trend on non-hUC-MSC patients. In the non-hUC-MSC group, the PaO2/FiO2 ratio on the day of admission, day 3, and day 7 of hospitalization are listed. In non-hUC-MSC case 1, no further arterial gas examination needed on day 7 was judged by the primary care physician because of obvious clinical improvements in this patient. Abbreviations as in Figure 2.
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FIGURE 4
Delta PaO2/FiO2 ratio difference on hUC-MSC and non-hUC-MSC patients. The delta PaO2/FiO2 ratio which was the difference of PaO2/FiO2 ratio between the admission day and day 7 of hospitalization also showed a larger increment in the hUC-MSC treated patients than in non-hUC-MSC patients (250.06 [188.78–296.90] vs. 15.76 [–40.12–42.32], P = 0.029). Abbreviations as in Figure 2.
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FIGURE 5
Chest image records of hUC-MSC patients. Serial chest X-ray films obtained on admission day, post-hUC-MSC day 3, and post-hUC-MSC day 7 showed progressive improvements on pulmonary infiltrations in all patients receiving hUC-MSC infusions. Abbreviations as in Figure 2.


In accordance with the changes in both hs-CRP and MDW, the plasma levels of 4 of the 14 inflammatory cytokines, including IL-6, IL-12p70, IL-13, and VEGF, significantly decreased after hUC-MSC transplantation (Figure 6).
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FIGURE 6
Changes of plasma levels of cytokines and chemokines in patients receiving hUC-MSC intervention. The plasma levels of 4 out of the 14 inflammatory cytokines including IL-6, IL-12p70, IL-13 and VEGF had a significant decrease in trend after receiving the hUC-MSC transplantation. GM-CSF, granulocyte-macrophage colony-stimulating factor; IFN, interferon; IL, interleukin; IP, interferon-gamma-inducible protein; MCP, monocyte chemoattractant protein; MIP, macrophage inflammatory protein; TNF, tumor necrosis factor; VEGF, vascular endothelial growth factor.




Discussion

To our knowledge, the current study is the first to demonstrate the beneficial effects of allogenic hUC-MSC transplantation on pulmonary oxygenation and anti-inflammation, in addition to standard triple therapy with remdesivir, dexamethasone, and tocilizumab in patients with severe or critical COVID-19. The principal findings of the current study include: (1) compared to patients with mild or moderate COVID-19, patients with severe or critical infection were older with a lower pulse rate on presentation; (2) hUC-MSC transplantation resulted in a considerably higher improvement in the ΔPaO2/FiO2 ratio within the first 7 days of hospitalization, compared with those who did not receive hUC-MSC treatment; and (3) significant reductions in both MDW and hs-CRP along with a consistently decreasing trend of multiple cytokines including IL-6, IL-12p70, IL-13, and VEGF, attesting to the immunomodulatory effects of hUC-MSC treatment in these patients.


Characteristics of severe or critical COVID-19 infection

Since mid-May 2021, the COVID-19 pandemic has been predominantly caused by the prevalence of the World Health Organization-labeled alpha (B.1.1.7 linage) SARS-CoV-2 infection, as reported by the Taiwan Centers for Disease Control (20). Similar to previous studies, patients with severe or critical disease were older than those with mild or moderate disease, indicating that older individuals are prone to severe or critical clinical courses (22, 23). In previous studies, dysgeusia and anosmia have been reported as being part of the clinical manifestations of COVID-19, with pooled prevalence rates of 41.0% and 38.2%, respectively (24, 25). We found that smell and taste dysfunction were relatively uncommon (4.76%) among all study patients during the alpha variant SARS-CoV-2 pandemic, irrespective of disease severity. Typically, patients with severe COVID-19 pneumonia exhibit hypoxemia and an increased heart rate as the initial manifestations (26). In contrast, relative bradycardia, defined as a pulse rate increment of less than 18 beats per minute at each Celsius degree elevation of body temperature (27), has been observed in a subset of patients with COVID-19 (28). Similarly, relative bradycardia was also found in our patients with severe or critical disease, where older age and male sex may be associated with these paradoxical reactions (28). The hypothetical mechanisms underlying relative bradycardia in patients with COVID-19 might be linked to the activation of inflammatory cytokines (27), which in turn leads to elevated hs-CRP levels in patients with severe or critical COVID-19 infection.



Allogenic human umbilical cord mesenchymal stem cell transplantation on top of standard COVID-19 therapy

A 1 year after the COVID-19 pandemic, a number of treatment options have been established, of which remdesivir, dexamethasone, and tocilizumab are commonly used for hospitalized patients who require supplemental oxygen (2). Recently, several clinical trials or case studies using MSCs as an adjunctive therapy have shown beneficial effects in attenuating the cytokine storm provoked by COVID-19 owing to their potent immunomodulatory capability (16, 17, 29, 30). However, there have been no studies exploring the therapeutic efficacy of MSCs in addition to the standard triple regimens mentioned above for every individual patient with severe or critical COVID-19 infection. Our study is the first to demonstrate that adjunctive transplantation of allogenic hUC-MSCs improved the PaO2/FiO2 and ΔPaO2/FiO2 ratios under background therapy with remdesivir, dexamethasone, and tocilizumab in patients with severe or critical COVID-19 pneumonia compared to their counterparts with no hUC-MSC treatment. The improvements in the PaO2/FiO2 ratio paralleled the relief of respiratory distress, manifested by lower respiratory rates and pulmonary infiltrations on chest radiographs following hUC-MSC transplantation.

The underlying mechanisms responsible for improving the resolution of acute ARDS by MSCs transplantation have been attributed to their anti-apoptotic and anti-inflammatory effects on host cells, which attenuate alveolar epithelial permeability and enhance the phagocytic activity of mononuclear cells, thus leading to an increase in alveolar fluid clearance (31, 32). MSCs are capable of enhancing epithelial integrity through transportation of healthy mitochondria to epithelial cells to reduce apoptosis and oxidative damage (33, 34). Additionally, TNF stimulated gene-6, a potent anti-inflammatory protein secreted by MSCs, may contribute to reducing cell counts and inflammatory cytokine in bronchoalveolar lavage fluid, resulting in resolution of lung fibrosis (35).

It is worth noting that in addition to the rapid decline in the hs-CRP levels in hUC-MSC-treated patients, the MDW level also displayed a consistent decreasing pattern, which was not observed in patients who did not receive hUC-MSC treatment. MDW is considered a new biomarker for inflammation and sepsis (36), which we found for the first time to be modified by hUC-MSC treatment, indicating that hUC-MSCs may help prevent secondary bacterial infection. All these lines of evidence attest to the powerful immunomodulatory ability of allogeneic hUC-MSCs in attenuating pulmonary and systemic inflammation in patients with severe or critical COVID-19. Nonetheless, one patient who received delayed (6 days after hospitalization) hUC-MSC infusions also exhibited improvement in oxygenation status and pulmonary infiltration but unfortunately died of procedure-related pneumothorax and multiple organ failure. Whether the early use of hUC-MSCs may exert more beneficial effects remains unknown and requires further study. Among the four patients with severe or critical disease, two received only one dose of intravenous infusions of hUC-MSCs at a uniform cell dose of 1.0 × 108. Both patients exhibited a favorable response and were discharged uneventfully, similar to those receiving two doses of UC-MSC treatment, as reported previously. Thus, the optimal cell dosage should be determined in future studies.



Inflammatory cytokines, monocyte distribution width, and high-sensitivity c-reactive protein

The pathophysiological mechanisms underlying SARS-CoV-2 infection involve the activation of a cytokine storm in the lung with recruitment of a number of cytokines, chemokines, and growth factors, such as IL-1β, IL-2, IL-6, IL-8, G-CSF, IP-10, MCP-1, MIP-1α, MIP-1β, IFN-γ, and TNF-α, followed by lung edema, impairment of air exchange, and acute respiratory distress syndrome, which in turn leads to secondary infection, multiple organ failure, and eventually death (3, 37, 38). MSC treatment can suppress the overactivation of the immune system and promote lung repair to improve the pulmonary microenvironment and prevent fibrosis (14). Zhu et al. (39) further explored the underlying mechanisms of the immunomodulatory functions of MSCs using single-cell RNA sequencing analysis of the peripheral blood. They demonstrated that mobilization of a subpopulation of VNN2+ hematopoietic stem/progenitor-like cells expressing CSF3R and PTPRE occurred after MSC infusion. In addition, upregulation of genes encoding chemotaxis factors (CX3CR1 and L-selectin) occurs in various immune cells. MSC infusion also favorably regulated B cell subpopulations and promoted the expression of costimulatory CD28 in T cells. Together, these pathways contribute to clinical outcome improvements in patients with COVID-19 via maintenance of immune homeostasis. In our patients, some cytokines (including IL-6, IL-13, IL-12p70, and VEGF) were significantly decreased compared to others (GM-CSF, IFN-γ, IL-1β, IL-2, IL-4, IL-8, TNF-α, MCP-1, MIP-1α, and IP-10), which appears to be slightly different from the findings of previous studies (14, 17, 21, 29). The possible reasons for the discrepancy in changes in the cytokine profile following MSC transplantation may be attributable to the relatively lower baseline plasma concentrations of some cytokines, such as TNF-α (<3 pg/mL) in our patients, which may render it difficult to see the difference (29). It is also possible that differences in treatment might have influenced the expression levels of these pro-inflammatory cytokines, since all our patients received standard triple therapy with remdesivir, dexamethasone, and tocilizumab; however, not all enrolled patients in previous studies received standard triple therapy (14, 29). Nevertheless, the significant decline in certain inflammatory cytokines in our patients shortly after hUC-MSC infusion attests to the beneficial immunomodulatory role of MSCs in severe or critical patients with COVID-19.

Another frequently discussed issue is multisystem inflammatory syndrome in children (MIS-C), characterized by inflammatory reactions, fever, and multi-organ dysfunction after SARS-CoV-2 infection. The mechanism of MIS-C is associated with a hyperinflammatory status or cytokine storm, which involves multiple inflammatory cytokines such as IL-1 and IL-6 (40). To date, there is very limited evidence regarding the clinical application of MSCs in MIS-C. Given that MSCs exert various counteracting mechanisms, including the conversion of Th17 cells to anti-inflammatory FOXP3 T-regulatory cells and the promotion of inflammatory M1 macrophages to anti-inflammatory M2 macrophages against the pathological consequences associated with MIS-C, this therapy holds promise as an effective treatment for patients with MIS-C (41–44).

Several strategies, such as vaccines, have been developed to eradicate this pandemic, and there are numerous validated vaccine products comprising different mechanisms, including messenger RNA (mRNA) with nanoparticles, viral vectors, and protein subunits, to generate an adequate immune response (45). However, these vaccines have an average development time of 1–2 years (46) and may not meet the emergence of novel variants of SARS-CoV-2. In early 2022, a new variant of SARS-CoV-2, Omicron, overwhelmed Hong Kong and led to an overall 129 deaths per million population of fully vaccinated individuals with at least two doses of validated vaccines (47). Another study focusing on the protection of vaccine showed an average of 90% effectiveness against intensive care unit admission (48). Despite prevention policies such as vaccination, morbidity and mortality still remain, which highlights the importance of multimodal treatment strategies. Our study showed that, in addition to standard triple therapy, infusion of hUC-MSCs was useful in patients with severe or critical severity of COVID-19. We believe that this approach should be included as an effective intervention for intractable SARS-CoV-2 infections.

Monocyte distribution width, a cytomorphological indicator that correlates with inflammatory markers, including CRP, fibrinogen, and ferritin, has recently emerged as a valuable biomarker for severe COVID-19 and sepsis (49). Similar to sepsis, monocytes and macrophages play an important role in triggering life-threatening hyperinflammation in patients with severe COVID-19. Previous studies have shown that high MDW values not only correlate with COVID-19 severity but are also prognostically associated with fatal outcomes in these patients (49). Herein, we demonstrated for the first time that the median MDW value (25.78), which was above the optimal diagnostic threshold (23.5) for sepsis prediction (50), was significantly reduced within 7 days following adjunctive hUC-MSC transplantation in patients with severe or critical COVID-19. A parallel reduction in hs-CRP level was also observed in these patients. These findings also substantiate the previous notion that MSCs might exert their antimicrobial effects through secretion of antimicrobial peptides or expression of bactericidal molecules, such as indoleamine 2,3-dioxygenase and IL-17 (51–53).



Limitations

Our study had several limitations. First, the number of cases of severe or critical COVID-19 infection was small, which prompts the need for larger-scale studies to confirm the effectiveness and safety of hUC-MSC administration as an adjunctive therapy in addition to standard triple therapy with remdesivir, dexamethasone, and tocilizumab. Second, this was a retrospective case-control study of the compassionate use of hUC-MSCs; thus, potential bias or confounders might exist when deriving comparative results. In addition, the lack of a day 7 PaO2/FiO2 ratio in one of the patients from the non-MSC group could potentially confound the data interpretation. To minimize the potential bias related to the small sample size and a highly skewed statistical distribution, we used non-parametric statistics, such as the Chi-square test, Fisher’s exact test, Mann–Whitney U-test, and Mann–Kendall trend test, for analyses. Indeed, the number of patients with severe or critical COVID-19 enrolled in our study was small, which prompts the need for larger-scale studies to confirm the effectiveness and safety of hUC-MSC administration as an adjunctive therapy in addition to standard triple therapy with remdesivir, dexamethasone, and tocilizumab in the future. Third, we only examined inflammatory cytokines in hUC-MSC-treated patients but not in non-hUC-MSC patients. Therefore, the beneficial effects of hUC-MSC transplantation on mitigating inflammatory cytokine levels need to be confirmed by performing the same examination in control patients in randomized studies. Lastly, we only performed chest X-rays to monitor pneumonia progression, while most studies focused on patterns of COVID-19 using follow-up chest computed tomography (54, 55), which is considered a better tool to assess changes in chest imaging.




Conclusion

Transplantation of allogenic hUC-MSCs as an adjunctive therapy in addition to a standard triple regimen of remdesivir, dexamethasone, and tocilizumab further improved pulmonary oxygenation status in patients with severe or critical COVID-19. The beneficial effects of hUC-MSC treatment were presumably mediated by the mitigation of inflammatory cytokines, characterized by the reduction in both hs-CRP and MDW.
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The coronavirus diseases 2019 (COVID-19) pandemic caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is ongoing. Over 490 million people have been infected with this virus worldwide. Although many patients present with lower respiratory symptoms, some may progress to acute respiratory distress syndrome and even multi-organ damage. Therefore, there is an urgent need to establish treatment and management methods for this infectious disease. Here, we comprehensively analyzed urinary lipid mediators and their metabolites to identify non-invasive biomarkers that reflect the disease status of COVID-19 patients. We diagnosed 16 patients by polymerase chain reaction (PCR) analysis, who presented with mild-to-moderate symptoms, including fever and cough, between May and October 2020 in Japan, and collected their urine samples. Using mass spectrometry, we analyzed the lipid metabolites in these urine samples. In all the urine samples from the patients, 21 types of fatty acids and their metabolites were consistently detected in the samples among the 214 metabolites which were analyzed. Interestingly, urinary levels of fatty acids, docosahexaenoic acid was increased by approximately 3-fold in patients with COVID-19 compared to those in healthy subjects. Metabolites of major proinflammatory lipid mediators, PGE2, TXA2, and PGF2α, were also detected at significantly higher levels in the urine of patients with COVID-19. These observations suggest that urinary lipids can reflect the inflammatory status of patients with COVID-19, which can be a useful index to manage this disease.
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Introduction

Coronavirus disease 2019 (COVID-19) is an infectious disease caused by the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2). Despite initial efforts to control its spread, the disease soon became a pandemic and has since spread to numerous countries worldwide. This pandemic has presented an unprecedented threat to global public health. The predominant symptoms of COVID-19 occur in the respiratory system. Fever, cough, taste/smell disorders, and respiratory difficulties are the most common complaints (1, 2). Although most COVID-19 patients experience only mild-to-moderate symptoms, the disease status can rapidly progress to severe, particularly in the absence of adequate medical care. Severely ill individuals present with life-threatening acute respiratory distress syndrome.

Coronavirus diseases 2019 is a heterogeneous disease characterized by diffuse alveolar damage, endothelial damage, thrombosis of small and medium-sized vessels, pulmonary embolism, and inflammatory cell infiltration (3, 4). An uncontrolled systemic inflammatory response, known as a cytokine storm, also occurs. Cytokine storms are a result of the release of proinflammatory cytokines such as tumor necrosis factor-α, interleukin (IL)-1β, and IL-6 (5).

Lipid metabolism is also disturbed in COVID-19 patients (6). Bioactive lipids (lipid mediators) are involved in infectious and inflammatory responses by modulating leukocyte recruitment, platelet aggregation, and thrombus formation (7–10). These bioactive molecules are derived from polyunsaturated fatty acids (PUFA), such as arachidonic acid (AA), eicosapentaenoic acid (EPA), and docosahexaenoic acid (DHA), by enzymatic or non-enzymatic oxidation. Since the production and metabolism of lipid mediators vary with the type, stage, and tissue site of diseases (11, 12), clarification of the lipid mediator profile is useful for elucidating the pathophysiology and identifying biomarkers. Archambault et al. detected abundant production of bioactive lipids in bronchoalveolar lavage fluids (BALFs) from patients with severe COVID-19, suggesting that lipid metabolites can be useful indices of COVID-19 symptoms (13). Barberis et al. also reported an elevation in fatty acid levels in a large-scale plasma analysis of COVID-19 patients (14). Benjamin. S. et al. showed that systemic lipidomics changes in plasma distinguish COVID-19 disease severity (moderate to severe) from healthy subjects (15). However, since the sampling of BALFs and plasma requires medical treatment and care, these procedures lack versability.

We have focused on bioactive lipids and their metabolites excreted into body fluids, including urine, which can be sampled from patients even in non-medical facilities. In addition, the non-invasive urine collection does not stimulate an inflammatory reaction accompanied with lipid production. Thus, urine is a convenient and appropriate sample to observe the lipid production and body condition. In the present study, we attempted to determine the urinary lipid profiles of COVID-19 patients using lipidomics technology. We successfully detected changes in the levels of some fatty acids and lipid metabolites in the urine of patients with mild-to-moderate COVID-19.



Materials and methods


Sample information

Healthy subjects (male, 5, female, 11; mean age, 51.6 ± 3.2 years; range, 33–76 years) who have no symptoms and sixteen patients (male, 12, female, 4; mean age, 50.1 ± 13.2 years; range, 26–75 years) who were diagnosed with COVID-19 by reverse transcription polymerase chain reaction (RT-PCR) test in the Narita Hospital of International University of Health and Welfare, Japan were enrolled. These patients represented some symptoms such as fever and cough. They had respiratory failure requiring oxygen supplementation but not mechanical or non-invasive ventilation. We defined them as mild-moderate patients. Spontaneous voiding urine were collected immediately after diagnosis of COVID-19. They had not been treated with corticosteroids and non-steroidal anti-inflammatory drugs which inhibit lipid metabolism directly or indirectly in the 2 weeks before the urine and blood collection. The study protocol was approved by the Ethics Committee of the International University of Health and Welfare (20Nr-001) and the University of Tokyo (No. 10586-1). All experiments were performed in accordance with the approved guidelines. The symptom and information of each subject are described in Table 1.


TABLE 1    Clinical profiles of the study subjects.
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Data processing

For analyzing the data of patients with multiple sampling, we selected the data which had the highest urinary level of tetranor-PGEM, the metabolites of prostaglandin (PG) E2 (PGE2) except for the co-relationship analysis.



Blood chemical test

Venous blood was corrected into EDTA 2Na containing tube and centrifuged (1500G 10 min) to separate plasma. Plasma was kept −80 degree until the analysis. All the blood markers are measured automatically according to the manufacture’s protocol. Plasma C-reactive protein (CRP) and ferritin were measured by TBA-FX8 (Canon, Tokyo Japan) with Acuras-auto CRP-N and FER-LatexRX Seiken, respectively. D-dimer was measured by Cobas t711 with t-system hexamate d-dimer and procalcitonin were measured by Cobas e801 with elecsys brahmsPCT.



Comprehensive analysis of lipid metabolites

Comprehensive analysis of lipid metabolites was performed by using a software method package [LC-MS/MS (8060)] for lipid mediators (Shimadzu, Kyoto, Japan) according to the manufacturer’s instructions. Data were analyzed by LabSolutions LCMS Ver. 5.65 (Shimadzu, Japan), as described previously (16). In brief, urine samples from patients or healthy subjects were collected and immediately diluted to 50% methanol. Urine samples were stored at −80°C until analysis. The samples (200 μl) were mixed with 0.05% formic acid (300 μl) and internal standard (10 μl) solution (Supplementary Table 1). The mixed solutions were loaded on solid phase extraction cartridges (OASIS HLB μElute, Waters, Milford, MA, USA) and washed with distilled water and hexane, then eluted with methanol (>99.8%, 100 μl) and injected into LCMS-TQ8060 (Shimadzu). Urinary creatinine concentrations were measured with a kit (Wako, Tokyo, Japan).



Statistics

Data are expressed as mean ± SEM except for the age of healthy subjects and patients, which is expressed by mean ± SD. Statistical analyses were performed using Bell Curve for Excel 2015 software (Social Survey Research Information Co., Ltd. Tokyo, Japan). Statistical differences were analyzed by Student’s t-test. The correlation with the plasma biomarkers were analyzed via Pearson correlation analysis. P < 0.05 suggested that the difference in data was statistically significant.




Results


Patients: Diagnosis and blood test results

Sixteen patients were diagnosed for COVID-19. The patients presented with symptoms, including fever and cough, and their urine samples were collected between June and October 2020. The clinical characteristics of these patients are presented in Table 1. The patients included in this study were from Chiba and Tokyo Prefectures, Japan. We also recruited 16 healthy adults and collected their urine samples as controls. The data of the blood chemical test is shown in Table 2.


TABLE 2    The blood chemical test data.
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Urinary lipid profile of coronavirus diseases 2019 patients and healthy subjects

Using mass spectrometry, we comprehensively analyzed urine sampled from COVID-19 patients. The urinary lipid levels for individuals are listed in Supplementary Table 2. In all urine samples from these patients and the control group, we found that 21 types of lipids were consistently detected from the analyzed metabolites (Table 3 and mapping in Supplementary Figure 1). Among them, 14 were arachidonic acid (AA)-derived and three were linoleic acid (LA)-derived metabolites. AAs and DHAs included PUFAs, oleoyl ethanolamide (OEA), and lyso-platelet activating factor (PAF). Notably, the urinary levels DHA was increased by approximately 3-fold in COVID-19 patients compared to those in healthy controls.


TABLE 3    Urinary lipid profile of COVID-19 patients and healthy subjects.
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Urinary levels of arachidonic acid derived metabolites were significantly increased in coronavirus diseases 2019 patients

Archambault et al. reported that the levels of major proinflammatory mediators such as prostaglandin (PG) E2, PGD2, thromboxane (TX) B2, leukotriene (LT) B4, and LTE4 in alveolar lavage fluid of patients with severe COVID-19 were higher than those in a control group of healthy subjects (13). In line with these observations, we found a PGE2 metabolite, tetranor-PGEM; TXA2 metabolite, 11-dehydro-TXB2; and a PGF2α metabolite, tetranor-PGFM, were excreted at significantly higher levels in COVID-19 patients than in healthy subjects (Table 3). These significantly changed lipids were all cyclooxygenase (COX) metabolites of arachidonic acids (Supplementary Figure 1).



Correlation between urinary lipids and plasma biomarkers

Previous reports have proposed the use of serum CRP, D-dimer, procalcitonin, and ferritin as indices for predicting the prognosis of COVID-19. Next, we calculated the co-relation between the detected 21 urinary lipids and plasma biomarkers. We found ten significant correlations between them (Table 4 and Supplementary Table 3). Among these, urinary tetranor-PGEM and ferritin levels in the plasma had the strongest positive correlation (r = 0.70). As we showed that urinary tetranor-PGEM levels in patients were significantly higher than those in healthy subjects, urinary tetranor-PGEM levels may be a useful index for estimating ferritin levels in plasma.


TABLE 4    Significant correlation values between urinary lipids and plasma biomarkers.
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Discussion

Although much effort toward COVID-19 diagnostics and treatments has been made, we have not yet managed to control this infectious disease. During the diagnostic procedure, several general biochemical tests can reflect the status of individuals with COVID-19. A previous report showed that the severity and mortality of COVID-19 are associated with elevated levels of serum CRP, ferritin, and D-dimer (17–19). In addition to changes in these blood biomarkers, it is thought that lipid mediators in the urine can also reflect the status of individuals with COVID-19.

Here, we analyzed the urine of 16 patients with mild-to-moderate COVID-19 symptoms in Japan, focusing on changes in fatty acids and lipid metabolites that reflect the inflammatory status of the body. We detected significant increases in the levels of PUFAs and PGE2-, PGF2α –, and TXA2-metabolites in the urine of patients even though their symptoms were not severe. These are sensitive and convenient indices for capturing the disease status of each patient. Archambault et al. suggested the occurrence of lipid storms in the lungs of patients with severe COVID-19 cases where mechanical ventilation was necessary by showing robust production of cyclooxygenase (COX)/lipoxygenase (LOX) metabolites, such as TXB2, PGE2, 12-hydroxy-heptadecatrenoic acid (HHT), PGD2, LTB4, LTE4, 12-hydroxy-eicosatetraenoic acid (HETE), and 15-HETE in their BALFs (13). Notably, some of these lipid metabolites were also detected in the urine of mildly ill patients. These mediators may be crucial for the onset and progression of the disease. At the same time, these can be sensitive indices to evaluate the inflammatory status of each patient. Since the PUFAs and lipid metabolites detected in the urine of COVID-19 patients have also been reported to be found in several types of diseases (20, 21), these lipid profiles are likely not specific for COVID-19 and respiratory symptoms. However, these can be useful indices of disease status and severity in patients after diagnosis by RT-PCR. This can also be useful for predicting the therapeutic efficacy.

Our data showing an increase in the level of PGs suggested the activation of phospholipase A2 (PLA2) and/or COX in patients. Several studies have reported that some viral infections stimulate PLA2 and/or COX activation (22). SARS-CoV-2 invasion and replication are likely to damage respiratory cells directly and indirectly, leading to PLA2 activation. We also detected several types of COX metabolites in urine. We believe that some COX metabolites are increased during cytokine storms in patients. Indeed, the levels of the major cytokine IL-1β were elevated in the plasma of some COVID-19 patients (23) and IL-1β is a potent inducer of COX-2 expression (24).

Notably, we found a significant positive correlation between urinary tetranor-PGEM and plasma ferritin levels. Elevated ferritin levels are a hallmark of macrophage activation syndrome (MAS) (25). MAS may contribute to aspects of the cytokine storm and the hypercoagulable state observed in COVID-19. As previously reported in a combined analysis of 653 COVID-19 patients across two studies, patients with severe symptoms had higher serum ferritin levels than non-severe symptoms with an average difference of 408 ng/mL (95% CI 311–505), and non-surviving patients had higher ferritin levels than surviving patients with an average difference of 760 ng/mL (95% CI 561–959) 25. As it is well known that macrophages can produce PGE2 in activation (26), it is reasonable that tetranor-PGEM, the metabolite of PGE2 can be more detected in MAS. Thus, urinary tetranor-PGEM levels, as well as plasma ferritin levels, can be used as severity indices reflecting MAS in COVID-19. Considering our result that urinary PGE2 level was not different between COVID-19 patients and healthy subjects, we suppose that metabolization of PGE2 into tetranor-PGEM is promoted in urine of COVID-19 patient.

Urine is often used as a biomaterial for biomarker discovery in human diseases because of its ease of accessibility and non-invasive sampling. Since some lipid mediators are metabolized within minutes in tissues and blood and excreted in urine, urine has another advantage in that these metabolites can be stably detected. In addition, blood test is available in the clinics and hospitals, while the urine can be easily and safely sampled even at home. By developing urine markers and at-home-clinical-diagnosis kits, we could contribute to avoid unnecessary contact with positive patients and lower the dissemination of COVID-19 infection. In contrast, urine samples contain matrixes which can interfere the measurement (27). There is a need to develop a urine extraction method that will allow accurate measurement of lipid concentrations in urine in various condition. In addition, although there are few studies showing the existence of virus particles in urine, Peng et al. reported that SARS-CoV-2 RNA was detected in the urine of patients (28). For biosafety reasons, it is imperative to pay attention to how the patients’ urine samples are handled. In the present study, 50% methanol was added to neutralize the virus particles and maintain excreted lipids. Therefore, urine collection and storage methods that enable safe and stable detection should be considered.

This study had some limitations. First, the number of samples collected was small. The coverage of population and representativeness was limited when sex, age, nationality, and symptom severity were considered. More sample applications in future studies will eliminate the possibility of sample bias. Second, the current patients were not subjected to drug treatments, especially to NSAIDs, and further study is needed to reveal the types of drugs that influence the production and excretion of lipid mediators in clinical settings. Third, the samples analyzed in this study were collected between June and October 2020. Thus, the SARS-CoV-2 has undergone considerable mutation. With mutations, the symptoms of COVID-19 may have changed. Thus, it is possible that the profile of urinary lipid metabolites has changed. Finally, the methodology of analyzing urinary lipids by mass spectrometry has some limits including quantification, extraction efficiency and matrix effect. Thus, we need to validate the experimental condition when apply to the medical practice.

Our data indicated that the urinary lipid profile of COVID-19 patients is characterized by (1) an increase in levels of DHA; (2) an increase in COX metabolite levels, notably the level of PGE2 metabolite tetranor-PGEM and TXA2 metabolite 11-dehydro-TXB2; and (3) a correlation between urinary tetranor-PGEM and plasma ferritin. We hope that these observations will contribute to the development of safer and more efficacious treatments for COVID-19.
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Background: The coronavirus illness is a highly contagious viral infection with serious health consequences that has occurred all around the world. Application of COVID-19 prevention precautions and social interventions by the general public are critical to successfully combating the epidemic. Therefore, this study aimed to determine the level of compliance and associated factors with COVID-19 prevention strategies.

Methods: A facility based cross-sectional study was conducted from June 01 to August 30, 2021 on a sample of 380 randomly selected Ambo University community members. A self-administered structuralized questionnaire was used to collect the data. The determining factors with the level of compliance were finally identified using a multivariate logistic regression model. The association was reported using odds ratios with a 95% CI, and significance was declared using a P < 0.05.

Results: A total of 378 respondents participated in the study with a response rate of 98.9%. Most of the respondents, 75.7%, 57.9%, 47.4%, 61.9% had good knowledge, favorable attitude, good practice and good compliance toward COVID-19 preventive measures, respectively. In participants aged between 18 and 30 [AOR = AOR = 2.23, 95% CI: (1.13, 4.41)], good knowledge [AOR = 2.64, 95% CI: (1.46, 4.78)], favorable attitude [AOR = 4.5, 95% CI: (2.63, 7.71)], and good practice [AOR = 2.98, 95% CI: (1.82, 4.89)] were significantly associated with good compliance toward COVID-19 preventive measures.

Conclusion and recommendation: Despite the fact that COVID-19 is a global and national priority, the preventive measures were not sufficiently followed. Therefore, it is essential to continue working on the community's knowledge, practices, and attitude about COVID-19 preventive measures through media campaigns, which will ultimately increase compliance. Additionally, the concerned stakeholders should consider the required interventions for the strongly associated factors that have been discovered in this current study.
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Background

Coronavirus disease 2019 (COVID-19) is a highly contagious illness that has killed many people across the globe (1). As of 7th May 2022, globally, there have been 600,875,353 confirmed cases of COVID-19, including 6,486,034 deaths, and a total of 11,562,157,794 vaccine doses have been administered. In Ethiopia (out of a total population of 116.4 million) 493,167 people have been confirmed for COVID-19, with over 7,571 deaths (2).

The impact of the COVID-19 outbreak on low-income countries including Sub-Saharan Africa is expected to be far-reaching and more disastrous than in high-income countries, due to pre-existing conditions such as population size, health system status, and health workforce, which are expected to exacerbate any COVID-19-related health outcomes (3, 4). According to a study conducted in Ethiopia, the pandemic has severely impacted the academic and business operations of higher education institutions by dwindling their sources of income, lowering employee productivity, and limiting institutional capacity to cover key costs such as salary and rent (5).

The WHO has devised a number of mitigation techniques to curb the spread of COVID-19 due to its pandemic nature and lack of effective treatment. Staying at home, social distancing, wearing masks, and practicing hand hygiene are some of the most frequently advised pandemic prevention techniques. Furthermore, in reaction to the pandemic, countries all over the world have taken numerous measures to halt the virus' spread and protect vulnerable people from infection (6). These strategies are critical for lowering mortality and alleviating the burden on healthcare systems (4, 7). Such safeguards are thought to reduce COVID-19 transmissions in general and in particular to protect those at higher risk of severe illness, such as the elderly and those with underlying medical conditions like diabetes mellitus (8), and in frontline health workers (9, 10).

Moreover, in order to optimize the vaccination program and achieve a notable success in the COVID-19 immunization program across the continent, these remedies and other crucial recommendations to these problems were offered (11). A thorough and timely planning process, prompt plan implementation, rigorous community involvement, and a strong multi-sector partnership all contributed to the success of the COVID-19 vaccination campaign in Africa (12).

Even though people had high knowledge, gaps and laxity have been observed in the application of preventive measures for COVID-19 among citizens (13–15). New cases have continued to emerge despite efforts to expand public health interventions to contain and control the spread of the coronavirus throughout the world. Moreover, a study done in India revealed that on April 25, 2020, the recovery rate from COVID-19 was 21.97%, and by June 1, 2020, it was 79%. Furthermore, the authors forecast a monthly percentage increase in the number of COVID-19 cases from May 1st to December 1st, 2020. This analysis would enable the relevant authorities to implement effective preventive measures during the decision-making process (16). According to the study conducted in India, France, China, and Nepal to predict the coronavirus outbreak, the number of COVID-19 cases will increase gradually and the epidemic will continue, but the number of active cases has been drastically reduced in three of these countries with France being the exception (17).

Currently, there is no conclusive cure or specific antiviral therapeutics suggested for preventing or treating COVID-19. Thus, preventive measures ranging from individuals to large-scale societal level practices are the only available means to control the spread of the virus and minimize its impacts (18, 19). So, the aim of this study was to assess the compliance level of the Ambo University community toward prevention measures for COVID-19. The finding of this study might help the higher administrators, policy makers, researchers, and concerned stakeholders review their guidelines to contain the pandemic and take appropriate measures against those who break the prevention protocol. Therefore, this study aimed to determine the level of compliance and associated factors with regard to COVID-19 prevention measures at Ambo University, in 2021.



Methods


Study area and period

This study was conducted at Ambo University campuses from June 01 to August 30, 2021. Ambo University is located in Ambo, the capital of West Shaw Zone of Oromia Regional State. According to the information from the Office of Vice President for Administration and Student Services, Ambo University was established in 1947 as the School of Agriculture, the first agricultural school in Ethiopia. Ambo University is one of the foremost higher education institutions boasting significant contributions to the country‘s overall development by producing skilled human resources in various fields. Currently, the university runs 48 graduate and 70 undergraduate programs. The programs are classified into nine colleges/institutes/schools with several academic departments. Besides the main campus at Ambo, the university has three campuses at Awaro, Guder, and Woliso. The university also owns three research centers; two of them (one at Ejere and the other at Bilo) focus on research and conservation of indigenous trees, while the third at Birbirsa (about 20 km from Ambo) works on overall agricultural research and development and was named after a prominent Ethiopian humanitarian, Abebech Gobena.



Study design

An institution-based perspective cross-sectional study was conducted among the Ambo University community.



Study population

The study was comprised of all Ambo University employees, both academic and administrative, who provided services at Ambo University during the study period. Those who were unable to reply due to illness or who refused to engage in the study were omitted.



Sample size determination and sampling procedure

Because no studies had been undertaken in this area, the sample size was calculated using a single population proportion formula with a confidence level of 95%, significance level of 1.96, 5% margin of error (d), and a prevalence of compliance level (P = 50%). The population correction formula was utilized in this study because the population (3,469) was <10,000. After adding 10% to account for the non-response rate, the final sample size was 380. Two campuses out of four were chosen at random, ensuring that at least 30% of Ambo University's campuses were covered. As a sampling frame, a list of employed attendance content comprising both administrative and academic staff was used. As a result, the participants of this study were chosen using a simple random sampling technique with a lottery method.



Study variables
 
Independent variables

Socio-demographic factors (sex, age, religion, educational level, marital status, ethnicity, family size, and average monthly income), practice, knowledge, and attitude were independent variables.



Dependent variable

Compliance level toward COVID-19 preventive measures.




Operational definitions
 
Compliance level toward COVID-19 preventive measures

The score for compliance-related questions was 18 points and respondents who rated a sum score of 50% and above were considered to have good compliance and those who rated below 50% were considered to have poor compliance (20).



Knowledge toward COVID-19 preventive measures

There were 22 knowledge-related questions and respondents with a sum score of 50% or more were regarded to have strong knowledge, while those with a score of <50% were considered to have poor knowledge (21).



Attitude toward COVID-19 preventive measures

The score for attitude-related questions was 16 points and respondents who rated a sum score of 50% and above were considered to have a favorable attitude and those who rated below 50% were considered to have an unfavorable attitude (22).



Practices toward COVID-19 preventive measures

Practices-related questions were scored out of 14 possible points, with respondents with an overall score of 50% or higher being considered to have good practices, and respondents with an overall score of <50% were considered to have poor practices (23).




Data collection technique and tool

The data were gathered by a self-administered questionnaire devised by the investigators after reading several COVID-19 guidelines and other sources (24–26). The questionnaire was divided into four sections. The study contained questions about respondents' socio-demographic factors, attitudes, practices, knowledge, and compliance toward COVID-19 preventive measures. The data collection tool was originally written in English, then translated into Afaan Oromo (the local language), and finally back to English by language experts to ensure its consistency. In addition, four trained BSc nurses (two data collectors for each campus) and three MSc-holder nurses oversaw the data collection process.



Data quality assurance

This study recruited experienced data collectors to assure data quality. The questionnaire was developed by the lead investigator using questions from previously published peer-reviewed studies. The pretest was conducted on 5% of the sample size at Guder Campus. For one day, data collectors and supervisors received training on research objectives, data collection tools and processes, and interview techniques. Furthermore, each supervisor was responsible for overseeing the data collection process on a daily basis.



Data processing and analysis

The data were double-checked for accuracy and completeness before being entered into Epinfo version 7.2.2.6. The data were then cleaned, coded, and analyzed using SPSS version 25. Missed values and outliers were checked in the data. To define the required variable, descriptive analysis (such as frequencies, tables, percentages, means, and standard deviation) was used. Then, based on bivariate logistic analysis, any variables with a P < 0.25 were considered candidates for multivariate logistic regression models. The factors associated with compliance level to COVID-19 preventive measures were identified using multivariable logistic regression at the 95% confidence level. A significance level of 0.05 was taken as a cutoff value for all statistical significance tests. Multi-collinearity was checked between each variable using the variance inflation factor. Accordingly, no multi-collinearity was detected. Hosmer and Lemeshow's goodness of fit test was administered to check the model fitness.




Results


Socio-demographic characteristics of the participants

In this study 378 participants completed the questionnaire, translating to a 98.95% response rate. The sample consisted of 51.3% (n = 194) males, with a median age of 29.9 years (SD ± 4.98), with the majority aged (43.1%, n = 140) between 31 and 40 years. Participants with bachelor's degrees constituted 40.7% (n = 154) and the highest educational achievement in the sample was a PhD degree. More than half (55.8%, n = 211) of the respondents were from the Oromo ethnic group. The majority of the participants, 50.8% (192), were followers of a protestant religion. Moreover, most of the respondents', 56.9% (n = 215), average monthly income was between 4000 and 9000 Ethiopian Birr. In terms of the respondents' marital status, 148 (39.2%) of them were married. The majority of the participants', 215 (56.7%), had a family size of 1–4 in number (Table 1).


TABLE 1 Socio-demographic characteristics of the Ambo University community participating in the study, Ethiopia, 2022.
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Knowledge, attitude, practice, and compliance of respondents toward COVID-19 preventive measures

The composite of overall knowledge of the participants showed that a majority of the respondents, 286 (75.7%), have good knowledge about COVID-19 preventive measures. Additionally, more than half, 219 (57.9%), of the participants show a favorable attitude toward COVID-19 preventive measures. Moreover, the current study shows that less than half of the participants, 179 (47.4%), have good practices regarding COVID-19 preventive measures. Additionally, a majority, 234 (61.9%), of the participants have good compliance toward COVID-19 preventive measures. Most of the study participants, 196 (51.9%), report that they wear a facemask frequently. Most of the respondents, 240 (63.5%), did not follow advice to avoid consuming outdoor food in order to prevent contracting and spreading COVID-19 (Table 2).


TABLE 2 Preventive practices of COVID-19 among the Ambo University community, 2022 (n = 378).
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Factors associated with compliance toward COVID-19 preventive measures among the Ambo University community

Bivariate logistic analysis identified candidate variables such as age, educational status, sex, family size, knowledge, attitude, and practices which were associated with compliance of COVID-19 preventive measures at P < 0.25. Then multivariate logistic analysis was conducted and found to be a good fit for these factors. At a P < 0.05, multivariate logistic regression analysis revealed that age, knowledge, attitude, and practice were considerably and statistically associated with compliance to COVID-19 preventive measures. Younger respondents were two times more likely to have good compliance toward COVID-19 preventive measures than those >40 years old. Participants with good knowledge, favorable attitude, and good practice were 2.6, 4.5, and 2.9 times respectively more likely to have good compliance toward COVID-19 preventative measures than their counterparts (Table 3).


TABLE 3 Bivariate and multivariate logistic regression of factors affecting respondents' compliance toward COVID-19 preventive measure among the Ambo University community, 2022, (n = 378).
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Discussion

This study found that most of the respondents, 61.9% (95% CI: 56.9, 66.7), had good compliance toward COVID-19 preventive measures. Moreover, the current study revealed that age, knowledge, attitude, and practice were identified as important factors associated with compliance toward COVID-19 preventive measures in the study area. This finding is in line with the study conducted in Ethiopia that found that about 55.3 and 57.8% had good compliance toward COVID-19 preventive measures (21). Another study conducted in Uganda showed that 74% had good compliance toward COVID-19 preventive measures (27). A study conducted in Debre Birhan, Ethiopia showed that 56.1% of women exhibited good compliance with COVID-19 preventive measures (28). A study conducted in South Korea also showed that participants' overall compliance rate was 50.5% (29). However, the study conducted in Southeastern Ethiopia showed the overall good compliance and knowledge of health professionals regarding COVID-19 preventive measures were 21.6 and 25.5%, respectively (30). Despite the current finding, a comparative cross-sectional study between the developed and developing countries demonstrated that the overall compliance to COVID-19-related preventive measures was poor (31). A study done in Gondar indicated that nearly half of the study participants [48.96% (95% CI: 45.05%, 52.89%)] had poor adherence toward COVID-19 mitigation measures (23). This could be related to differences in study design, socioeconomic status, and sample size. In comparison to prior research, the current data demonstrated that compliance with COVID-19 prevention strategies was enhanced. This could be because information regarding COVID-19 prevention methods has been widely disseminated through various media. The current study, however, is not entirely satisfied with the findings, indicating that there is still a gap that needs to be filled.

The current study showed that younger people are more compliant than older ones. This finding is supported with the evidence from a study conducted in Ethiopia (28). Adults and people in their later years have the lowest compliance rates in both developing and wealthy countries, according to a study. Older adults are often reliant on other family members and may not be up to date on current events, which reduces their compliance (31). This could be because, at this age, people's conduct is still largely governed by extrinsic motivation (reward–punishment) and is focused on achieving quick short-term goals (32) rather than social awareness. Furthermore, people who view regulations as being too stringent or demanding are more likely to break them (33), which may be particularly common in this age range. However, according to a study conducted in Spain, the younger group was less compliant than the older group (34). A study conducted in Ghana found that strong COVID-19 prevention strategies were favorably linked with older women (35). According to studies, advanced maternal age is a risk factor for severe complications and mortality connected to COVID-19 preventative measures during pregnancy, which explains why this group of people adheres to them well (36). According to a study conducted in Ethiopia, younger people were more knowledgeable than elderly people (20). As a result, there may be a difference due to the level of knowledge, understanding, and recalling evidence about COVID-19 preventive actions being better among younger people than among older people. This could lead to younger age groups having a better awareness of COVID-19 preventive actions and the severity and implications of contracting the illness, resulting in better compliance with preventive measures.

The current study found that compliance toward COVID-19 preventive measures was highly linked to participants' positive attitudes. This conclusion is backed up by a cross-sectional study conducted in 12 Asian nations, which found that good sentiments toward COVID-19 prevention measures were linked to high compliance (37). The study conducted in Gondar, Ethiopia showed that the respondents who had a favorable attitude toward COVID-19 preventive measures were 2.54 times more likely to adhere to the mitigation measures than respondents who had an unfavorable attitude toward COVID-19 preventive measures (23). This is corroborated by the findings of a qualitative method study, which found that social variables, such as negative attitudes toward persons who practice prevention measures, were the main reasons for people not following the prevention measures. People with a negative attitude regard a person who wears a facemask and uses hand sanitizer as aliens or as those who are afraid of death. As a result, people do not take preventative precautions in order to avoid being classified as such. Furthermore, a key source from the Borena Health Office stated that “stigma is one of the elements that has influenced the usage of preventative methods. “Furthermore, some believe that the country is free of coronavirus” (20). One possible explanation is that those who have a positive attitude about COVID-19 prevention measures trust the science of mitigation measures and follow the guidelines' directions.

This study discovered that having a solid understanding of COVID-19 preventive measures is highly linked to good compliance with COVID-19 preventive measures. Participants with a low degree of understanding of COVID-19 preventive measures had a decreased chance of adhering to COVID-19 preventive measures. A study conducted elsewhere supports knowledge as the product of awareness based on receiving relevant information (20). According to a study conducted in Southeast Ethiopia, participants with adequate awareness of COVID-19 prevention strategies had a roughly 1.8 times better likelihood of good compliance. This could be due to proper instruction (training duration), the availability of reading materials/internet connections, and personal commitments (30). Furthermore, another study conducted in China found a link between knowledge of COVID-19 preventive measures and compliance with COVID-19 preventive measures (38). Moreover, a study conducted in Nigeria found that a lack of awareness can have a negative impact on the level of compliance with coronavirus prevention methods (39).

The current study found that the participants' level of compliance with COVID-19 prevention measures is influenced by their practice. Participants who have a high degree of practice also have a high level of compliance with the COVID-19 preventive measure. This conclusion is consistent with a research study conducted in Nigeria (40). Individual and governmental preventive measures' perceived effectiveness had a significant impact on PPM compliance. Other research studies have emphasized the importance of believing that preventive actions will be effective (41). As a result, the advertisements were successful in boosting public knowledge about the effectiveness of preventive measures in reducing COVID-19. Subsequently, greater resources for such efforts should be allocated (42). Furthermore, the other study found that good preventive practices were substantially linked to high COVID-19 preventative measure compliance (37).

This current study might be exposed to a social desirability bias due to the nature of the study. As a result of this limitation, the findings of this study should be interpreted with caution. However, this weakness was attempted to be minimized by observing participants' observable compliance dimensions immediately following the interview and correcting responses as needed. Furthermore, the lack of prior studies on compliance with COVID-19 prevention and control strategies in various settings restricted the discussion of this study to the available circular guidelines. This may have jeopardized the findings' comparability and generalizability, and readers should be aware of this limitation.



Conclusion and recommendation

The overall level of compliance with COVID-19 prevention measures has been assessed to be satisfactory. Age, knowledge, attitude, and practice have all been associated to a high level of compliance with COVID-19 prevention measures. Furthermore, all stakeholders should consider the interventions that are required for the identified highly connected factors. These findings point to the need for programs and policies to increase people's understanding, attitudes, and COVID-19 preventive activities in Ethiopia. Furthermore, the concerned entities should adopt actions to enhance adherence to COVID-19 preventive measures.



Language plain summary

Coronavirus disease is a highly contagious viral infection with major health consequences that has been introduced globally. The general public's compliance with public health and social initiatives is important to successfully combatting the epidemic. The goal of this study was to investigate the level of COVID-19 prevention strategy compliance and associated factors. A facility-based cross-sectional study of 380 randomly selected Ambo University community members was undertaken from June 1 to August 30, 2021. To collect data, a self-administered structured questionnaire was used. Using a multivariate logistic regression model, the determining factors affecting the level of compliance were finally discovered. According to the findings, the majority of respondents had good knowledge, a positive attitude, good practice, and good compliance with COVID-19 prevention measures. Participants aged 18–30, who had a positive attitude and good practice, were associated with good compliance with COVID-19 prevention strategies. The overall level of COVID-19 prevention knowledge, attitude, and compliance was deemed to be satisfactory. Age, knowledge, attitude, and practice were all found to be substantially linked to successful COVID-19 prevention compliance. As a result, all stakeholders should evaluate the necessary interventions for the identified highly-linked factors.
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Background: Coronavirus disease 2019 (COVID-19) significantly impacts physical, psychological, and social functioning and reduces quality of life, which may persist for at least 6 months. Given the fact that COVID-19 is a highly infectious disease and therefore healthcare facilities may be sources of contagion, new methods avoiding face-to-face contact between healthcare workers and patients are urgently needed. Telerehabilitation is the provision of rehabilitation services to patients at a distance via information and communication technologies. However, high-quality evidence of the efficacy of telerehabilitation for COVID-19 is still lacking. This meta-analysis aimed to investigate the efficacy of telerehabilitation for patients with and survivors of COVID-19.

Methods: We searched the Cochrane Library, EMBASE, Medline (via PubMed), PEDro, ClinicalTrials.gov, and WHO International Clinical Trials Registry Platform from January 1st, 2020 to April 30th, 2022 for randomized controlled trials published in English, which aimed to evaluate the efficacy of telerehabilitation vs. face-to-face rehabilitation, usual care, or no treatment for COVID-19. Methodological quality and overall evidence quality of the included studies were assessed. The statistical reliability of the data was quantified using the trial sequential analysis.

Results: Seven randomized controlled trials with eight comparisons were included and all of them were used for meta-analysis. The meta-analyses of absolute values showed the superiority of telerehabilitation over no treatment or usual care for dyspnea (Borg scale: mean difference = −1.88, −2.37 to −1.39; Multidimensional dyspnea-12: mean difference = −3.70, −5.93 to −1.48), limb muscle strength (mean difference = 3.29; 2.12 to 4.47), ambulation capacity (standardized mean difference = 0.88; 0.62 to 1.14), and depression (mean difference = −5.68; −8.62 to −2.74). Significant improvement in these variables persisted in the meta-analyses of change scores. No significant difference was found in anxiety and quality of life. No severe adverse events were reported in any of the included studies.

Conclusions: Moderate- to very low-quality evidence demonstrates that telerehabilitation may be an effective and safe solution for patients with and survivors of COVID-19 in dyspnea, lower limb muscle strength, ambulation capacity, and depression. Further well-designed studies are required to evaluate the long-term effects, cost-effectiveness, and satisfaction in larger samples.

KEYWORDS
  telerehabilitation, COVID-19, physical function, psychological function, telemedicine, eHealth, meta-analysis


Introduction

Coronavirus disease 2019 (COVID-19), which is caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), has resulted in unprecedented challenges for governments and healthcare workers worldwide since first identified at the end of 2019 (1, 2). As of April 30th, 2022, there have been more than 510 million confirmed cases related to COVID-19, including a shocking 6.2 million deaths (3). Clinical syndromes (e.g., dyspnea, hypoxia, and multiple organ failure) (4, 5), iatrogenic impairments (e.g., fatigue and muscle weakness) (6), and prolonged immobilization resulting from COVID-19 can significantly impact physical, psychological, and social functioning and reduce quality of life, which may persist for at least 6 months (7, 8). Apart from that, many survivors of COVID-19 have persistent symptoms and/or the development of long-term symptoms such as fatigue, headache, and dyspnea after infection, which is called as long COVID (9, 10). It is estimated that 5% of survivors of COVID-19 will need inpatient rehabilitation (11). Therefore, in addition to supportive therapy and medical treatment, rehabilitation plays an important role in COVID-19. However, given the fact that COVID-19 is a highly infectious disease and therefore healthcare facilities may be sources of contagion, new methods avoiding face-to-face contact between healthcare workers and patients are urgently needed.

Telerehabilitation is the provision of rehabilitation services to patients at a distance via information and communication technologies (12–14). Remote communication between patient and physical medicine or rehabilitation professional may occur through a number of technologies such as telephone (including text messaging), Internet, Internet-based videoconferencing, sensors (such as pedometers), or virtual reality programs (15, 16), in order to enable clinical rehabilitation services to be delivered to a satellite healthcare center or even directly to patients' homes (17). Telerehabilitation can provide physiotherapy, occupational therapy, speech therapy, telemonitoring, and teleconsultation without the physical presence of therapists or other healthcare workers (18). As technology advances and the availability of affordable devices and software increases, telerehabilitation may revolutionize the way in which rehabilitation is provided (19). Amidst the COVID-19 pandemic, the shortage of medical resources and isolation and quarantine measurements call for telerehabilitation services, as telerehabilitation offers an opportunity for homebound patients with COVID-19 to reach alternative rehabilitation services. Although there has been evidence supporting telerehabilitation for COVID-19 (20), low- to very low-quality evidence inevitably limits its conclusion and thus more meta-analyses are urgently needed. Additionally, there is still a lack of high-quality evaluation of the efficacy of telerehabilitation for quality of life, anxiety, and depression impacted by COVID-19. Recently, several randomized controlled trials (21–23) have been published and have yet to be reviewed. Consequently, a more comprehensive, rigorous, and high-quality meta-analysis of the current literature is important and desirable, which may further inform future research and implementation of telerehabilitation services.

As such, the aims of this meta-analysis were to analyze the randomized controlled trials published to data and to explore the efficacy of telerehabilitation for physical function, psychological function, and quality of life in patients with and survivors of COVID-19.



Methods

The present meta-analysis followed the guidelines of Preferred Reporting Items for Systematic Review and Meta-analyses (Supplementary Material 1) (24). The protocol for this study was available on the International Prospective Register of Systematic Reviews platform (registration number: CRD42021297802). No ethical approval was needed as all information was extracted from studies published previously.


Search strategy

We searched the Cochrane Library, EMBASE, MEDLINE (via PubMed), PEDro, ClinicalTrials.gov, and WHO International Clinical Trials Registry Platform (ICTRP) from January 1st,2020 to April 30th, 2022 using the following search terms: “COVID-19,” “SARS-CoV-2,” “telecommunications,” “randomized,” and other keywords confirmed following multiple pre-searches (Supplementary Material 2). In addition, we adjusted the terms according to the actual conditions to fit the requirements of each electronic database.



Criteria for considering studies for this meta-analysis

The inclusion criteria were as follows: (1) Adults (age ≥18 years) with a current or past diagnosis of COVID-19; (2) The intervention should include telerehabilitation meeting the following definition: ”the delivery of rehabilitation services at a distance through communication and information technologies" (12–14), such as telephone (including text messaging), Internet, Internet-based videoconferencing, sensors (such as pedometers), or virtual reality programs (15, 16); (3) Tele-intervention should include at least 50% of rehabilitation being delivered remotely; (4) The comparison intervention was any face-to-face rehabilitation, usual care, or waiting without any therapy; (5) Studies have to evaluate at least one outcome about physical function, psychological function, or quality of life; (6) Only randomized controlled trials, which compared telerehabilitation with face-to-face rehabilitation or no rehabilitation or compared telerehabilitation plus usual care with usual care alone, were included; (7) The language of the articles was limited to English.

The exclusion criteria were as follows: (1) Studies in which the effect of telerehabilitation could not be separated from the effects of other therapies such as the telerehabilitation was combined with other therapies not included in the control group, which may affect the interpretation of the effects of telerehabilitation; (2) Studies utilizing a single treatment; (3) The comparison intervention was delivered remotely; (4) Review, editorial, and conference abstract, and non-English publications were excluded.

According to the above criteria, two investigators independently read the titles and abstracts of the retrieved records and eliminated obviously irrelevant studies, followed by a full-text retrieving of the remaining studies. Subsequently, two reviewers separately evaluated the articles for final inclusions. In case of ambiguity, we contacted the authors to provide additional information via email. All discrepancies were resolved through discussion, or by consulting a third investigator.



Data extraction and quality assessment

Data on study title, first author information, year of publication, participants, experimental groups, control group(s), the protocol of intervention and control, follow-up, and the results of outcomes were extracted by two independent reviewers from included studies. The outcomes of interest were those related to physical function, psychological function, or quality of life. When quantitative data were not reported in text or supplementary materials, we extracted the data from figures using Engauge Digitizer 11.1 (25). The Engauge Digitizer is a tool that allows to recovers the data point from figures, which is the opposite of a graphing tool that converts data points to figures. Missing data items were requested from authors as the data has not been peer-reviewed.

Two investigators independently evaluated the risk of bias of included studies utilizing the Cochrane Collaboration's tool (26). High-bias risk, low-bias risk, and unclear bias risk were used to classify the included studies. In addition, these two reviewers separately summarized the overall quality of the evidence for key comparisons using the Grading of Recommendations Assessment, Development, and Evaluation (GRADE). Discrepancies were resolved through discussion, or by consulting a third investigator.



Data analysis

All meta-analyses and graphical displays were conducted using Review Manager (RevMan) software (The Cochrane Collaboration, version 5.3). If methods of outcome measurement were different among the included studies, a standardized mean difference (SMD) was calculated; otherwise, a mean difference (MD) was used. To evaluate the statistical heterogeneity, we used the I2 statistic. If the value of I2 was < 50%, we utilize a fixed-effect model; otherwise, a random-effects model was utilized. To prevent double-counting sample sizes of control participants, we split the participant number of the control group in case of studies using a single control group and multiple experimental groups. We analyzed both absolute values and change from baseline when data were available. Where comparable data were available from at least two studies, we planned to conduct subgroup analyses in the following domains: disease status (COVID-19 patients vs. COVID-19 survivors), control design (conventional rehabilitation vs. no rehabilitation), underlying disease, and gender. We evaluated the robustness of the results using leave-one-out sensitivity analyses. The publication bias would not be analyzed using a funnel plot unless at least 10 studies were included in a certain subgroup. For studies that could not be included in the meta-analysis, we would perform a descriptive summary. Finally, to assess the type I error (false positive) produced by the cumulative meta-analysis, a trial sequential analysis (TSA) was conducted to confirm whether firm evidence was reached or not using TSA software (Copenhagen Trial Unit, Center for Clinical Intervention Research, Rigshospitalet, Copenhagen, Denmark, version 0.9.5.10 Beta) (27, 28).




Results


Results of the search

Figure 1 shows the flow diagram for search strategy and study selection process. We initially retrieved 4,147 potentially eligible records and then we removed duplicates with 3,100 records left for title-abstract screening, resulting in 1,047 records being discarded, mostly because of irrelevant research topics. Thirty-five records were remained to determine their eligibility by carefully full-text screening. Subsequently, twenty-eight records were excluded from this review for various reasons. As a result, a total of seven studies (21–23, 29–32) were included and all of them were included in the quantitative synthesis.


[image: Figure 1]
FIGURE 1
 PRISMA flow diagram for search strategy and study selection.




Characteristics of included studies

The characteristics of all studies included in this meta-analysis are provided in Table 1. Studies were published from 2020 to 2022. Of these, five studies (21, 22, 29–31) applied telerehabilitation to COVID-19 patients, while the remaining two (23, 32) investigated the efficacy of telerehabilitation for COVID-19 survivors. Variation in the telerehabilitation program was observed in the included studies. To improve the physical deconditioning and physiological deterioration, Rodriguez-Blanco et al. (29) employed a non-specific conditioning exercise program, which consisted of 10 exercises based on resistance and strength non-specific toning exercise. Gonzalez-Gerez et al. (30) delivered a respiratory rehabilitation remotely. Another study (31) utilized both breathing telerehabilitation and strength telerehabilitation. Li et al. (32) delivered an unsupervised 6-week home exercise program via a smartphone application called RehabApp, which offers breathing control, thoracic expansion, aerobic exercise, and strength exercise. Philip et al. (23) remotely delivered a 6-week online breathing and wellbeing program. Psychotherapy was delivered by the other two studies (21, 22). The intervention period ranged from 1 to 6 weeks. All studies assess the short-term effects of telerehabilitation, of which two studies (21, 32) also provided the result of follow-up for 28 weeks or 1 month.


TABLE 1 Characteristics of studies included in this meta-analysis, K = 7.
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Quality assessment

The risk of bias of the included studies is shown in Supplementary Material 3. High and unclear risks of bias were observed in the included studies. One study (22) did not report on the allocation concealment and thereby was classified as unclear risk for selection bias. Three studies (21, 23, 32) were classified as high risk for performance bias due to participants and personnel were not blinded, while another study (22) that did not explicitly report on this issue was rated as unclear risk of bias. Similarly, two studies (21, 22) were rated as high risk for detection bias due to the outcome assessor was not blinded. In addition, one study (30) did not report outcomes per the protocol and therefore was rated high risk for reporting bias. Based on the GRADE criteria, the quality of evidence was very low to moderate (Supplementary Material 4).



The efficacy of telerehabilitation on dyspnea

The Borg scale was utilized to assess dyspnea and presented results of both absolute values and change scores (29–31). There was moderate-quality evidence with a significant effect size favoring telerehabilitation relative to comparators (MD −1.88, 95% CI −2.37 to −1.39, P < 0.001; I2 = 0%; Figure 2A). The significant result persisted when change scores were used for analysis (MD −2.40, 95% CI −2.72 to −2.08, P < 0.001; I2 = 0%; Figure 2A). The overall finding persisted in the leave-one-out sensitivity analyses (Supplementary Material 5).
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FIGURE 2
 Forest plot analyses of the efficacy of telerehabilitation for (A) Borg scale and (B) Multidimensional dyspnea-12 questionnaire.


In addition, the Multidimensional dyspnea-12 questionnaire was used to evaluate the multidimensional nature of dyspnea. We found moderate-quality evidence that telerehabilitation significantly improved dyspnea relative to control groups. The finding did not differ between absolute value analysis (MD −3.70, 95% CI −5.93 to −1.48, P = 0.001; I2 = 34%; Figure 2B) and change score analysis (MD −4.83, 95% CI −6.47 to −3.19, P < 0.001; I2 = 85%; Figure 2B). Leave-one-out sensitivity analyses did not change the overall finding (Supplementary Material 5).



The efficacy of telerehabilitation on lower limb strength

To evaluate the performance of lower limbs, 30-s sit-to-stand test was used in three studies with four comparisons (29–31). We also found moderate-quality evidence supporting telerehabilitation, whether absolute values (MD 3.29, 95% CI 2.12–4.47, P < 0.001; I2 = 0%; Figure 3A) or change scores (MD 1.76, 95% CI 1.48–2.04, P < 0.001; I2 = 0%; Figure 3A) were employed. The overall finding did not differ after omitting any single study of the included studies (Supplementary Material 5).


[image: Figure 3]
FIGURE 3
 Forest plot analyses of the efficacy of telerehabilitation for (A) 30-s sit-to-stand test and (B) Six-min walking test.




The efficacy of telerehabilitation on ambulation ability

For ambulation ability, studies utilizing the 6-min walking test exhibited moderate-quality evidence favoring telerehabilitation, irrespective of absolute values (SMD 0.88, 95% CI 0.62–1.14, P < 0.001; I2 = 0%; Figure 3B) or change values (SMD 1.80, 95% CI 0.69–2.91, P = 0.001; I2 = 92%; Figure 3B). Leave-one-out sensitivity analyses did not significantly change the overall finding (Supplementary Material 5).



The efficacy of telerehabilitation on depression

In terms of depression, studies employing the Hamilton depression rating scale exhibited very low-quality evidence supporting telerehabilitation, regardless of absolute values (MD −5.68, 95% CI −8.62 to −2.74, P < 0.001; I2 = 83%; Figure 4A) or change values (MD −5.40, 95% CI −8.23 to −2.57, P < 0.001; I2 = 79%; Figure 4A). The overall finding persisted in the leave-one-out sensitivity analyses (Supplementary Material 5).
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FIGURE 4
 Forest plot analyses of the efficacy of telerehabilitation for (A) Hamilton depression rating scale and (B) Hamilton anxiety rating scale.




The efficacy of telerehabilitation on anxiety

No evidence found that telerehabilitation is superior over usual care, no matter absolute values (SMD −1.09, 95% CI −2.37 to 0.20, P = 0.10; I2 = 96%; Figure 4B) or change scores (SMD −1.13, 95% CI −2.37 to 0.11, P = 0.07; I2 = 96%; Figure 4B) were analyzed. Omitting the study by Philip et al. (23) rendered the result significantly (Supplementary Material 5).



The efficacy of telerehabilitation on quality of life

For quality of life, no evidence favored the superiority of telerehabilitation, no matter absolute values (SMD 0.26, 95% CI −0.11 to 0.62, P = 0.16; I2 = 51%; Supplementary Material 6) or change scores (SMD 0.32, 95% CI −0.11 to 0.74, P = 0.14; I2 = 63%; Supplementary Material 6) were analyzed. Omitting the study by Philip et al. (23) rendered the result significantly (Supplementary Material 5).



Trial sequential analysis

The TSA results indicated that firm evidence was reached for all positive outcomes, although the required information size was not met for all of them (Supplementary Material 7).



Subgroup analysis and publication bias

The number and information of included studies were too insufficient to conduct reliable analyses of any predefined subgroup analysis and publication bias.



Follow-up

Only one study (32) reported a follow-up assessment of the efficacy of telerehabilitation for physical function, which prevented further meta-analysis. Li et al. (32) reported that the efficacy of telerehabilitation for 6-min walking distance, lower limb muscle strength, and quality of life was maintained up to 28 weeks after intervention. Similarly, only one study (21) provided a follow-up assessment of telerehabilitation in psychological function and showed that the efficacy persisted 1 month after the intervention.



Adverse events

Adverse events were reported by Li et al. (32), and they stated that no serious adverse events were observed throughout the study period, except eight patients were hospitalized for non-life-threatening reasons not related to COVID-19 or telerehabilitation in the follow-up period. Philip et al. (23) also reported no serious adverse events were observed, except one participant withdrew due to dizziness that they attributed to looking at the computer screen for too long. The other five studies (21, 22, 29–31) did not report on the occurrence of adverse events.




Discussion

Overall, we found moderate- to low-quality evidence that telerehabilitation is effective and safe in the improvement of dyspnea, lower limb muscle strength, ambulation capacity, and depression. Of note, these results persisted in the leave-one-out sensitivity analyses, which may partly prove the robustness of the present meta-analysis. However, current evidence does not support the long-term effects of telerehabilitation for COVID-19. In addition, limited by the number and quality of included studies (five out of seven trials have some concerns; 71%) and the limited statistical inference, the aforementioned conclusions need to be verified through more high-quality studies. Therefore, further well-designed randomized controlled trials with large sample sizes for the short-term and long-term effects of telerehabilitation in the treatment of COVID-19 are needed. Further studies should particularly focus on patients who may benefit the most from telerehabilitation, but also should consider the technical requirement needed for reaching most homebound users, including, but not limited to cost-effectiveness, accessibility, and flexibility.

Telerehabilitation is a domain of telecommunications and telemedicine, which refers to a range of rehabilitation services that involve prevention, assessment, intervention, monitoring, supervision, education, counseling, and consultation (33). In this meta-analysis, we chose to focus on intervention and assessment of post-intervention, instead of telemonitoring alone because of the possibility of providing interventions, controlled by healthcare workers at a distance, with a rehabilitation aim (34). With these criteria, we systematically analyzed the efficacy of telerehabilitation for dysfunction affected by COVID-19, which might help inform future research direction and implementation of telerehabilitation. An important finding from this meta-analysis is that telerehabilitation is superior to no therapy or usual care for dyspnea, lower limb muscle strength, ambulation capacity, and depression. Facing the unprecedented pandemic, telerehabilitation has the potential to break the constraints of time and space and thus particularly help governments struggling to cope with the impact of the COVID-19 crisis.

Rehabilitation requires a sustained and coordinated effort from a multidisciplinary team, including the patient and his or her goals, family and friends, other caregivers (e.g., personal care attendants), physicians, nurses, physical and occupational therapists, speech-language pathologists, recreation therapists, psychologists, nutritionists, social workers, and others (35). It is to be noted that psychologists are recognized as important team members of rehabilitation in many rehabilitation guidelines (35, 36). As one kind of psychotherapy, cognitive behavioral therapy delivered in a hospital or at a distance was also recommended in rehabilitation guidelines (37) and systematic reviews (38, 39). Although psychotherapy such as cognitive behavioral therapy is often provided by psychologists, some physiotherapists also can provide it (40). Taken together, it is rational to classify psychotherapy provided at a distance into telerehabilitation and then include it in the present meta-analysis. Of the included studies, although psychotherapy was mainly provided by psychologists (21, 22), in the treatment of impaired psychological functioning affected by COVID-19, telerehabilitation is recommended to be delivered by a multidisciplinary team including physiotherapists, psychologists, nurses, physicians, etc., in future research and clinical practice.

Appropriate components comprised in the telerehabilitation programs are crucial factors that needed to be considered by designers or health professionals. In the present meta-analysis, we included studies with various telerehabilitation programs, including strength training, respiratory training, aerobic exercise, and psychotherapy. Of note, Li et al. (32) increased the intensity, duration, and difficulty of exercise during the experiment, which may ensure adequate exercise intensity and optimize the efficacy of telerehabilitation. However, other forms of telerehabilitation components are yet to be investigated. In addition, one study (41) reported that remote qigong exercise plus acupressure improved pulmonary function and cough in patients with severe COVID-19 and reduced hospital stay. However, we cannot separate the efficacy of remote qigong exercise from acupressure and therefore this study was excluded. As such, the telerehabilitation program that would best treat dysfunction affected by COVID-19 remains unclear.

Of the included studies, ambulation capacity assessed by the 6-min walking test is the most common outcome, followed by lower limb strength evaluated by the 30-s sit-to-stand test, dyspnea measured by the Borg scale and Multidimensional dyspnea-12 questionnaire, anxiety assessed by Hamilton anxiety rating scale and Generalized anxiety disorder 7-item scale, depression measured by Hamilton depression rating scale, and quality of life evaluated by Short Form Health Survey-12 and RAND 36-item short form. These assessment tools are valid and reliable methods to assess ambulation capacity (42), dyspnea (43, 44), lower limb muscle strength (45), depression (46), anxiety (47, 48), and quality of life (49, 50). It is suggested that the minimal clinically important differences are 0.9 (51) and 2.83 (52), respectively, for the Borg scale and Multidimensional dyspnea-12 questionnaire. And as suggested by the GRADE working group, the minimal clinically important difference can be considered as 0.5 when a standard mean difference was used for the 6-min walking test (53). Therefore, all of these outcomes reached minimal clinically important differences, which indicates these results are of clinical significance.

Gender and age are the factors to be taken into consideration in COVID-19 research. In terms of gender, one study shows that men with COVID-19 are prone to have worse outcomes and more death (54). And the result from another study indicated that men exhibited more robust inflammatory activation, which is evidenced by higher initial and peak inflammatory markers, as well as worse clinical outcomes (55). Taken together, men with COVID-19 are more likely to have worse clinical outcomes, thus compromising the efficacy of telerehabilitation. In the present meta-analysis, all the seven included studies recruited both male and female patients, and fortunately, all groups of the included studies were comparable at baseline. However, no stratified result was reported in the included studies, making the predefined subgroup analysis impossible. Regarding age, the highest death was observed in the oldest age group (age >70 years) relative to younger age groups (56), which may be associated with the generally high prevalence of comorbidities and weaker immune systems in order adults (57, 58). In the included studies, the mean age of patients with and survivors of COVID-19 ranged from 34.8 to 52.0. The reason why the included studies did not include older patients may due to the ability to use devices. Therefore, further generalization of the efficacy of telerehabilitation to older patients with COVID-19 needs further high-quality study with well-designed and easy-to-use devices. Apart from that, attention must be paid to educating healthcare workers to thoroughly understand the available telerehabilitation technologies and better encourage and instruct patients from all kinds of backgrounds to use the devices for telerehabilitation (59).

Comorbidity is also needed to be considered when conducting telerehabilitation studies for COVID-19. Studies found that hypertension and type 2 diabetes are the most common comorbidities, which may induce a more severe course of COVID-19 (56, 60, 61). Of the included studies, only three studies (22, 23, 32) measuring different outcomes reported comorbidities, which prevents further analysis of comorbidities. However, another study indicates that the efficacy of rehabilitation is not precluded by preexisting cardiorespiratory comorbidity in post-COVID-19 patients (62). As such, consideration must be given to further studies to explore whether the efficacy of telerehabilitation is varied by the preexisting comorbidities of participants.

Several indicators such as activities of daily living and quality of life play an important role in the assessment of the efficacy of telerehabilitation for COVID-19. It is reported that approximately half of post-COVID-19 patients had low physical functioning and impaired performance of activities of daily living (63). However, quality of life was only assessed by two studies (23, 32) with contradictory conclusions, and activities of daily living (such as Barthel Index score) were not evaluated in any of the included studies. Additionally, physical activity measured by Rapid Assessment of Physical Activity, Short Recall Physical Activity Questionnaires, short physical performance battery, or others is another outcome that must be taken into consideration in future studies. Further research into these domains is therefore warranted to comprehensively evaluate the efficacy of telerehabilitation for patients with COVID-19. In addition, patient satisfaction in telerehabilitation intervention was not investigated in the included studies, which may inevitably affect the promotion of telerehabilitation.



Strengths and limitations

The strength of this meta-analysis was that we included the most relevant randomized controlled trials based on the most rigorous criteria for inclusion and exclusion, which is a useful tool for telerehabilitation decision-making and program planning and helps to identify areas in which study is still scarce (64). In addition, to obtain the most reasonable results and thereby inform future research direction and implementation of telerehabilitation, we utilized the Cochrane Collaboration's tool to assess the risk of bias of each included study and the GRADE tool to evaluate the overall evidence quality of key outcomes, which increase the confidence in our findings (65). Finally, the TSA was provided to assess whether firm evidence was reached or not, and the results indicated that some findings were robust enough to deserve prompt clinical consideration in routine clinical practice. However, TSA for Multidimensional dyspnea-12 questionnaire, 6-min walking test, and Hamilton depression rating scale showed current sample size did not reach the required information size with more additional studies needed.

Notwithstanding its significant findings, several limitations inevitably existed in this meta-analysis. A limitation is that there might have been several significant heterogeneities in the included studies, such as training program, duration, and disease status, which might have caused uncontrolled bias in the meta-analyses. Another limitation lay in the small sample sizes (three of seven trials have very small sample sizes), which might have affected the statistical power of this meta-analysis. The reason why the demographics of some studies are not addressed at the scale one would expect can be explained by the fact that COVID-19 is a relatively novel and unprecedented disease and therefore the implementation of telerehabilitation with patients with COVID-19 is a new and understandably scarcely diffused approach (34, 59). When evaluating the overall evidence quality of key outcomes using the GRADE tool, the evidence was downgraded one level if the total sample size was < 400 (as a rule of thumb for implementing GRADE 'optimal information size' criteria) (66). Further study is, therefore, warranted to verify and strengthen the current conclusions. In addition, the small number of included randomized controlled trials prevented further analysis, leaving some unsolved knowledge gaps such as the long-term effects of telerehabilitation and people who might benefit from telerehabilitation. Furthermore, it is thought that telerehabilitation may result in cost savings, however, the cost-effectiveness was not reported in any studies included. Although Hamilton scales and Generalized anxiety disorder 7-item scale are the most commonly used outcome in clinical and research practice, and the literature supports their reliability, validity, and sensitivity (46, 48, 67), they inevitably have recall bias and are still not an easy task to measure these conditions. However, one has very few options besides the use of these validated questionnaires in the era of COVID-19. More objective and comprehensive measurement methods for depression and anxiety impacted by COVID-19 should be developed and adopted in the future. Apart from that, four included studies were conducted in Europe, while the other three were in China. Therefore, there is a need to promote and implement telerehabilitation in regions other than Europe and China, taking advantage of policy support such as coverage of cost by government or medical insurance (39). Of the included studies, three (29–31) were conducted by the same research team. It is therefore possible that the group undertaking the studies has excellent expertise, which may enhance the efficacy of telerehabilitation. More research groups are encouraged to participate in telerehabilitation to confirm its effectiveness, as previous studies and the present meta-analysis suggest telerehabilitation is a promising strategy to treat patients with and survivors of COVID-19. In the end, although the most mainstream electronic databases and clinical trials registry platforms were retrieved for this meta-analysis, the language of the included trials was confined to English, leaving studies reported in other languages might not to be included.



Implications for future research

Future studies should therefore optimize the experimental design, such as providing the sample size calculation, expanding the number of participants, and conducting in a double-blind fashion, to increase our confidence in estimating the effects of telerehabilitation. In addition, long-term follow-up, cost-effectiveness, satisfaction, and the profile of telerehabilitation users are factors that must be taken into consideration in future studies. COVID-19 calls for heavy demand for rehabilitation services and thus induces a heavy economic burden. If telerehabilitation, however, could have comparable effectiveness to face-to-face rehabilitation but in a more cost-effective manner (such as significantly reducing the burden of travel), this strategy could be further promoted as a viable alternative to deliver rehabilitation services during and even after the COVID-19 pandemic (59). Apart from that, we strongly recommend future studies be conducted per the CONSORT guideline and accurately report all relevant outcomes (including but not limited to physical, psychological, and social functioning, activities of daily living, and quality of life) in the forms of absolute values and change scores and if possible, provide stratified results in terms of the severity of disease, age, gender, and comorbidities, which may facilitate future systematic reviews and thus allow more robust and precise findings.



Conclusions

Telerehabilitation may be an effective and safe option for improving patients with and survivors of COVID-19 in dyspnea, lower limb muscle strength, ambulation capacity, and depression. Caution must be taken when interpreting these findings since the current evidence is limited by the number and quality of included studies and the limited statistical inference. Further well-designed studies are required to evaluate the long-term effects, cost-effectiveness, and satisfaction in larger samples, as well as to pay more attention to patients with COVID-19 who may benefit the most from telerehabilitation.
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The dynamic transmission of asymptomatic and symptomatic COVID-19 infections is difficult to quantify because asymptomatic infections are not readily recognized or self-identified. To address this issue, we collected data on asymptomatic and symptomatic infections from four Chinese regions (Beijing, Dalian, Xinjiang, and Guangzhou). These data were considered reliable because the government had implemented large-scale multiple testing during the outbreak in the four regions. We modified the classical susceptible–exposure–infection–recovery model and combined it with mathematical tools to quantitatively analyze the number of infections caused by asymptomatic and symptomatic infections during dynamic transmission, respectively. The results indicated that the ratios of the total number of asymptomatic to symptomatic infections were 0.13:1, 0.48:1, 0.29:1, and 0.15:1, respectively, in the four regions. However, the ratio of the total number of infections caused by asymptomatic and symptomatic infections were 4.64:1, 6.21:1, 1.49:1, and 1.76:1, respectively. Furthermore, the present study describes the daily number of healthy people infected by symptomatic and asymptomatic transmission and the dynamic transmission process. Although there were fewer asymptomatic infections in the four aforementioned regions, their infectivity was found to be significantly higher, implying a greater need for timely screening and control of infections, particularly asymptomatic ones, to contain the spread of COVID-19.
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coronavirus disease 2019 (COVID-19), asymptomatic infections, symptomatic infections, dynamic transmission, susceptibility–exposure–infection–recovery (SEIR)


Introduction

The novel coronavirus disease 2019 (COVID-19) pandemic poses a major threat to human health worldwide (1). Several studies have found that asymptomatic infections exacerbate the prevalence of COVID-19 (2, 3). In this study, according to The Novel Coronavirus Pneumonia Prevention and Control Plan (Seventh Edition), “asymptomatic infections” refers to persons infected with SARS-CoV-2 but who have never experienced symptoms and persons infected who had no symptoms at first but developed symptoms later, both the groups are infectious, and SARS-CoV-2 can harm their bodies (4). Previous studies have shown that the load of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) in asymptomatic infections is similar to that of symptomatic infections; however, the former demonstrated longer viral ribonucleic acid (RNA) shedding times and weaker immune responses (5, 6). To curb the spread of COVID-19, prevention and control measures include vaccination, universal mask-wearing, reduced social interaction, virus testing, and social isolation (7, 8). Nevertheless, severe prevention and control measures have caused widespread debate and discontent, negatively affecting economies and social activities (9). Hence, quantitative analysis of the impact of symptomatic and asymptomatic infections on the pandemic is essential for formulating reasonable epidemic prevention measures.

As asymptomatic infections are not easily detected because of their insidious nature, a second pandemic may occur if asymptomatic infections are not detected after symptomatic cases have been controlled (10). Several previous studies of transmission efficacy in asymptomatic infections were based on follow-ups of infected individuals. Hoxha et al. (11) found 6,244 asymptomatic infections out of 8,343 patients who tested positive (74.8%) in the analysis of an extensive testing in Belgium. Bi et al. (12) found that 25 patients (6%) were asymptomatic infections in a retrospective cohort study of 391 cases in Shenzhen. A cohort study of 628 SARS-CoV-2 positive patients and 3,790 close contacts by Sayampanathan et al. (13) showed that symptomatic infections led to 3.85 times more infections in close contact than asymptomatic infections. The US Centers for Disease Control and Prevention estimated that 35% of SARS-CoV-2 infections were asymptomatic, and 40% of the virus transmission occurred prior to the onset of symptoms (14). The wide variation in results across studies presents a challenge to understanding the transmission of this disease. Moreover, the above follow-up studies tend to miss asymptomatic infections and are laborious and time-consuming.

To study the rampant spread of COVID-19, various analytical methods and artificial intelligence modeling have been used and effective results have been achieved. Mahmoudi et al. (15) studied the relationship between the transmission rates of COVID-19 in high-risk countries by principal component analysis. Deif et al. (16) identified SARS-CoV-2 from viral genome sequences using deep bidirectional recurrent neural networks. Kumar et al. (17) achieved the prediction of COVID-19 using a recurrent neural network and reinforcement learning model. Due to the lack of adequate vaccines or effective therapeutic drugs, mathematical models were used to analyze, predict, and develop non-pharmacological interventions. Sarkar et al. (18), that modeled and predicted the COVID-19 pandemic in India. Khajanchi et al. (19) studied mathematical models and intervention strategies for the COVID-19 outbreak. Khajanchi and Sarkar (20) also predicted the daily and a cumulative number of cases of the COVID-19 pandemic in India. Samui et al. (21) used a dynamic model to study the spread of COVID-19. In addition, some key factors influencing the COVID-19 pandemic, such as media, were analyzed by the extended susceptibility–exposure–infection–recovery (SEIR) model (22, 23). The basic reproductive number R0 is one of the most critical parameters in the study of infectious diseases (24). For R0 < 1, the transmission of the infectious disease is expected to stop; for R0 = 1, an infected individual can infect one person on average, that is, the spread of the disease is stable; for R0 > 1, the transmission of the infectious disease becomes epidemic. The aforementioned challenges and findings prompted us to study the dynamic transmission of asymptomatic infections.

In this study, we sought to modify the classical SEIR epidemiological model and combine it with mathematical tools to quantitatively analyze and compare the impact of asymptomatic and symptomatic infections on the COVID-19 pandemic and their transmission dynamics.



Data and methods


Data sources

Detecting asymptomatic infections requires large-scale, multiple, intensive reverse transcription-polymerase chain reaction (RT-PCR) tests (25, 26). Since the initial COVID-19 outbreak in Wuhan, the government of China has strengthened pandemic prevention and control measures. On January 28, 2020, China's National Health and Wellness Commission issued the Novel Coronavirus Pneumonia Diagnosis and Treatment Protocol (Third Edition) (27). This included data on asymptomatic infections in prevention and control management, requiring health care institutions at all levels to directly report if they detected asymptomatic infections within 2 h via the internet. After receiving reports of asymptomatic infections, disease control agencies at county and district levels were tasked to complete case investigations within 24 h and promptly register and report close contacts.

From April 1, 2020, the National Health Commission of China published data on asymptomatic infections and referrals in the daily pandemic notification system (“referrals” meant infectious persons who were asymptomatic at first, but developed symptoms later). The Chinese government organized and conducted multiple large-scale RT-PCR tests in the regions of known infections. Thus, the publicly available numbers of asymptomatic and symptomatic infections were reliable. For example, Guangzhou experienced a COVID-19 outbreak in May 2021, and 27,985,500 RT-PCR tests were performed cumulatively in the region (28).

After the Wuhan outbreak, during the period until July 2021, four other outbreaks occurred in China Beijing, Dalian, Xinjiang, and Guangzhou. We modeled and quantitatively analyzed these four outbreaks based on publicly available data (including symptomatic and asymptomatic infections and recovered individuals). We extracted daily outbreak data in Beijing (June 11–July 10, 2020), Dalian (July 22–August 6, 2020), Xinjiang (July 17–August 18, 2020), and Guangzhou (May 21–June 19, 2020) from the following publicly available websites: http://wjw.beijing.gov.cn/wjwh/ztzl/xxgzbd/, https://www.dl.gov.cn/col/col459/index.html, http://wjw.xinjiang.gov.cn/, and http://wjw.gz.gov.cn/ztzl/xxfyyqfk/. The start date was when the first case of infection was detected in the area; the end date was when the last case of infection was detected. The data included the total population of the region, geographical location, daily number of existing symptomatic and asymptomatic infections, and daily number of recovered persons, as shown in Figures 1, 2. We obtained the ratios of the total number of asymptomatic to symptomatic infections: 0.13:1, 0.48:1, 0.29:1, and 0.15:1 in Beijing, Dalian, Xinjiang, and Guangzhou, respectively. All data of the patients were de-identified; therefore, no written informed consent and ethical approval were required.


[image: Figure 1]
FIGURE 1
 Outbreaks in Beijing, Dalian, Xinjiang, and Guangzhou.



[image: Figure 2]
FIGURE 2
 Outbreaks in the four regions include asymptomatic infections and symptomatic infections, and recovered individuals. (A) Beijing, (B) Dalian, (C) Xinjiang, (D) Guangzhou.




Combining mathematical tools to develop an extended SEIR model

The SEIR model assumes the same probability of exposure for a population in a confined space, and the transmission pattern of an infectious disease over time is assumed to occur in the four states: susceptible, exposed, infectious, and recovered. The parameters of the model control the rate of transition of the population from susceptible, exposed, and infected to recovered individuals. Infectious diseases and various epidemic prevention measures interact dynamically, and the parameters of the model are allowed to change over time and region. The SEIR model is used to study the transmission speed, spatial range, transmission route, and dynamic mechanism of infectious diseases and provide guidance on the effective prevention and control measures of infectious diseases (29, 30). We developed a new SEIR model by modifying the basic and widely used SEIR model and combining it with mathematical tools, as shown in Figure 3.


[image: Figure 3]
FIGURE 3
 Modifications to the classic SEIR model. (A) The structure of the classic SEIR model. (B) The structure of this modified SEIR model.


The model classified infections into two categories: asymptomatic infections and symptomatic infections. According to the literature, we set upper and lower bounds for each parameter of the model (31–33). Then, historical real epidemic data of the outbreak region were automatically fitted with the new SEIR model. Moreover, the optimal set of parameters for the model was automatically determined by combining the standard variance function and the optimal loss function. Finally, quantitative analysis of symptomatic and asymptomatic infections was performed using the model with the new parameters, the experimental flow is shown in Figure 4.


[image: Figure 4]
FIGURE 4
 Experimental flow.


To model the dynamic transmission of COVID-19, we divided the population in the outbreak regions into different categories:

• S: Healthy and never-infected people who lack immunity and are susceptible to infection.

• E: Contact infection, transmission of infection, and possible conversion to undetected symptomatic or completely asymptomatic infections.

• E1: Contact infection, transmission of infection, and possible conversion to undetected symptomatic infections.

• E2: Contact infection, transmission of infection, and possible conversion to undetected asymptomatic infections.

• I: Infected persons with symptoms who can transmit the virus to S and turn S into E1 or E2 or I or A.

• A: Infected persons who are asymptomatic but can transmit the virus to S and turn S into E1 or E2 or I or A.

• R: People who recover from symptomatic and asymptomatic infections who recover their immunity and do not reconvert to E1 or E2 or I or A.

• N: The total number of people in a region held constant, excluding newborns, immigrants, and deaths.

In the modified SEIR model, each category is dynamically transformed, as shown in Figure 3B. The dynamic transformation relationship forms an ordinary differential equation in each category. The equations of the new model are as follows, and the parameters of the model are described in Table 1.
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Note that Equation (1) represents the rate of continuous removal from the susceptible persons (S). During the pandemic, people who converted to E1 or E2 were continuously removed from S; thus, the rate of both was <0. Similarly, Equations (2), (3), and (4) can also be understood. In Equation (5), the rate of recovery for symptomatic and asymptomatic infections per day is indicated. To understand these equations, the literature can also be consulted (34).


TABLE 1 Description of the model's parameters.

[image: Table 1]

The parameters in Table 1 (C1, C2, β, Pi, α1, α2, γ1, γ2, decays) have different values in the different outbreak regions, depending on the detection rates, social distance conditions, vaccination rates, types of treatment, and other control measures.



Training and fitting on historical data to obtain optimal parameter set

Manually adjusting the parameters of the model to fit real historical datasets is a rather tedious task and can lead to difficulties in obtaining an optimal fit. In this study, the upper and lower limits of the parameters were set according to the references. Subsequently, mathematical tools and the extended SEIR model were used to fit the datasets while obtaining an optimal set of parameters. The process is described below.

First, we set the parameter range. Because the virus was still mutating, different regions had different epidemiological characteristics; moreover, the pandemic developed dynamically. As a result of a number of factors, including varying population sizes, densities, and the use of epidemic prevention measures, multiple factors influenced the progression of the pandemic. Therefore, the model parameters were different in different regions. The values of some initial parameters were based on references (31–35), the upper and lower limits of “β” and “decays” were set to 0.1–0.8 and 0-∞, respectively. The E to I transfer rate was the reciprocal of the incubation period, which was reported to have a mean value of 5.2 d, the “α1” and “α2” were the reciprocal of 5.2 d, hence, the upper and lower limits were set to 0.16–0.3. The recovery time for infections was 14 d, “γ1” and “γ2” were the reciprocal of the recovery time (14 d) for symptomatic and asymptomatic infections, thus, the upper and lower limits were set to 0.06–0.1. Because the asymptomatic infections were not easily detected, the transmission to healthy individuals was higher than that of symptomatic infections (36). In the study by Yang et al. (37), the number of close contacts during the latency period was set to three for symptomatic infections and 15 for asymptomatic infections, therefore, the upper and lower limits of “c1” and “c2” were set to 0–0.6 and 0.9–4, respectively (2, 12, 38). Furthermore, the upper and lower limits of the total number of people were set to 1e3–1e7, depending on the size of the infection outbreak area. Here, “close contact” was defined as unprotected, close contact within 1 m. The upper and lower limits of the parameter set are shown in Table 2.


TABLE 2 Upper and lower limit interval settings for model parameters.

[image: Table 2]

Second, when programming with MATLAB R2018b (https://ww2.mathworks.cn/en/), the standard variance loss function was used to describe the deviation between the data obtained from the model and the real data of the pandemic, as shown in Equation (7).
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After obtaining the minimum deviation, to obtain a parameter set that fits well with the real scenario data, we combined the MATLAB function “fmincon” which automatically finds and determines the optimal value in a set of parameters with upper and lower limits, as shown in Equation (8).
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Therefore, the optimal fit of the model was obtained, as well as the optimal parameters to match the pandemic transmission characteristics of the region.



Experimental environments

All experiments were performed on a personal computer with Windows 7 Home Edition 64-bit operating system, and the analysis software was MATLAB R2018b (https://ww2.mathworks.cn/en/) and SPSS version 26 (IBM Corp., Chicago, IL, USA).




Results

We used real scene data of COVID-19 outbreaks from four regions (Beijing, Dalian, Xinjiang, and Guangzhou) in China and ran the data on the new model. The following results were obtained.


Fitting results of the four outbreaks

Fitting the new model to outbreak data (both symptomatic and asymptomatic infections) in Beijing, Dalian, Xinjiang, and Guangzhou yielded the results shown in Figure 5.


[image: Figure 5]
FIGURE 5
 Fitting of four outbreaks of symptomatic and asymptomatic infections. (A) Beijing, (B) Dalian, (C) Guangzhou, (D) Xinjiang.


In Figure 5, the red and blue dots represented the real asymptomatic and symptomatic infections, respectively, and the red and blue curves represented the fitted curves of the new model for asymptomatic and symptomatic infections, respectively. Here, two methods, “F-test” and “Goodness of Fit” were used to analyze the differences between the real and fitted datasets.

First, using SPSS version 26, the difference between the real and fitted datasets was obtained by F-test, as shown in Table 3, with all F<0.2, and all sig>0.6, proving that there was no significant difference between the real and fitted datasets; the new model had good fitting ability in all four regions.


TABLE 3 Analysis of the “F-test” in symptomatic and asymptomatic infections.
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Second, we evaluated the “Goodness of Fit” of the model using the coefficient of determination R2, which was expressed by the following equation (ŷi represented the predicted value of each point and [image: image] the average value of each point).
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The closer each observation was to the trend line, the better the fit was implied. The results were shown in Figure 6 and Table 4. The R2 values for both symptomatic and asymptomatic infections in all four regions were close to 1, indicating a good fit of the model to the actual data (R2 values >0.8 usually indicated a good fit).


[image: Figure 6]
FIGURE 6
 Analyzing of fitting for symptomatic and asymptomatic infections in four outbreaks. (A) R2 of symptomatic infections in Beijing, (B) R2 of asymptomatic infections in Beijing, (C) R2 of symptomatic infections in Dalian, (D) R2 of asymptomatic infections in Dalian, (E) R2 of symptomatic infections in Xinjiang, (F) R2 of asymptomatic infections in Xinjiang, (G) R2 of symptomatic infections in Guangzhou, (H) R2 of asymptomatic infections in Guangzhou.



TABLE 4 Analysis of the “Goodness of Fit” in symptomatic and asymptomatic infections.
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Power of dynamic transmission of symptomatic and asymptomatic infections

In this model, c1 and β interact with each other and yield an overall dynamic transmitted power. The dynamic transmission power parameters of symptomatic and asymptomatic infections were expressed by Equations (10) and (11), respectively. “Syinfect” represented the dynamic transmission power parameters of symptomatic infections, and “Asyinfect” represented the dynamic transmission power parameters of asymptomatic infection.
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Figure 6 showed the dynamic transmission power curves for asymptomatic and symptomatic infections. Their initial dynamic transmission power parameters in Beijing, Dalian, Xinjiang and Guangzhou were 1.15:0.25, 1.30:0.20, 0.48:0.32, and 0.55:0.31, respectively. It was shown that the initial dynamic transmission power parameters were lasrger for asymptomatic infections than for symptomatic infections. Furthermore, larger initial transmission power parameters predicted stronger subsequent outbreaks. Under effective control measures, the dynamic transmission power parameter would keep decreasing, and when the dynamic transmission power parameter equaled zero, it indicated the end of the outbreak.

The mathematical integrals of the dynamic transmission power parameter curves for asymptomatic and asymptomatic infections were represented by Equations (12) and (13), respectively. “Sy” represented the integration under the curve of dynamic transmission power parameters for symptomatic infections, and “Asy” represented the integration under the curve of dynamic transmission power parameters for asymptomatic infections.
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The area under the curve represented the total transmission power. The results for the total transmission power of asymptomatic and symptomatic infections in the entire outbreak were as follows: Beijing, 9.05:1.95; Dalian, 7.37:1.15; Xinjiang, 4.97:3.34; and Guangzhou, 6.69:3.78. For example, the ratio of the area under the blue curve to the area under the red curve in Figure 7A is 9.05:1.95. This indicated that the asymptomatic infections were more infectious than the symptomatic infections in above four outbreaks.


[image: Figure 7]
FIGURE 7
 Dynamic transmission power parameters of symptomatic and asymptomatic infections. (A) Beijing, (B) Dalian, (C) Xinjiang, (D) Guangzhou.




Number of people infected by symptomatic or asymptomatic infections

According to the model, the number of people infected by asymptomatic and symptomatic infections per day was expressed in Equations (14) and (15), respectively. “NoaSya” represented the number of healthy people infected by asymptomatic infections per day, and “Nosyb” represented the number of healthy people infected by symptomatic infections per day. Table 5 showed the results.
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The curves of Equations (14) and (15) were mathematically integrated separately to obtain the area under the curve, as shown in Figure 8. The ratios of the total number of asymptomatic infections to the total number of asymptomatic infections obtained as 4.64:1, 6.21:1, 1.49:1, and 1.76:1 in Beijing, Dalian, Xinjiang, and Guangzhou, respectively. Thus, the following two points could be summarized.

(1) Quantitative analysis by the transmission dynamics equations of the model showed the transmission process of asymptomatic and symptomatic infections in healthy persons, respectively. Further, the analysis of the model was more convenient than following up infections in a large population.

(2) The number of asymptomatic infections was lower than the number of symptomatic infections; however, asymptomatic infections spread the disease to a larger number of people.


TABLE 5 The number of daily infections caused by asymptomatic and symptomatic infections.
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FIGURE 8
 Quantitative analysis of persons infected by symptomatic and asymptomatic infections. (A) Beijing, (B) Dalian, (C) Xinjiang, (D) Guangzhou.





Discussion

This study elucidated the ratio of healthy persons infected by asymptomatic and symptomatic infections in a pandemic, and quantified their dynamic transmission processes respectively. Owing to the strict control of the pandemic in China, the proportion of asymptomatic infections was smaller than that of symptomatic infections in the four outbreaks studied. Nevertheless, quantitative comparative analyses confirmed that transmission from asymptomatic infections to healthy individuals was greater than that from symptomatic infections. We searched PubMed for relevant articles in English, published since the database inception before July 25, 2021, using the search terms (“asymptomatic” [Title/Abstract] AND (“COVID-19” [Title/Abstract] OR “SARS-CoV-2” [Title/Abstract]) AND (“transmit*” [Title/Abstract] OR “infect” [Title/ Abstract]) AND (“ratio” [Title/Abstract] OR “proportion” [Title/Abstract])). We identified 144 articles and found six articles that discussed the risk of asymptomatic and symptomatic infections during the COVID-19 pandemic (39–43). Moreover, our study clearly analyzed the dynamic transmission characteristics of asymptomatic and symptomatic COVID-19 infections. Furthermore, this is a multicenter study. Thus, it was proven that the proposed model can be used in different outbreak regions by training and fitting.

Furthermore, there are several findings. First, Figure 7 showed a rapid reduction in dynamic transmission parameters for both symptomatic and asymptomatic infections in the same region, confirming that the epidemic control measures were effective at that time. Second, Figure 2 showed that the proportion of asymptomatic infections was only a small proportion of the overall number of infected individuals. However, Figure 6 showed that the initial transmission dynamic power parameter of asymptomatic infections was larger than that of symptomatic infections. Furthermore, Figure 8 showed that the overall number and ratio of asymptomatic infections transmitted to the healthy persons were greater than those of symptomatic infections throughout the above four outbreaks.

Third, by running the results of the same model on the four outbreaks, we found that the dynamic transmission power parameters of symptomatic and asymptomatic infections differed in different geographical regions, as did the number and proportion of infections in the healthy populations. This explained why previous literature had different ratios of asymptomatic to symptomatic infections in different regions (13–16). Specifically, they were caused by the transmission of different viruses in different populations under different prevention and control measures (32).

Fourth, the results of the data analysis in Figures 7, 8 suggested that the severity of pandemic transmission could be assessed by observing the dynamic transmission parameters of daily asymptomatic infections and asymptomatic infections, and could also be used to assess the effectiveness of control measures. A similar conclusion was reached in a previous study (44).

The results showed that a comparative analysis of the transmission dynamics of symptomatic and asymptomatic infections could provide a reference for highlighting certain measures in the combination of various preventive measures to reduce economic losses. With widespread awareness of COVID-19 and increased vigilance, subjects with symptomatic infection could more likely self-identify and receive treatment, even with mild symptoms. Therefore, the proportion of transmission from asymptomatic infections is likely to continue increasing. Thus, among various epidemic control measures, RT-PCR testing should be enhanced in the outbreak affected region, and isolation treatment for asymptomatic infections should be emphasized.

This study has some limitations. First, there was a time lag between individual-based exposure, symptom onset, and testing confirmation. Furthermore, in China, owing to strict epidemic control measures, patients treated in isolation had to be observed for a period after actual recovery before being declared cured, thereby possibly causing deviations. The data used in our model included the above time lag, therefore, there may be a small deviation in the results, which could explain why the R2 was 80.11% after fitting the asymptomatic infections in Guangzhou, although an R2 >80% means a good fit. Second, as all patients who tested positive using RT-PCR in China were offered free isolation treatment, this study assumed that patients confirmed by testing were not capable of transmitting the virus during treatment; Third, the upper and lower bounds for the model parameters were set using data from other references. We may not have considered extreme cases, such as some “super spreader” incidents of COVID-19 (45). Fourth, the amount of data was limited, which might have affected the accuracy of the results. Despite the new model having some limitations, the epidemiological data and experimental results were within acceptable limits under the assumption of common sense.



Conclusion

This multicenter, retrospective study demonstrated the dynamic process of symptomatic and asymptomatic infection transmission to healthy individuals. Although there were fewer asymptomatic infections than symptomatic ones in the four outbreaks studied, a greater number and proportion of infections in the healthy population were caused by asymptomatic infections. These findings suggest that isolation and treatment of symptomatic infections are not sufficient under the conditions of inadequate vaccines, continuous virus mutation, and lack of widespread use of therapies that could eliminate current infectiousness. There is thus a great need to reduce the risk of transmission of asymptomatic infections. On the one hand, in COVID-19 pandemic regions, there is a need for proactive, large-scale, and multiple testing of close contacts of COVID-19 patients to help in mitigating the disease spread and exposure of populations and to rapidly identify and treat asymptomatic infections. On the other hand, healthy people should continue social distancing, wearing masks, and vaccination to avoid infection. The proposed model elucidated the impact of symptomatic and asymptomatic infections on epidemics. The model can also be used to observe the progress of the epidemic and assess the effectiveness of interventions, which could help governments worldwide develop reasonable measures to fight the COVID-19 pandemic.
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Background: The reinfection rate of SARS-CoV-2 Omicron variant is high; thus, exploring the risk factors for reinfection is important for the effective control of the epidemic. This study aimed to explore the effects of psychological and sleep factors on re-positivity with Omicron.

Methods: Through a prospective cohort study, 933 adult patients diagnosed with Omicron BA.2.2 infection and testing negative after treatment were included for screening and follow-up. We collected data on patients' demographic characteristics, SARS-CoV-2 Omicron vaccination status, anxiety, depression, and sleep status. Patients underwent nucleic acid testing for SARS-CoV-2 Omicron for 30 days. Regression and Kaplan-Meier analyses were used to determine the risk factors for re-positivity of Omicron.

Results: Ultimately, 683 patients were included in the analysis. Logistic regression analysis showed that older age (P = 0.006) and depressive status (P = 0.006) were two independent risk factors for Omicron re-positivity. The odds ratios of re-positivity in patients aged ≥60 years and with a Patient Health Questionnaire-9 (PHQ-9) score ≥5 was 1.82 (95% confidence interval:1.18–2.78) and 2.22 (1.27–3.85), respectively. In addition, the time from infection to recovery was significantly longer in patients aged ≥60 years (17.2 ± 4.5 vs. 16.0 ± 4.4, P = 0.003) and in patients with PHQ-9≥5 (17.5 ± 4.2vs. 16.2 ± 4.5, P = 0.026). Kaplan–Meier analysis showed that there was a significantly higher primary re-positivity rate in patients aged ≥60 years (P = 0.004) and PHQ-9 ≥ 5 (P = 0.007).

Conclusion: This study demonstrated that age of ≥60 years and depressive status were two independent risk factors for re-positivity with Omicron and that these factors could prolong the time from infection to recovery. Thus, it is necessary to pay particular attention to older adults and patients in a depressive state.

KEYWORDS
 Omicron, reinfection, COVID-19, depression, anxiety, sleep, older adults, SARS-CoV-2


Introduction

On November 26, 2021, the WHO declared a new SARS-CoV-2 variant strain named Omicron (B.1.1529 variant) as a variant of concern (1). On May 9, 2022, in a remote county in Sichuan Province, China, with a resident population of ~600,000, a sudden Omicron epidemic proliferated across the entire county, including rural areas. Through the gene sequencing, the variant of Omicron was determined as BA.2. 2 by Sichuan Center for Disease Control and Prevention. There were 1,268 confirmed infections, including in 933 adults. Existing studies have shown that the Omicron variant involves new mutations in its spike protein, most of which are located at its receptor-binding site. These changes make it more infectious and transmissible, and simultaneously cause immune escape. This leads to reduced efficacy and poor therapeutic effect of existing vaccines (2, 3), and it usually spreads widely before symptoms appear (4).

Some studies indicate that there are still many Omicron infections in South Africa, despite comprehensive vaccination and 90% group immunization, demonstrating that Omicron is highly contagious and allows immune escape to vaccines and antibodies (5). Although incidences of severe illness and mortality induced by Omicron were lower than previous variants, it was more transmissible and less well-controlled by vaccination (6, 7). The high infectivity made the Omicron threaten more people, especially for elderly (8, 9), and one study have demonstrated that rate of severe illness would not be decreased for some population without vaccination (10). Experimental studies show that Omicron has many mutations in its structure compared with SARS-CoV-2, which increases the risk of reinfection (2, 11–13). In previous outbreaks, the total reinfection rate of the SARS-CoV-2 variant was <2% (6). Before Omicron emerged, the low reinfection rate was due to the production of immune antibodies after vaccination and infection, and the protective efficacy was greatly reduced before Omicron (14). Some institutions estimate that the actual infection rate is higher (15), and compared with the Delta variant, the risk of reinfection with Omicron increases nearly 18 times (16). Considering such a high rate of infectivity and reinfection, if positive patients and susceptible populations such as older adults are not controlled in advance, Omicron will proliferate and over-burden the medical system, resulting in an increased number of deaths (8, 10). Therefore, it is necessary to identify risk factors for patients' re-positivity. If we can predict which groups are more likely to relapse, it will provide guidance for the prevention, diagnosis, and treatment of Omicron, as well as for the formulation of prevention and control strategies.

Existing studies have clarified that HIV, obesity, pregnancy, and medical workers over 60 years of age may increase the risk of reinfection with Omicron (16). However, there are very few studies on the influence of anxiety, depression, and sleep status on reinfection. Previous studies have mainly focused on physical and psychological changes after COVID-19, and it is clear that the incidence of these factors is high (17, 18). Therefore, it is essential to clarify whether these are important factors that aggravate re-positivity with Omicron. In addition, previous studies have focused on almost all large- and medium-sized cities with concentrated and developed medical resources. However, in small counties in China, people's cognition, and knowledge levels regarding the virus are seriously lacking, their panic is more obvious, and their psychological problems may be more prominent (19, 20). Therefore, this study included patients with Omicron and explored the predictability of anxiety, depression, and sleep status in Omicron re-positivity.



Methods


Patients

This study was a prospective cohort study. The study protocol was reviewed and approved by the ethics committee of the People's Hospital of Linshui County, Sichuan Province, China. As shown in Figure 1, a total of 933 patients who were locally diagnosed with Omicron BA.2.2 and tested negative after treatment were screened and followed. The inclusion criteria were age ≥18 years, locally diagnosed with Omicron BA.2.2, living in Linshui County, Sichuan Province, China, and testing negative for Omicron BA.2.2, after quarantinable treatment. Patients were excluded if they met any of the following criteria: diagnosed mental disease before infection, accompanying severe disease requiring hospitalization, and communicative disorders or refusal to participate.


[image: Figure 1]
FIGURE 1
 Flow chart of the study. (Complication means diseases of different systems [including the cardiovascular, respiratory, urinary, digestive, nervous, and hematological systems, etc.]; Severe concomitant disease means accompanying severe disease requiring hospitalization).




Study design and intervention

Patients were invited to participate in the study when they were sent to the People's Hospital of Linshui County after testing negative for Omicron BA.2.2 during quarantinable treatment. Negative diagnosis of Omicron BA.2.2 was determined by negative results for two successive tests at intervals of more than 24 h. Demographic data (sex, age, height, weight, BMI, smoking status, and drinking status) were collected. Complications of different systems (including the cardiovascular, respiratory, urinary, digestive, nervous, and hematological systems, etc.) were recorded according to the patients' chief complaints. Information regarding COVID-19 vaccination was also collected. After recording the above information, the patient was asked to complete a psychological and sleep evaluation. Nucleic acid testing for COVID-19 was performed daily for 30 days. If a patient was screened as positive for infection with Omicron BA.2.2 again, they were defined as a re-positivity case.



Psychological and sleep evaluation

The same group of professional psychologists completed the psychological and sleep assessments. The Patient Health Questionnaire 9 (PHQ-9) was used to screen and evaluate depressive symptoms, with a total of nine items and a scale of 0 (not at all) to 3 (almost every day) (21). The total score of the PHQ-9 scale ranges from 0 to 27 points, of which 0 to 5 points indicate no depression, and a score >5 indicates a depressive state; the higher the score, the more severe the depressive symptoms. The Generalized Anxiety Disorder Scale 7 (GAD-7) was used to screen and evaluate generalized anxiety symptoms with a total of seven items, using a scale from 0 (not at all) to 3 (almost every day) (21). The total score of the GAD-7 ranges from 0 to 21 points, where 0 to 5 points indicate no anxiety, and more than 5 points indicate anxiety states, and higher scores delineate higher anxiety severity. The Pittsburgh Sleep Quality Index (PSQI) is suitable for the assessment of sleep quality in healthy adults and patients with sleep disorders (22). The scale comprises 7 factors with 18 self-assessment questions, and each factor is scored on a scale of 0 to 3. The cumulative score of each factor component is the total score of the PSQI (0–21), the higher the score, the poorer the sleep quality. A PSQI score of 7 is often used as the cut-off value, and ≥7 points are defined as sleep disorders. The Morning and Evening Questionaire-5 (MEQ-5) was used to assess sleep rhythm status, with a total score ranging from 4 to 25 (23). The demarcation points were as follows: 4–11, 12–17, and 18–25 indicated night, intermediate, and morning types, respectively.



Statistical analysis

In this study, all data were assessed and analyzed by an experienced statistician using SPSS 26.0. Two-sided P < 0.05 was considered statistically significant. Normal or skewed distributions of continuous variables were determined using the Kolmogorov–Smirnov test. Continuous variables were presented as mean ± standard deviation when they were normally distributed and as medians with interquartile ranges. Categorical variables were presented as numbers with percentages. The primary outcome was the incidence of re-positivity, and according to whether the reinfected patients were grouped into groups R and C. Student's t-tests or Mann–Whitney U tests were performed to compare the differences in continuous variables between the two groups. The chi-square test or Fisher's exact test was used to compare categorical variables between the two groups.

Univariate logistic regression was used to determine which factors had a statistically significant effect on re-positivity. These factors included infection status (asymptomatic or symptomatic), vaccination inoculation (yes or no), sex (male or female), age group (<60 or ≥60 years), BMI category (<18.5, 18.5–24 or >24), educational level (≤ 6, 6–12 or >12 years), occupation (professional, laborer, or other), smoking status (current smoker; former smoker, or never smoker), alcohol drinking status (current alcohol drinker, former drinker, or never drinker), health complications (yes or no), sleep status (PQSI ≤ 5 or PQSI > 6), MEQ-5 (morning, evening, or intermediate type), depression status (PHQ-9 <5 or PHQ-9 ≥ 5), and anxiety status (GAD-7 < 5 or GAD-7 ≥ 5). The criterion for inclusion in the regression equation was P < 0.1. Stepwise logistic regression analysis was then performed, and variables with P < 0.1 were included in the model. Odds ratios with 95% confidence intervals (CI) for significant factors of re-positivity were calculated. Additionally, time from infection to recovery, and time from recovery to re-positivity, were compared between different groups according to the identified significant factors, and Kaplan–Meier analysis was performed based on group allocation.




Result

As shown in Figure 1, a total of 933 patients were screened, and 205 patients were excluded according to the exclusion criteria. Of the 728 included patients, 45 were excluded due to missing data or refusal to continue the study. Therefore, 683 patients were included in the final analysis. The demographic and preoperative data of all the included patients are presented in Table 1. Significant differences were found in the percentage of PQSI ≥ 6 (22.4 vs. 12.9%; P = 0.008) and PHQ-9 ≥ 5 (18.1 vs. 8.9%; P < 0.0001). There was no significant difference in other demographic or baseline data between the two groups.


TABLE 1 Demographic characteristics, data of psychological and sleep evaluation between patients in re-positivity and control patients.

[image: Table 1]

As shown in Table 2, in the univariate logistic regression of risk variables for predicting patients' re-positivity, age group (P = 0.005), sleep status (P = 0.009), and depressed status (P = 0.004) were identified as significant risk factors. In addition, vaccination inoculation (P = 0.058) and anxiety status (P = 0.057) were included in the overall logistic regression model. In the final overall logistic regression model, age group (P = 0.006) and depressed status (P = 0.006) were identified as independent risk factors for re-positivity. The odds ratios of age≥60 years and PHQ-9≥5 were 1.82 (95%CI:1.18–2.78) and 2.22 (1.27–3.85) respectively, for the prediction of re-positivity (Table 3).


TABLE 2 Univariate logistic regression of risk variables for predicting re-positivity.
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TABLE 3 Overall logistic regression model based on significative factors for predicting re-positivity.
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According to the two identified risk factors, time from infection to recovery and time from recovery to re-positivity between patients were compared between age of < 60 or ≥60 years and PHQ-9 < 5 or PHQ-9 ≥ 5, respectively. The comparative analysis showed that time from the infection to recovery in patients aged ≥60 years was significantly longer than in patients aged < 60 years (17.2 ± 4.5 vs. 16.0 ± 4.4, P = 0.003, Figure 2A). Moreover, the time from infection to recovery in patients with PHQ-9 ≥ 5 was significantly longer than in patients with PHQ-9 < 5 (17.5 ± 4.2 vs. 16.2 ± 4.5, P = 0.026, Figure 2C). As shown in Figures 2B,D, no significant differences were found between the different age groups or depressed groups.


[image: Figure 2]
FIGURE 2
 Comparisons of time from the infection to recovery and time from recovery to re-positivity between different age group (A,B) and depression status (C,D). PHQ-9, patient health questionnaire nine; NS, Not Significant.


Kaplan–Meier (Figures 3A,B) analysis showed that there was a significantly higher primary re-positivity rate in patients aged ≥60 years (P = 0.004) and PHQ-9≥5 (P = 0.007). On the 15th day, patients with PHQ-9 ≥ 5 showed a significantly higher incidence of re-positivity compared to patients with PHQ-9 < 5 (21.5 vs. 12.4%, P = 0.003). On the 10th day, patients aged ≥60 years showed a significantly higher incidence of re-positivity compared to patients aged < 60 years (20.1 vs. 10.6%, P = 0.011).


[image: Figure 3]
FIGURE 3
 Comparisons of the accumulated rates of re-positivity between different age group (A) and depression status (B). PHQ-9, patient health questionnaire nine.




Discussion

In this study, we found that of 683 Omicron-infected patients, there were 116 cases of re-positivity within 30 days after discharge from the hospital, and the overall re-positivity rate was 16.4%. Older adults over 60 years old and patients with depression were at risk for re-positivity. The time from infection to recovery was also longer in older adults and patients with depression. In addition, from the cumulative incidence curve analysis, we found that adults over 60 years of age showed a significant increase in re-positivity on the 15th day, while re-positivity in depressed patients increased significantly on day 10.

Previous studies have demonstrated that reinfection with Omicron BA.2 can occur within 60 days, especially in unvaccinated individuals (24). In this study, the variant of Omicron was determined as BA.2. 2 by Sichuan Center for Disease Control and Prevention. And because after the outbreak the whole county was centralized controlled and all infected patients were isolated, thus we assumed that BA2.2 was the predominant version circulating in this region at this time. The re-positivity rate with Omicron BA.2.2 reached 16.4%, which is higher than that in a previous report (25). In addition, one study reported that reinfection was found in 26 (0.46%) of 5,554 alpha, 209 (1.16%) of 17,941 delta, and 520 (13.0%) of 3,992 Omicron variants (26). Thus, we speculated that reinfection might be more frequent in the Omicron BA.2.2 variant than in other variants.

Previous studies on Omicron reinfection have suggested a certain correlation between age and reinfection, and age >60 years is an important risk factor for reinfection (16). In this study, we found that the risk of re-positivity increased by nearly two times in patients aged over 60 years. Older adults often have more comorbidities; poor nutrition; and poor heart, lung, and kidney function, resulting in their low natural immunity and susceptibility to viruses (9). Although previous studies have suggested that Omicron has an immune evasion effect on vaccines or antibodies from previous infections (11–13), the infection and severe illness rates increase drastically when the patient is not vaccinated (8, 10). In this study, there was no statistically significant difference in vaccination status (35 unvaccinated persons) (P = 0.058), which may be related to the smaller sample size. This is attributed to government efforts, which vigorously promotes vaccination to reduce the number of unvaccinated people. Therefore, we recommend that the public be actively vaccinated to reduce the risk of re-positivity, especially in older adults. In addition, we found that the recovery time of older adults after infection with Omicron was longer than that of other patients, which further indicates that older adults are highly susceptible to Omicron infection. However, although it is statistically significant, the difference is relatively small and thus its clinical significance should be further assessed in future study.

In this study, depressive state was found to be an independent risk factor for increased re-positivity rates; that is, patients in a depressed state were more likely to be reinfected with Omicron. The risk of re-positivity increased by more than 2 times if the patient had a depressive status. This phenomenon may be associated with various physical and mental symptoms caused by depression, including decreased immunity, sleep disturbances, and so forth (27–29). In the univariate regression analysis of this study, sleep status was associated with re-positivity; however, sleep status was no longer an independent risk factor in multiple regression. This may be related to the effect of depression on sleep (27), and suggests that sleep problems caused by depressive states may also be involved in the increased risk of re-positivity. In addition, although anxiety status was not a significant factor for re-positivity in this study, it approached a statistically significant difference (P = 0.057). This may be related to the small sample size, and it is unclear whether it is related to re-positivity based on the current study. Depression may lead to decreased immunity, and immune escape by Omicron is common (13). Thus, patients may be more prone to re-positivity, which also explains why once the patient is infected with Omicron, it is difficult to fight Omicron through their own immune function. Longer monitoring and even more medical intervention may be required to increase the immune function of patients against re-positivity (30). In addition, it would be interesting to further analyze whether infected patients are in a depressed state. Specifically, in patients with depression, the time from infection to testing negative is also significantly longer than in patients without depression. This suggests that depression not only increases the re-positivity rate, but also prolongs the recovery time.

In addition to the risk factor regression analysis, this study also conducted a time-cumulative incidence analysis of different ages and different depression states, and the results showed that there was a significantly increased risk of re-positivity within 10 days for patients with depression. This was shorter than the effect of age (significant difference appeared at 15 days), suggesting that depressive status may be more influential than age. This study showed that depressive status and age >60 years are risk factors for re-positivity with Omicron. These findings are helpful to predict the risk of re-positivity, as well as for the prevention and diagnosis of Omicron. In addition, although patients with known mental disease were excluded, we speculated that it was also more vulnerable of re-positivity for those with diagnosed depression. Our findings are of great significance to implement control strategies, such as isolation, the management and control of close contacts and sub-close contacts, and the policy implementation of returning to society after discharge from the hospital after nucleic acid turns negative.

Several limitations of this study should be considered when interpreting its results. First, although vaccination status, anxiety, and sleep status were not identified as significant independent risk factors for re-positivity in this study, due to the high vaccination rate and relatively small sample size, their contribution to re-positivity cannot be completely excluded. Second, this study selected 30 days after recovery as the endpoint of the study. Although our investigators did not include patients with re-positivity after more than 25 days, it is necessary to extend the observation time in subsequent studies to further observe the impact of these related factors. Additionally, the psychological scales used in this study were mainly self-rating scales, and it is necessary to use more professional scales in future research to evaluate the effects of depression and other psychological states on Omicron re-positivity.

In summary, this study confirms that patients in a depressed state and older adults are at risk for re-positivity with Omicron, and depression and older age can prolong the time from infection to recovery. Therefore, in patients infected with Omicron, more attention should be paid to older adults and patients in a depressive state.
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Since the thrust of previous research investigations has been on people's willingness to get immunized against the COVID-19 infection, the underpinning principle of compliance has received very little attention. Addressing the possible drivers and mechanisms influencing vaccine acceptance may provide significant insights for limiting the pandemic. In response, we intend to investigate the influence of decision regret and the consequences of post-vaccination adverse effects on the inclination to undertake booster shots. An electronic survey that was self-administered was conducted in Rawalpindi, Pakistan. The questionnaire was completed by 1,369 participants, with a response rate of 41%. 1,343 of them (98.10%) had received both doses of the COVID-19 vaccination. Besides, the present research has also adopted a mediation model. Our findings demonstrate that unfavorable vaccination responses in healthcare workers significantly affect their likelihood of receiving booster shots. Interestingly, healthcare workers who had adverse experiences after being immunized were more prone to regret their prior immunization decisions, which in response affected their decision to get a booster shot. The motivation to receive the booster dosage and adverse post-vaccination responses were mediated by decision regret. The outcomes suggested indissociable connections between unfavorable vaccination responses, decision regret, and the likelihood of receiving a booster shot. To strengthen immunization acceptance intent and enhance the likelihood of receiving COVID-19 booster shots, it is recommended that awareness of these post-vaccination adverse events be extensively integrated into immunization awareness programs and policy measures supporting booster doses.
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Introduction

According to the World Health Organization, Pakistan experienced 1,567,147 confirmed cases of COVID-19 from January 3, 2020, to August 26, 2022, with 30,559 fatalities (1). Pakistan is presently coping with the fifth cycle triggered by the new variant, Omicron. In November 2021, South Africa and Botswana reported the existence of the latest coronavirus variant. In subsequent days, it has taken over as Pakistan's predominant strain, especially in Karachi, where the incidence rate has approached 40% and no Pakistani city has been protected by the latest Omicron (2). In July 2022, healthcare authorities cautioned that the rise in new ailments may cause the pandemic's sixth wave (3, 4).

The first-line defensive strategy against COVID-19 is not feasible over the long run due to the global economic instability spurred on by travel restrictions and prolonged lockdowns, particularly in low-income nations like Pakistan where the invasion of new variations is foreseeable (5, 6). The most effective method to combat this catastrophe and prevent emerging mutations is immunization since it minimizes the possibility that the illness would be severe. Vaccination is fundamental to significantly reducing the impacts of COVID-19 infection and enabling children to resume regular lifestyles (7, 8). An effective immunization process requires both sufficient vaccine manufacturing and significant levels of acceptance. Exhilaratingly, over 100 potential vaccine options have been established since the virus's genomic structure was disclosed in January 2020 (9, 10). In the case of vaccinations that are 80% efficacious, statistical models suggest that 60–72% of the population must be immunized to achieve protective immunity (11). An increased vaccine acceptance may be essential in light of the advent of some novel variations with significant disease transmission, like the recently detected Omicron variant (12). Individuals over the age of 16 who get the BioNTech, Pfizer vaccine in a two-dose course are 95% protected against the emerging coronavirus variants (13). Nonetheless, Pakistan's immunization efforts are hindered by vaccine hesitancy, similarly to other underdeveloped nations. Between May 2021 and August 2022, almost 60% of Pakistan's population received two doses of immunization, while about 20% received booster shots (14).

Immunization reluctance is impeding this nation's vaccination effort. In Pakistan, vaccine reluctance has long been a significant phenomenon and a continuing obstacle to polio immunization efforts (15). Whilst investigations on the COVID-19 vaccine are underway, one significant barrier to vaccination may be vaccine hesitancy, which is described by the WHO as the delay in accepting or refusing immunization despite the accessibility of vaccination facilities (16). From the beginning of this catastrophe, there has been an increase in the misinformation concerning COVID-19 and its immunization that has been fostered by various conspiracies. Low socioeconomic position, inadequate vaccination administration methods, non-compliance, and lack of access to the vaccine are a few more variables that significantly contribute to this hesitation. These and other considerations make the general populace reluctant to receive vaccinations. The average public is reluctant to receive vaccinations due to all of these reasons (17). The presently existing vaccination no longer protects against the new N501Y strain due to spiking in protein mutation which is more infectious than the preceding variants as a result of the mutation. According to reports, the N501Y mutation is detected in about 25% of the recent incidences in Pakistan (18, 19). Professionals and scientists recommend a yearly booster dose to adequately prevent the emerging virus's potential to rapidly mutate to provide immunity against the recent N501Y variant. An updated formulation of the vaccine is now being designed and will probably be offered as a booster dose (20). However, this might make it considerably challenging for Pakistani healthcare authorities to persuade individuals to receive this additional yearly booster dosage. This mutation, though, might not be the last one the world experiences. The corona virus is anticipated to change regularly in the future, just like all other viruses, making yearly booster doses the primary strategy to maintain a sufficient level of immunity against this catastrophic infection (21, 22). In addition to having a devastating effect on the economy and healthcare infrastructures, this plague culminated in the suspension of polio vaccination programs, which contributed to an increase in instances of the disease (23).

According to epidemiological statistics, the most prevalent method of transmission tends to be aerosols from face-to-face exposure while sneezing or coughing (24). Healthcare workers are susceptible to this extremely contagious virus since they frequently come into touch with COVID-19 patients. Appropriate and reliable preventative vaccinations were thereby a potentially helpful weapon that potentially is adopted to minimize transmission rates and consequent illnesses in response to the outbreak (25, 26). There have recently been instances of corona infection, hospitalization, and fatalities in some patients who had received both vaccine shots (27). This introduces additional hurdles for frequent outbreak prevention and management. The COVID-19 outbreak is still threatening and must be addressed carefully. Furthermore, coronavirus has become vulnerable to mutation, and vaccination efficacy has declined over time, which is likely to have caused the pandemic's resurgence (27, 28). Thus, timely immunization with the third booster dose to additionally enhance the body's level of neutralizing antibodies can augment and strengthen the vaccine's waning protective effectiveness while also protecting a potential future coronavirus variation.

Healthcare workers in this instance are more likely to contract the ongoing virus than the general public (29–31). To build herd immunity among all the populations that might lead to COVID-19 transmission, healthcare workers must be immunized. This would prevent the propagation of the virus and have positive knock-on effects on the larger population. The majority of research on the COVID-19 booster shots to date has focused on examining people's willingness to receive them, with limited emphasis on the underpinning mechanism. Among healthcare workers, understanding the rationale of the willingness to acquire booster shots is imperative to enhance the immunization for booster shots in the general public, which could help combat the epidemic.

It is fundamental to increase vaccination trust among Pakistani people, which are primarily comprised of rural regions and repressed females. As a result, engagement and counseling are required to increase their confidence while addressing socioeconomic inequities in the population. The healthcare authority must ramp up its endeavors to confront this challenging catastrophe. To fight back, evidence-based communication, electronic media platforms, and legislative actions must be implemented. Widespread misconceptions about vaccination have to be countered by thorough informational analysis by technology or communications experts and the dissemination of opposing views from medical experts. Fears of the general population can be addressed with targeted and focused solutions; otherwise, the effects could last for centuries. The factors causing vaccination hesitancy must be remedied promptly to prevent Pakistan from combating the COVID-19 pandemic in vain. Vaccines and upcoming yearly booster injections are Pakistan's sole defense against a recurrence of COVID-19 infections. Thus, immunization hesitancy poses a significant barrier to effectively controlling the epidemic, prolonging it indefinitely and bringing about immeasurable pain and fatalities.

Earlier investigations revealed that discomfort at the vaccination spot, muscles and bone pains, overall unpleasant sensations, and fever were the most often reported adverse responses following immunization (32, 33). Investigating whether these unfavorable post-vaccination effects impact people's decision to accept booster doses is a topic of significant interest. People sometimes have to make unpleasant decisions regarding their health, and they might come to regret their actions in the future. One of the potential variables most commonly indicated to be connected to regretting decisions, according to the study, is a negative bodily health outcome (32, 34). In the present research, we thus sought to investigate the relationships between post-vaccination adverse effects, decision regret, and readiness to receive the COVID-19 booster dosage.



Materials and methods


Data source and study design

Between March 2 and April 31, 2022, we conducted a cross-sectional online survey. A web-based questionnaire was generated using Google-based forms and shared with the study participants via social platforms and e-mails. In accordance with the government's social distancing imperatives, face-to-face meetings were eliminated. The targeted populace included all healthcare employees in a public hospital in Rawalpindi, Pakistan, and the samples comprised clinicians, nurses, and technicians, as well as administrative staff. After performing a preliminary assessment of the collected data, repeated samples and respondents < 18 years were eliminated from the final sample. With a response rate of 41%, 1,343 responses were aggregated overall. There were three sections in the survey questionnaire which are described in Table 1.


TABLE 1 The main content of the study questionnaire adapted for the proposed study.

[image: Table 1]



Ethical consideration

This survey study was approved by the Ethics Committee of Benazir Bhutto Hospital, Punjab Province, Pakistan (Ref: BBH-2021/004583). All procedures were conducted in accordance with the guidelines of our institutional Ethics Committee and in compliance with the principles of the Declaration of Helsinki. Prior to completing the questionnaire forms, all participants provided their electronic informed consent. By maintaining anonymity throughout the investigation and requesting genuine responses and choices from the participants, the integrity of the data was well-preserved.



Mediation analysis

Several researchers have adopted mediation frameworks to investigate the prospective influence of an independent parameter on a response factor and to determine if a parameter may have a mediation connection among different parameters (36, 37). Since mediation analysis is vital in comprehending the process by which an alteration in one factor may lead to an alteration in another, this research may have significant policy implications. In the present study, exposure (X) represented post-vaccination adverse effects (either in “Yes” or “No”); a putative mediator ([image: image]) represented regret over a decision, and the outcome ([image: image]) represented the likelihood to receive a COVID-19 booster shot. We emphasized the scenario of a continuous mediator ([image: image]) and a dichotomous event ([image: image]), and we employed the three regression packages listed below for mediation analysis:

[image: image]

[image: image]
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Here, Equation (1) shows how an explanatory and a dependent variable (i.e., X, and [image: image]) are related; the relationship between an explanatory parameter and a mediator (i.e., X, and [image: image]) is described by Equation (2). The interrelationship between the explanatory parameter, the mediator, and the dependent factor is described in Equation (3). Whereas, ‘Z' represents the covariates including age and gender; λ represents the overall influence of the exposure on the outcome; δ represents exposure influence on the mediator; λ* represents the exposure's direct influence on the outcome; η represents the mediator effect on the outcome. Also, the intercept terms are represented by [image: image], [image: image], and [image: image] were the intercept terms while the residual terms are represented by ϵ1, ϵ2, and ϵ3.

In the existing literature, the most widespread strategy for testing mediation interactions has been regression-based modeling (38–41). Finding out whether X and [image: image] had a meaningful relationship was the first step. The significance of the relationship between X and [image: image] was examined in the subsequent stage. Regressing [image: image] on X and [image: image] was the ultimate step. Lastly, we employed the paired analysis technique to examine the mediation effect (42). This approach took into account the path-specific P-values and yielded the following estimation:

[image: image]

In the case of p < 0.05, we may therefore assume that the variable “[image: image]” served as the intermediary between the explanatory (X) and the outcome ([image: image]).




Results

Table 2 describes the participants' baseline demographics' such as age (years), educational level, occupation, gender, professional status, comorbid conditions as well as vaccination status and post-vaccination adverse responses. We retrieved 1,369 accurate responses, and 1,343 (98.10%) of those who responded had fulfilled their two shots of COVID-19 immunizations with a proportion of 9.23% experiencing adverse effects after receiving each dose. Approximately 40% of the healthcare participants fall in the age group 30–39 who completed their two shots of the COVID-19 vaccine. With a significant difference of 64.1%, females outweighed males among research participants. Among all, 61.88% of study participants were nurses, with a comparable proportion (65.60%) holding primarily undergraduate degrees. Furthermore, a significant number of participants (86.53%) did not have any underlying diseases.


TABLE 2 Baseline demographics of study participants (n = 1,343).

[image: Table 2]

Table 3 displays the findings on the prevalence of willingness to receive the COVID-19 booster shot of healthcare workers. An aggregate of 1,236 (92.03%) research participants expressed their willingness to acquire the booster shot with a significant distinction (χ2 = 31.06, p < 0.000) between those who experienced post-vaccination adverse effects and those who did not. Only 76.55% of individuals who experienced negative side effects after the immunization was willing to get the booster dose, compared to 97.37% of those who did not. Furthermore, the findings of the univariate analysis revealed no significant differences in expressing willingness against COVID-19 immunization across age, gender, educational level, occupation, professional status, and underlying comorbid conditions. In certain categories, we noticed a higher acceptance rate of the vaccine, though. For instance, 96% of participants over 50 years indicated their willingness toward the booster shot. Research participants with a college degree, doctors, professors, and those without underlying conditions were also more inclined to administer the booster dosage.


TABLE 3 Univariate analysis of baseline characteristics of participants and willingness to take the booster shot against COVID-19 infection.

[image: Table 3]

Table 4 represents the descriptive statistics and correlation coefficients of the selected variables. The likelihood of accepting the booster shot was negatively correlated with post-vaccination adverse effects (r = −0.20;p < 0.001) and positively correlated with decision regret (r = 0.31;p < 0.001). While decision regret was found inversely associated with a participant's readiness to accept the booster shot (r = −0.27;p < 0.001). In conclusion, the correlation analysis findings demonstrated that the pairwise comparisons of the aforementioned three factors were substantial and highlighted that there was a relationship between post-vaccination adverse effects, intention to receive the booster shot, and decision regret.


TABLE 4 Descriptive statistics and correlation among study participants.
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Testing for the mediation model

Table 5 outlines the findings of the mediation analysis that consider the controlled variables (age, gender, educational attainment, occupation, and comorbid conditions) to determine the correlation between post-vaccination adverse effects, inclination to consider taking the booster shot, and decision regret. The first finding showed that individuals' willingness to receive the booster dosage was significantly impacted by post-vaccination adverse effects (p < 0.001). Participants who experienced post-vaccination adverse effects were less likely to obtain the booster shot than those who did not [OR = 0.41;CI(0.21 − 1.69)]. Therefore, the post-vaccination adverse effects was a key element influencing the decision to accept the booster shot. Secondarily, participants who encountered adverse responses had stronger decision regret levels than participants who did not experience post-vaccination adverse effects [β = 1.54;CI(1.01 − 2.61)]. The unfavorable experience following immunization had a considerable impact on decision regret (p < 0.001).


TABLE 5 Evaluating decision regret as a mediating factor.

[image: Table 5]

After adjusting for post-vaccination adverse effects, it was also discovered that the influence of decision regret on willingness to receive the booster shot was significantly correlated [OR = 0.82;CI(0.76 − 0.91)], suggesting that respondents who regretted their prior considerations were less likely to receive a booster shot. Last but not least, the unfavorable experience after vaccination continued to have a substantial impact on willingness to get the booster shot [OR = 0.52;CI(0.38 − 1.58)]. Age, gender, educational level, occupation, and underlying comorbid were all taken into account while adjusting for all models. The technicians were more inclined to take the booster dosage than doctors were. Additionally, individuals with underlying disorders were less inclined to receive the booster shot than those without underlying diseases. The outcomes of the combined investigation showed that the association between post-vaccination adverse effects and willingness to receive the booster dosage was significantly mediated by decision regret (ℙ = max(ℙδ, ℙη) < 0.05). This demonstrates that regret about a decision may greatly moderate the influence of negative post-vaccination adverse effects on motivation to get the booster dosage.




Discussion

The COVID-19 outbreak has had a tremendous detrimental effect on people's health all across the world and has resulted in significant illness and economic difficulties. Immunization is witnessed as a reliable and secure approach to preventing and controlling infectious diseases. Given the likelihood that the corona infection may prolong to affect humans, we may need to be equipped for continuous immunizations. The healthcare immunization program in Pakistan is systematic, and significant immunization rates among healthcare workers are projected, unfortunately, research on the probable causes underlying the willingness to accept the booster dosage in Pakistan is inadequate.

The purpose of the present investigation was to preliminary investigate the association between post-vaccination adverse effects and intention to accept the booster dosage, as well as the putative operations involved. We emphasized healthcare workers who've already done the two-step immunization protocol. We determined that individuals who experienced post-vaccination adverse responses had a negative connection with their acceptability of the booster shot. Likewise, participants who had negative responses to vaccinations were more inclined to regret their earlier vaccination decisions. Furthermore, those with increased levels of decision regret were less inclined to accept the booster shot. According to the findings, regret about earlier decisions might greatly mitigate the influence of post-vaccination adverse effects on the intention to undertake the booster shot. The present research may be one of the few investigations on the impact of post-vaccination adverse effects on intent to undergo a booster shot within the Pakistani context.

There is compelling evidence that the COVID-19 booster shot may boost the titer and defensive spectrum of neutralizing antibody levels. Considerable work has been done to explore the immunogenicity, safeness, and effectiveness of the COVID-19 booster shot (43–45). The study's findings revealed that 92.02% of the healthcare workers were willing to take the booster shot, which was less than the stated acceptance proportion of the main immunization in earlier studies conducted in Pakistan (46–48). Additionally, considerable attention has been focused on the consequences of various vaccination rate factors (48–50). Evidence from Chile revealed that respondents, including researchers and medical experts, who trusted COVID-19 vaccinations were substantially more prepared to receive the booster dosage (48). Likewise, doctors and nursing healthcare employees in Singapore showed a reduced median time before obtaining a COVID-19 booster shot than their organizational and allied health counterparts (50). According to earlier research, around one-fourth of those who were immunized, irrespective of the vaccine, experienced negative effects after receiving the shot (32). The decision to acquire the vaccination could be regretted even though all adverse effects fade away after a week. One of the risk variables most commonly indicated to be connected to regretful decision-making was worse physical health results (51). The adverse repercussions from the vaccination as well as decision regret made people less inclined to have the booster shot. Consequently, it is imperative to integrate knowledge regarding adverse responses after vaccination in ongoing vaccine awareness campaigns and policy measures that support COVID-19 booster shots. Doing so may enhance the willingness to get immunized (52). The general population, which intently observes how healthcare personnel behave on this situation, may embrace vaccination more readily if more healthcare workers are motivated to get immunized against corona infection People are more inclined and willing to get immunized if healthcare personnel encourage it, hence healthcare workers' perspectives are especially crucial for vaccine adoption in the general population. The vaccination advocacy across academics and healthcare facilities is an additional added value of strengthening vaccination programs (53, 54). Public health authorities should emphasize offering more plausible information on the COVID-19 outbreak, particularly regarding possible consequences after being immunized, as well as convincing and perhaps forcing healthcare workers to get immunized against coronavirus infection.



Limitations

A few limitations of our investigation must be considered when interpreting the results of our investigation. To begin, as we only evaluated one territorial hospital, the chosen sample may not be profoundly indicative of Pakistani healthcare employees. Secondarily, considering that they were in relatively good health to function in a healthcare facility, survey respondents were probably healthier than the general population, which could have led to selection bias. Thirdly, the great majority of research participants were healthy young adults without comorbid conditions. A more reliable assessment would be achieved from more research that balance these demographic factors. Also, we emphasized the healthcare workers who had finished their double immunization. There could, however, be variations between healthcare workers and the local population. The generality and external reliability of the information and outcomes should thus be extensively investigated to better understand the influence of decision regret in the association between unfavorable responses after Immunization and intention to undertake the booster shot. Additionally, the web-based data collection approach had limitations that could have caused participants to over- or under-report their willingness to accept the booster dosage. Lastly, our projections were made at a single time point and were not adjusted for long-term exposure to multiple influences. Additional longitudinal studies with considerably larger sample populations are anticipated not only to generalize conclusions to other regions of Pakistan, in addition, to thoroughly comprehend the causative interconnections.



Conclusion

In summation, our outcomes suggest that post-vaccination adverse repercussions for healthcare workers may impair their willingness to undertake the COVID-19 booster shot. Notably, healthcare workers who had unfavorable experiences with vaccination were increasingly inclined to regret their earlier vaccination decisions, which restricted their inclination to acquire a booster dose even further. These outcomes demonstrate valuable information for enhancing the immunization ratio of booster shots in the future, albeit participant bias should be taken into account. The majority of post-vaccination adverse consequences fade away within a week, so immunization programs shouldn't be overly concerned about them. To enhance vaccine acceptance intent and perhaps boost intention to acquire booster shots against COVID-19 disease, post-vaccination negative impacts should be more thoroughly incorporated into vaccine awareness programs and policy initiatives that advocate additional doses.
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Purpose: A series of complications caused by severe COVID-19 can significantly affect short-term results. Therefore, early diagnosis is essential for critically COVID-19 patients. we aimed to investigate the correlation among D-dimer levels, lymphocyte subsets, cytokines, and disease severity in COVID-19 patients.

Methods: Systematic review and meta- analysis of PubMed, Scopus, Web of Science, Cochrane Central Register of Controlled Trials, Embase, clinical trials, and China National Knowledge Infrastructure (CNKI) until 1 August 2022. We considered case-control, and cohort studies that compared laboratory parameters between patients with severe or non-serious diseases or between survivors and non-survivors. Pooled data was assessed by use of a random-effects model and used I2 to test heterogeneity. We assessed the risk of bias using the Newcastle- Ottawa Scale.

Results: Of the 5,561 identified studies, 32 were eligible and included in our analysis (N = 3,337 participants). Random-effect results indicated that patients with COVID-19 in severe group had higher levels for D-dimer (WMD = 1.217 mg/L, 95%CI=[0.788, 1.646], P < 0.001), neutrophil-to-lymphocyte ratio (NLR) (WMD = 6.939, 95%CI = [4.581, 9.297], P < 0.001), IL-2 (WMD = 0.371 pg/ml, 95%CI = [−0.190, 0.932], P = 0.004), IL-4 (WMD = 0.139 pg/ml, 95%CI = [0.060, 0.219], P = 0.717), IL-6 (WMD = 44.251 pg/ml, 95%CI = [27.010, 61.493], P < 0.001), IL-10 (WMD = 3.718 pg/ml, 95%CI = [2.648, 4.788], P < 0.001) as well as lower levels of lymphocytes (WMD = −0.468( × 109/L), 95%CI = [−0.543, −0.394], P < 0.001), T cells (WMD = −446.746(/μL), 95%CI = [−619.607, −273.885], P < 0.001), B cells (WMD = −60.616(/μL), 95%CI = [−96.452, −24.780], P < 0.001), NK cells (WMD = −68.297(/μL), 95%CI = [−90.600, −45.994], P < 0.001), CD3+T cells (WMD = −487.870(/μL), 95%CI = [−627.248, −348.492], P < 0.001), CD4+T cells (WMD = −290.134(/μL), 95%CI = [−370.834, −209.435], P < 0.001), CD8+T cells (WMD = −188.781(/μL), 95%CI = [−227.806, −149.757], P < 0.001).

Conclusions: There is a correlation among higher levels of D-dimer, cytokines, lower levels of lymphocyte subsets, and disease severity in COVID-19 patients. These effective biomarkers may help clinicians to evaluate the severity and prognosis of COVID-19. This study is registered with PROSPERO, number CRD42020196659.

Systematic review registration: https://www.crd.york.ac.uk/PROSPERO/display_record.php?RecordID=196659; PROSPERO registration number: CRD42020196659.
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Introduction

The current 2019 Novel Coronavirus (2019-nCoV) infection reportedly originated in Wuhan, Hubei Province, China in December 2019. After being declared a pandemic on March 11, 2020, it has affected more than 200 countries / Areas of 40 million people (1). Countries around the world have entered a state of emergency, and everyone can feel the impact on health, business, and other aspects of daily life. According to reports, the most common initial symptoms of COVID-19 are fever, cough, fatigue, anorexia, and diarrhea (2). Shortness of breath occurs on average 5 to 8 days after the initial symptoms appear; its appearance indicates that the condition has deteriorated (3). Although most patients with COVID-19 pneumonia have a good prognosis, some patients develop to acute respiratory distress syndrome (ARDS), coagulation disorders, or multiple organ failure, with a mortality rate between 4 and 15% (4, 5). More timely and effective early intervention for severe patients is a priority. And early diagnosis is the best approach to achieve this aim. Therefore, we believe that comprehensive monitoring of the severity of COVID-19 and effective early intervention are basic measures to reduce the mortality rate. Some studies have reported several abnormal hematological parameters in patients with COVID-19, including lymphopenia, neutrophilia, elevated levels of D-dimer, and fibrinogen (6–9).

Besides, inflammatory cytokine levels are obvious laboratory abnormalities observed during infection with COVID-19 (10, 11). However, the clinical significance of these biomarkers has not been fully clarified. This meta-analysis aims to reveal the characteristics of laboratory test results in patients with COVID-19 through the included articles, especially the changes in severely ill patients, to define which parameters can distinguish those who are at higher risk of severe and non-serious diseases.



Methods


Search strategy and selection criteria

This meta-analysis is reported following with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) Statement and has been registered at the International Prospective Register of Systematic Reviews (numberCRD42020196659) (12).

We search PubMed/MEDLINE, Scopus, Web of Science, Cochrane Central Register of Controlled Trials, Embase, clinical trials, China National Knowledge Infrastructure (CNKI) and Google Scholar databases for articles published until 1 August 2022, using the keywords. “coronavirus,” “2019-nCoV,” “COVID-19,” “SARS-CoV-2,” “2019 novel coronavirus disease,” “coronavirus disease 2019,” “laboratory,” “clinical characteristics.” In addition, the WHO publication database, lancet, New England Journal of Medicine, JAMA, BMJ were screened to find potentially relevant publications. To ensure the comprehensiveness and accuracy of the research, we also consulted the references of the attached literature.

Study designs eligible for inclusion were cross sectional, case-control, and cohort studies. To be eligible, the studies must clearly indicate that the patients have been diagnosed as COVID-19 and were positive for SARS-CoV-2RNA. Studies were excluded if patients were asymptomatic carriers and did not fulfill the inclusion criteria. Studies were considered eligible for inclusion in this meta-analysis if they compared laboratory parameters between patients with severe or non-serious diseases or between survivors and non-survivors. Since the pre-prints have not been peer-reviewed, we did not include these papers in our analysis to avoid the spread of any potential misinformation. The following studies were excluded: duplicate publications, reviews, editorials, single case reports, small case series (< 10 cases), studies did not include the biomarkers required for the meta-analysis or missing research data. Two authors independently screened the title and abstract based on these selection criteria, discussed the differences with another author and subsequently resolved through negotiation.



Data extraction and quality assessment

Two authors (HYZ, HJW) independently extracted the data, differences were resolved in a discussion, or, if a consensus could not be reached, the third author resolved (WFS). We extracted the following variables: first author; publication year; study design; country; the number of participants in severe and non-severe disease groups; levels of laboratory indexes (d-dimer levels, lymphocyte subsets, cytokines) in different groups. If further information is needed, we will email the corresponding author, if there is no response, we will exclude the study. Stratified data or interquartile range (IQR) were converted to mean (±SD) using mathematical formulas for meta-analysis (13, 14). We planned to use the Cochrane Risk of Bias tool to assess the risk of bias in randomized trials, but our search did not find any eligible randomized trials. We used the Newcastle-Ottawa scale to rate the risk of bias in the non-randomized study. There are 8 criteria for NOS, with scores ranging from 0 (high-risk deviation) to 9 (low-risk deviation). Studies with a NOS score> 7 were considered high- quality.



Statistical analysis

We used Stata (version 12.0) for all statistical analysis. We used the I2 statistic and Cochran's Q-test to assess statistical heterogeneity. We believe that an I2 statistics of 0–25% shows a low heterogeneity, the medium heterogeneity is 26–75%, and the high heterogeneity is 76–100%, the heterogeneity p-value is < 0.05. If there is heterogeneity, the random effect model was used, otherwise, the fixed-effect model was used. Weighted mean difference (WMD) with 95% confidence intervals (95% CI) was calculated for D-dimer, lymphocyte subsets, and cytokines. We studied the influence of a single study on the overall risk estimate and eliminated each study in each round to test the robustness of the main results. If a meta- analysis included more than ten studies, publication bias was assessed by Begg and Egger test. We defined significant publication bias as a p-value < 0.05.The trim-and-fill computation was used to estimate the effect of publication bias on the interpretation of the results.




Results


Literature search and studies characteristics

We identified 5561 studies, of which 32 (data from 3337 participants) were included in our analysis (10, 11, 15–44) (Figure 1). The basic characteristics of the articles included in the study are shown in Table 1. Five of the 32 trials were published in 2022, four trials in 2021, and 23 trials were published in 2020. Two studies were from Italy, two studies were from Turkey, one study was from Germany, one study was from the United States, one study was from Spain, 1 study was from India, one study was from the Republic of North Macedonia, and the rest were from China. Twenty-eight studies were grouped by severity and non-severity, and four studies were grouped by survivors and non-survivors of COVID-19. Among these articles, 21 articles described the D-dimer levels of COVID-19 patients, 28 articles described the lymphocyte subsets levels of COVID-19 patients, 17 articles described the cytokine levels of COVID-19 patients. All the included studies were rated high quality according to the NOS scores and details are shown in Table 2.


[image: Figure 1]
FIGURE 1
 Literature search and filtering of studies.



TABLE 1 Characteristics of enrolled studies in the meta-analysis.
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TABLE 2 Methodological quality of enrolled studies based on Newcastle-Ottawa Scale (NOS).
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Association of d-dimer levels in the peripheral blood with the severity of COVID-19

Twenty-one articles showed that compared with patients in non-severe group, patients in severe group had higher levels of D-dimer (WMD = 1.217 mg/L, 95%CI = [0.788, 1.646], P < 0.001) (Figure 2). A sensitivity analysis was carried out by excluding one study at a time and reanalyzing the entire data set. We found that the results were not influenced by excluding any one specific study (Supplementary material 1A). A funnel plot based on the d-dimer levels of patients showed p-values of 0.001 in Egger's test (Supplementary material 1B). There was publication bias in the studies included in the meta-analysis. After filling one trial, the revised result was still consistent using random model (WMD = 0.306 mg/L, 95%CI = [−0. 167, 0.778], P = 0.205) or fix model (WMD = 0.127 mg/L, 95%CI = [0.058, 0.195], P < 0.001) (Supplementary material 1C). Besides, using standard mean difference (SMD) for the meta-analysis still did not change the conclusion (Table 3).


[image: Figure 2]
FIGURE 2
 Forest plot between non-severe and severe groups for levels of D-dimer.



TABLE 3 The results of the meta-analysis based on standard mean difference (SMD).
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The decrease of lymphocyte subsets in severe patients with COVID-19

A random-effects model was used to analyze the correlation between the level of patient lymphocyte subsets and the severity of COVID-19. Compared with the non-severe group, patients in the severe group had lower levels for lymphocytes (WMD = −0.468( × 109/L), 95%CI = [−0.543, −0.394], P < 0.001) (Figure 3), T cells (WMD = −446.746 (/μL), 95%CI = [−619.607, −273.885], P < 0.001), B cells(WMD = −60.616(/μL), 95%CI = [−96.452, −24.780], P < 0.001), NK cells (WMD = −68.297(/μL), 95%CI = [−90.600, −45.994], P < 0.001), CD3+T cells (WMD = −487.870(/μL), 95%CI = [−627.248, −348.492], P < 0.001), CD4+T cells (WMD = −290.134(/μL), 95%CI = [−370.834, −209.435], P < 0.001), CD8+T cells (WMD = −188.781(/μL), 95%CI = [−227.806, −149.757], P < 0.001) (Supplementary materials 2A–F). Furthermore, the neutrophil-to-lymphocyte ratio (NLR) (WMD = 6.939, 95%CI = [4.581, 9.297], P < 0.001) (Figure 4) of severe patients was higher than that of non-severe patients. Sensitivity analyses indicated that the results were robustness by removing any one specific study in all the lymphocyte subsets and NLR between non-severe and severe groups (Supplementary materials 2G–N). No significant publication bias was detected in most of the studies except for NK cells (p = 0.034) and neutrophil-to-lymphocyte ratio (NLR) (p = 0.016) (Supplementary materials 2O–T). When applying the trim-and-fill method, there were no any trials trimmed and filled in NK cells and neutrophil-to-lymphocyte ratio(NLR) (Supplementary materials 2U,V). Besides, using standard mean difference (SMD) for the meta-analysis still did not change the conclusion (Table 3).


[image: Figure 3]
FIGURE 3
 Forest plot between non-severe and severe groups for levels of lymphocytes.



[image: Figure 4]
FIGURE 4
 Forest plot between non-severe and severe groups for levels of neutrophil-to-lymphocyte ratio (NLR).




The increase of cytokines in peripheral blood of patients with COVID-19

The random-effect results demonstrated that compared with patients in the non-severe group, patients in the severe group had higher levels for interleukin (IL)-2 (WMD = 0.371 pg/ml, 95%CI = [−0.190,0.932], P = 0.004), IL-4 (WMD = 0.139 pg/ml, 95%CI = [0.060, 0.219], P = 0.717) (Supplementary materials 3A,B), IL-6 (WMD = 44.251 pg/ml, 95%CI = [27.010, 61.493], P < 0.001) (Figure 5), IL-10 (WMD = 3.718 pg/ml, 95%CI = [2.648, 4.788], P < 0.001) (Supplementary material 3C). Sensitivity analysis by removing one study in each turn, the result indicated that the main result was robustness (Supplementary materials 3D–G). A funnel plot based on the IL-6 levels of patients showed p-values of 0.031 in Egger's test (Supplementary material 3H). No significant publication bias was detected in IL-10 (Supplementary material 4I). When applying the trim-and-fill method, there were no any trials trimmed and filled in IL-6 (Supplementary material 3J). Besides, using standard mean difference (SMD) for the meta-analysis still did not change the conclusion (Table 3).


[image: Figure 5]
FIGURE 5
 Forest plot between non-severe and severe groups for levels of IL-6.





Discussion

This meta-analysis showed that higher levels of d-dimer, cytokines, NLR, and lower levels of lymphocyte subsets were associated with the severity of COVID-19 infection.

Several studies have shown that the inflammatory response plays a key role in COVID-19, excessive elevation of inflammatory cytokines can cause the so-called “cytokine storm,” and the inflammatory cytokine storm increases the severity of COVID-19 (45, 46). The fifth edition of “Diagnosis and Treatment of COVID-19” recommends monitoring the cytokine levels to improve treatment effectiveness and reduce mortality (47). Siddiqi et al. (48) found that inflammatory cytokines and biomarkers are significantly elevated during the systemic inflammation stage of COVID-19 and excessive hyper inflammation may lead to cardiopulmonary collapse and multi-organ failure. Several studies have shown that the blood coagulation function is significantly activated during severe COVID-19 infection, which may be related to the sustained inflammation response caused by the release of cytokines induced by virus invasion. Recent lung pathological anatomy evidence showed that pulmonary small vessel occlusion and micro thrombosis in critically ill patients with COVID-19 (7). The most significant coagulation marker is the significant and dynamic increase of D-dimer levels. However, the etiology of elevated serum D-dimer levels is multifactorial. The significant inflammatory response in patients with severe COVID-19 may increase the possibility of thromboembolic disease, which may explain the increase in serum d-dimer levels. COVID-19-related coagulopathy needs special attention and treatment. In the absence of contraindications, it is recommended to use a preventive dose of anticoagulant for all COVID-19 patients.

Many studies have reported lymphopenia in patients with COVID-19, because SARS-CoV-2 particles may destroy the cytoplasmic components of lymphocytes and cause apoptosis (8). For the SARS virus, He et al. (9) suspected that lymphocytes and their subsets are essential to eliminating virus-infected cells, while for COVID-19 Henry B hypothesized that survival may depend on the ability to replenish lymphocytes and their subsets killed by the virus (31). Therefore, lymphocyte count may be used as a clinical predictor of severity and prognosis. Previous studies have shown that the severity of SARS pathological damage is related to the extensive infiltration of neutrophils in the lung and the increase in the number of peripheral blood neutrophils (49). Therefore, the increase in neutrophil count may indicate the intensity of the inflammatory responses in patients with COVID-19. Besides, the degree of lymphopenia also indicates course and severity of the COVID-19. Thus, NLR may have a potential value in monitoring the condition of severe COVID-19 patients.

In terms of immune biomarkers, elevated IL-6, IL-10, along with elevated C-reactive protein (CRP) and procalcitonin (PCT), indicating that patients with severe diseases have systemic inflammatory response syndrome (SIRS). Additionally, elevated IL-10 may be related to compensatory anti-inflammatory response (CARS), which may be the cause of secondary infection in the severe group and non-survival group (50). Therefore, we suggest that these parameters can be used to monitor the prognosis of COVID-19 patients during hospitalization.

However, some limitations in our meta-analysis should be mentioned. Firstly, the number of cases is small. Secondly, Most of the included studies were from China. As more data from other countries becomes available, further investigation is needed. Lastly, the language of studies was limited to English, which may result in potential language bias.

In conclusion, our analysis showed that higher levels of D-dimer, NLR, cytokines (IL-2, IL-4, IL-6, IL-10) and lower levels of lymphocyte subsets in severe patients, which are of great significance for predicting disease changes. For hospitalized patients, we recommend that clinicians closely monitor D-dimer levels, lymphocyte subsets, and cytokines as markers for potential progression to severe disease. Finally, these parameters should continue to be re-evaluated in the future, because more data can be obtained in future large cohort studies.
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Background: Effective strategies for managing coronavirus disease 19 (COVID-19) patients suffering from acute respiratory distress are constantly evolving. The timeline and threshold for transitioning from non-invasive ventilation to intermittent mandatory ventilation in critical cases who develop COVID-19-related respiratory distress are undetermined. The present research intends to investigate if emergency room intubations in COVID-19 patients affect mortality.

Methods: Between January 1, 2021 and June 30, 2021, we retrospectively reviewed chart analysis on all patients with confirmed positive COVID-19 screening and who underwent endotracheal intubation. Depending on when the intubation was performed; early in the emergency room or delayed outside the emergency room, patients were separated into two cohorts. In addition to comorbid clinical manifestations, the quick sequential organ failure assessment (qSOFA) score, and in-hospital mortality were all recorded as demographic and clinical information.

Results: Fifty-eight of the 224 corona-positive patients who underwent intubation had their intubations performed in the emergency room. Age, sex, alcohol use, and smoking status did not significantly differ between the two categories at the baseline. The mean qSOFA score was higher in the early intubation cohort (3.5; p < 0.000) along with more underlying comorbidities (3.0; p < 0.000). When compared to the late intubation cohort (45.78%), patients treated with early intubation had a significantly greater death rate (67.24%).

Conclusion: In summary, we discovered that patients who underwent intubation in the emergency units exhibited a high quick SOFA score as well as maximum co-morbid conditions than patients intubated somewhere else in the hospital. The findings of our investigation imply that intubating patients too early might be risky.

KEYWORDS
 early intubation, late intubation, COVID-19, acute respiratory failure, emergency unit


Introduction

The coronavirus disease 2019 (COVID-19) pandemic progressed within a few months at the beginning of 2020 from a lone outbreak in the Chinese city of Wuhan to a global disaster of unprecedented scope in the going era (1–4). Without data-driven evidence-based practices, healthcare practitioners were compelled to handle severely infected patients while the novel virus proliferated around the globe. Several early therapeutic procedures were established from prior effective treatments for addressing related pathologies (5, 6). The pathogenesis and administration of severely affected COVID-19 cases are still under investigation. Past evidence from the original coronavirus epidemic in Wuhan revealed that the elderly, patients with co-morbidities, and patients who experienced acute respiratory distress syndrome (ARDS) had a greater fatality risk from COVID-19 pneumonia (7, 8). The timeline and baseline for transitioning from non-invasive ventilation to intermittent mandatory ventilation in critical cases who develop COVID-19-related respiratory distress are undetermined.

Across multiple pandemic epicenters, supply-demand respiratory support may have influenced clinical decision-making considering the use of early vs. delayed or even without intubation (9). In other words, practitioners might be compelled to forgo intubating patients in the context of triage when ventilators are not available. Siempos et al. reported that among 101 patients of laboratory-confirmed COVID-19 patients' early intubation was not associated with worse clinical outcomes compared to delayed or no intubation group of adults (10). In a meta-analysis, it was found no statistically detectable difference in all-cause mortality between patients undergoing early vs. late intubation (11). Studies have shown conflicting results based on treating patients infected with COVID-19 with early or late intubation, though shreds of evidence are still sparse as coronavirus is still active in its variant forms (12–15). The compiled evidence indicates that intubation timings may not influence the COVID-19-related mortality and morbidity in critically ill cases (11). These findings could support a wait-and-see strategy, which could result in fewer intubations. Therefore, it is vital to reconsider appropriate standards and additional epidemiological research in this situation is indeed warranted to support the earlier findings.

Clinicians have a distinct predicament while treating corona-infected patients within the emergency units. The decision of whether to conduct endotracheal intubation or use non-invasive modalities of resuscitation is particularly controversial. An intubated patient's inherent risks of complications like ventilator-associated pneumonia, clinical manifestations, ventilator-induced lung injury, and consequences of extended sedation and incapacitation must be balanced against the immediate need to optimize oxygenation and breathing function (16). It is believed that COVID-19 patients are more likely to experience peri-intubation hypoxemia (below 80 mm Hg), which was previously shown to occur in 10% of intubations (17). By contrasting patients treated with endotracheal intubation for respiratory failure caused by COVID-19, our research seeks to add to these findings. This is, as far as we are aware, the first research to compare the outcomes of corona-infected patients who underwent intubation in both the emergency room and the critical care unit. Contrary to current practice recommendations, which urge early (immediate) endotracheal intubation of severe cases of COVID-19, we postulate that there is no mortality advantage to being intubated urgently in the emergency room over being intubated in critical care units, operating rooms, or another more controlled environment.



Materials and methods


Data source and study population

The present investigation was carried out retrospectively based on chart review without any patient involvement. The information was retrieved from nine public hospitals in the district of Rawalpindi, Pakistan. Informed consent was not mandatory for the study due to its nature. The data were fetched from the computerized medical records of patients from the selected hospitals. Participants with a confirmed positive COVID-19 screening test conducted on January 1, 2021, and June 30, 2021, were determined through the computerized medical record. All patients who had experienced endotracheal intubation were also discovered on this list, separated from their own collected data, and also had their intubation spot and time assessed manually by chart review. Epidemiological data along with clinical outcomes were also recorded through chart review. We also documented all patients' related comorbidities (such as hypertension, asthma, chronic kidney disease, dyslipidemia, malignancy, congestive heart failure, coronary artery disease, chronic obstructive pulmonary disease, and immunocompromised status), and we allocated each pre-existing comorbidity (on hospital arrival) 1 point to generate an overall comorbidity score. This enabled us to compare the demographics of the two groups. Adult patients (aged 18 ≥) who underwent endotracheal intubation within the hospital and had a confirmed positive COVID-19 polymerase chain reaction (PCR) screening within the specified research period were eligible for inclusion. Patients who didn't undergo endotracheal intubation and patients with possible corona infected symptoms and yet negative outcomes from screening were excluded from the study sample. In our study, patients who were intubated in an emergency were described as early intubation whereas patients who were intubated in a more contained environment (for instance intensive care unit or operating room) were described as late intubation. Patients were grouped according to intubation disposition and placement as no particular period was defined for early or late intubation.



Ethical considerations

All protocols were carried out in compliance with the guidelines established by our institution's Ethics Committee (MH-2021/PK-ISH-1002) and the Declaration of Helsinki's principles.



Statistical analysis

With an independent t-test or Wilcoxon rank sum test for continuous variables, where appropriate, and χ2 test for categorical variables, we compared the outcomes of intubated and non-intubated emergency department patients separately without adjusting for any variables. Using SAS version 9.3 (SAS Institute Inc., Cary, NC, United States), the overall analysis was performed with a significant threshold of < 0.05 and without accounting for multiple comparisons.




Results

Table 1 summarizes the demographics of COVID-19 patients with early intubation rates of 25.89% and late intubation rates of 74.11%. An aggregate of 224 infected patients who required intubation while they were hospitalized was examined. Of these patients, 58 underwent early intubation at the emergency room, whereas the rest 166 underwent late intubation after receiving intubation elsewhere within the hospital. In general, the baseline demographics of these two groups were comparable. Male patients accounted for a greater proportion of the 224 patients in the emergency room, with 39 experiencing early intubation and 118 enduring late intubations. The mean age of patients with early intubation was estimated to be 71 [60–82] whereas those with late intubation had 67 [56–78]. Overall, approximately 70.69% of the early intubation and 57.83% of the late intubation cohort were identified as smokers. Likewise, 25 patients in the early intubation group and 54 patients who had late intubation were alcohol dependent. Finally, there were comparable pre-existing comorbidities in both cohorts, with averages of 3.5 and 3.0 in the groups receiving early and late intubation, respectively.


Table 1. Baseline demographics of COVID-19 patients intubated early and late (n = 224).

[image: Table 1]

Table 2 provides the statistics of associated mortality and quick sequential organ failure assessment (qSOFA) scores of the COVID-19-infected patients. In comparison to those who experienced early intubation somewhere else in the hospital and subsequently during their stay after departing the emergency room, patients who had an emergency department (early) intubation had a greater death rate while they were hospitalized. In the early intubation cohort, the mortality rate was 67.24%, whereas, in the late intubation cohort, it was 45.78%. This difference is found statistically significant at p = 0.01. Moreover, a statistically significant difference (p < 0.000) in the baseline qSOFA scores between the two groups existed, with emergency department intubations having a higher mean score of qSOFA. The average qSOFA score for patients in the early intubation group was 3 while the average qSOFA score for patients in the late intubation cohort was found 2.


Table 2. Mortality and qSOFA score in COVID-19 patients with early and late intubation (n = 224).
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Discussion

In contrast to patients who underwent intubation later during their hospital stay, we expected that there was no mortality advantage for cases who exhibited intubation immediately in the emergency room. According to the current study outcomes, patients who had emergency department intubation had an elevated rate of in-hospital mortality than those who underwent intubation later in the admission process. While there were no considerable variations in the baseline demographics of age, sex, smoking, and alcoholic status between the two cohorts of patients, there was a noticeable difference in the total number of comorbidities though not statistically significant. Based on their qSOFA scores, the patients who had early intubation also had greater baseline acuities. In the period leading up to the coronavirus epidemic, it was considered that the optimum outcome for infected patients who presented with hypoxemia was achieved with early intubation.

After several months of managing severe patients of COVID-19, the Chinese Society of Anesthesiology Task Force presented guidelines for intubating patients experiencing respiratory arrest resulting from corona-infection (18). These parameters comprise severely sick patients with persistent tachypnea, hypoxemia, or respiratory distress within 2 h of non-invasive oxygen administration. This guidance was offered because immediate intubation would be physiologically beneficial by preventing a condition referred to as self-induced lung deterioration (19). According to expert opinion articles, increasing respiratory efforts could result in self-induced lung injury. Theoretically, intubation and mechanical ventilation protect against self-induced lung injury by lowering inspiratory effort and tidal volumes (20, 21). Some of the health practitioners in Wuhan who previously treated COVID-19 patients bemoaned the fact that patients acquired extra post-exercise oxygen consumption (EPOC) and were intubated relatively later in the disease progression (22). This resulted in an explicit supposition suggestion that COVID-19 patients be ventilated earlier in the illness course to avert lung impairment. Current evidence on COVID-19 treatment and consequences, however, has thrown this paradigm into doubt (12, 13, 21, 23–25). COVID-19 has different pathophysiology than more conventional ARDS and is more prone to non–invasive methods of ventilation such as high-flow nasal cannula (26). Therefore, the emphasis of initial care for COVID-19-induced hypoxemia is on non-invasive methods of oxygenation (27). Since there is insufficient clinical evidence to support immediate intubation in infected patients, some experts advise against doing so. They also point out that the hypothesized theory of corona-infected patient-induced lung injury is relatively speculative (16, 28). Although there are limited investigations in the literature on when to intubate COVID-19 patients, modest studies have shown inconsistent fatality rates in patients intubated sooner in their course of illness (29–31). Non–invasive ventilation has not been advocated for in the literature since it could aerosolize COVID-19 spores (32). Some medical professionals working in the emergency department probably chose to do intubations instead of non–invasive oxygenation for this rationale.

The outcomes of our research lead us to conclude that delayed intubation in COVID-19 patients is warranted. The intubation time has been the subject of inconsistent evidence, which has improved gradually as additional research has come to the fore. In our research, early intubation was performed on severely ill patients as demonstrated by high qSOFA scores; nevertheless, this resulted in raised mortality rate. This is probably the consequence of steadily increasing lung injury driven by mechanical ventilation. The quick SOFA score is a bedside prompt that may identify patients with suspected infection who are at greater risk for a poor outcome outside the intensive care unit. This is probably owing to the enhanced lung injury brought on by mechanical respiration. Therefore, we anticipate that additional investigation may identify the factors that render other COVID-19 treatment options in severe cases preferable to early intubation in terms of reducing mortality. These might involve proning, non–invasive ventilation, a high-flow nasal cannula, and some additional medicinal therapies. As previously demonstrated that early intubation is causing severe outcomes leading to increased lung injury at an early stage of disease progression, which results in aggravating hypoxemia and exacerbated multi-organ dysfunction, ultimately elevating mortality (33). The results of our findings validate this assumption. The existing literature highlights the discrepancies between lung injury due to COVID-19 infection and ARDS resulting from multiple etiological factors as pathophysiological understanding related to COVID-19 cases has progressed (34, 35). Reduced lung compatibility is a characteristic of common ARDS, and it is treated using lung-protective ventilation techniques (36). Unfortunately, mechanical ventilation is attributed to significant mortality in COVID-19 patients and may exacerbate acute respiratory difficulties (37–39).

The contemporary COVID-19 therapies focused on prolonging endotracheal intubation and using non–invasive modalities of resuscitation for avoiding respiratory failure (40, 41). These modalities involve self-proning techniques, continuous positive airway pressure or bilevel positive airway pressure, and high-flow or mid-flow nasal cannulas (42). Endotracheal intubation is presently considered the ultimate option for refractory hypoxia. According to health practitioners, lower oxygen saturations are acceptable as long as patients don't develop symptoms of altered mental state or respiratory distress. The evidence provided in the present work adds to the growing body of research that suggests infected patients with COVID-19 should undergo delayed intubation.

Healthcare professionals administering COVID-19 patients find it challenging to handle cases rapidly in the event of a significant deterioration due to the requirement for compliance with airborne precautions and personal safety equipment (43). If respiratory function deteriorates since emergent intubation may raise the risk of nosocomial infection for healthcare professionals, thus treatment recommendations advise timely intubation in a supervised environment (41). Our findings should thus be rigorously implemented in medical practice, and a prediction model that can spot COVID-19 patients who are critically ill and at risk for respiratory distress that necessitates intubation is required. To adequately identify individuals who need proactive resuscitation, additional investigation on this subject with increased sample size is thus recommended.

There are a few limitations to this research. First, clinicians were free to choose whether to conduct endotracheal intubation or administer non–invasive oxygenation at their convenience. The possibility of a selection bias is the second drawback. Patients who had intubation early in their hospital stay were probably worse when they were admitted, therefore increased mortality was anticipated. This is evident by the fact that the early intubation cohort in this research had a higher quick SOFA score than the late intubation group. Additionally, since septic shock manifests at a later stage of the illness, the quick SOFA score has been reported to be of limited use in the assessment of patients infected with COVID-19. We had the opportunity of incorporating other conventional COVID-specific prognosis metrics, however, they were established after our investigation was performed. We additionally considered performing a Propensity Score Matched (PSM) method in our investigation to determine whether the variation in fatality persisted despite the variation in the quick SOFA score, but the selected sample size was relatively insufficient to do so. Additional constraints of our research also include its retrospective aspect and insufficient sample size. A significant prospective experiment contrasting early and late intubation might be advantageous in the future. Inadequacies highlighted earlier; these findings contribute to the growing body of research that indicates that early intubation of corona-infected patients had no mortality improvement.

In summary, we discovered that infected patients of COVID-19 who were intubated in the emergency units exhibited a high quick SOFA score as well as maximum co-morbid conditions than patients intubated somewhere else in the hospital after assessing 224 study participants. The findings of our investigation imply that intubating patients too early might be risky.
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Background: The aim of the study is to assess the effect of chronic lung disease on mortality in patients hospitalized with the diagnosis of prevariant COVID-19 Pneumonia compared to patients without chronic lung disease.

Research design and methods: A cohort of 1,549 patients admitted to the pandemic clinic with a COVID-19 Pneumonia diagnosis was analyzed. Group 1 and Group 2 were compared in terms of the treatment they received, admission to intensive care, mortality and follow-up parameters.

Results: The patient group with COVID-19 and lung disease consisted of 231 participants (14.91%) (Group 1). The patient group with COVID-19 but without lung disease had 1,318 participants (85.19%). Group 1 cases were found to receive more oxygen therapy and mechanical ventilation than Group 2 cases (p ≤ 0.001), Following univariate and multiple logistic regression analyses, it was determined that patients with chronic lung disease had a 25.76% higher mortality risk [OR: 25.763, 95% CI (Lower-Upper) (2.445–271.465), p = 0.007].

Conclusion: It was found that chronic lung disease contributed significantly to mortality in this study. Among chronic lung diseases, Chronic Obstructive Pulmonary Disease (COPD), lung cancer and interstitial lung diseases (ILDs) were shown to be more effective than other chronic lung diseases in patients with prevariant COVİD-19 population.
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Introduction

COVID-19 has had tremendous negative effects worldwide. According to a WHO report dated 2 May 2020, 3.267.184 cases had been diagnosed with COVID-19 and 229.971 deaths (7.03% fatality rate) had occurred (1, 2). The United States (US) became the epidemic center of this pandemic, reporting an estimated 956.000 cases of COVID-19 infections, and the largest concentration was in New York City and its surrounding areas (approximately 35% of all the US infections) (3, 4). According to the Health Ministry Data of Turkey, however, the total number of cases was 124.375 in Turkey, and there were 3.336 deaths (case fatality rate 2.68%) as of 2 May, 2020 (1).

With such alarming consequences in its short history, the infection has the common symptoms of respiratory symptoms, fever, cough, and dyspnea. Also, pneumonia, severe acute respiratory infection, kidney failure, and even death may develop in more serious cases.

According to the WHO’s COVID-19 report of the People’s Republic of China, death cases were generally individuals with advanced age or concomitant systemic disease (hypertension, diabetes, cardiovascular disease, cancer, chronic lung diseases, and other immunosuppressive conditions) (1).

It is stated that chronic diseases accompanying the course of COVID-19 pandemic affect the severity and prognosis of the disease. However, there are only a few publications on the effect of comorbid lung diseases.

In light of these findings, this study was intended to investigate patients with chronic lung diseases and their effects on disease severity, intensive care hospitalization and mortality in patients hospitalized in our hospital.



Materials and methods

This is a retrospective and observational study covering patients admitted to the Pandemic Clinic between March 11, 2020 and May 31, 2020 (patients with pulmonary diseases, infectious diseases, and those who applied to internal medicine clinics) with a COVID-19 Pneumonia diagnosis at the hospital.

The plan of the study was to record the study parameters of cases from patients’ files in the hospital system, save them as excel data, and conduct statistical analysis. The study was devised to include 1,549 patients. COVID-19 cases aged over 18 were accepted in our study.

Cases with the diagnosis of asthma and chronic obstructive lung disease (COPD) who were followed by internal and pulmonary medicine clinics under the inhaler treatment were recorded. Cases having diagnosis of interstitial lung disease (ILD) before the diagnosis of COVİD-19 Pneumonia were defined as ILD group. Cases who were receiving a treatment for the diagnosis of lung cancer and were being followed. The diagnoses of all the cases were recorded, depending on the files and records in the hospital information system. The cases with asthma, COPD, ILD and lung cancer were grouped as the chronic lung diseases patients.

According to the case definitions suggested by the Turkish Ministry of Health Science Board, patients with possible and definitive cases were included. Patients with positive Real-Time.

Polymerase Chain Reaction (PCR) tests and patients diagnosed with Clinical/radiological COVID-19 were evaluated together (1).

Demographic features of the patients with chronic lung disease (Group 1) and without chronic lung disease (Group 2) were compared in terms of the treatment they receive, admission to intensive care, mortality and follow-up parameters such as age, gender, duration of symptoms, additional diseases, smoking status, presence of asthma and Chronic Obstructive Pulmonary Disease (COPD), bronchiectasis, presence of ILD, presence of lung cancer, PCR test results, number of performed PCR tests, severity of the disease in the demographic data (serious or moderate and mild disease), follow-up place (inpatient, intensive care), whether intubation was required or not and the treatments used (Plaquenil, Kaletra, Favipiravir, Tocilizumab, Azithromycin, Oseltamivir, other antibiotic treatments). Hospitalization period, hospitalization time in intensive care unit, routine blood tests (C–reactive Protein, Hemogram, Biochemistry, D-Dimer, Ferritin, Interleukin-6, Fibrinogen, Serum Iron Levels) and hospital information system records were evaluated and analyzed.

The patients excluded from the study had the following criteria: The cases were under the age of eighteen; the ones who did not agree to participate in the study. Also, patients hospitalized in COVID services with missing data in the system were excluded (Figure 1).
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FIGURE 1
A flow chart of patient recruitment. Abbreviations: COPD, chronic obstructive lung disease; ILD, interstitial lung disease.



Statistical analysis

All statistical analyses were performed using Statistical Package for the Social Sciences (SPSS) for Windows version 15.0 (SPSS, Chicago, IL, USA). Shapiro–Wilk and Kolmogorov–Smirnov tests were used to assess the assumption of normality. Normally distributed continuous variables were expressed as mean ± standard deviation while the continuous variables that did not have a normal distribution were expressed as median (minimum-maximum). Also, categorical variables were summarized as counts (percentages). Comparisons of continuous variables between two independent groups were performed using Student’s t-test and Mann–Whitney U-test. Associations between categorical variables were determined by Chi-square test and Fisher’s Exact test. In order to define the risk factors of mortality, risk ratios (RR) were estimated by negative binomial regression model with robust error variances. A two-sided p-value < 0.05 was considered to be statistically significant.




Results

COVID- 19 patients with lung disease (group 1) and those without (group 2) were compared in terms of demographic parameters. Among the comorbidities, diabetes mellitus, coronary artery disease and hypertension were observed with a higher frequency in patients with chronic lung disease than in those without (p = 0.001) (Table 1).


TABLE 1    Demographic parameter of patients with chronic disease (Group 1) and without chronic lung disease (Group 2).
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Symptom of dyspnea was higher in group 1 than group 2, and oxygen saturation levels were lower in group 1 (p = 0.001). Groups were compared in terms of pneumonia severity, intensive care admission and mortality. Group 1 cases were found to receive more oxygen therapy and mechanical ventilation than group 2 cases (Table 2). It was also found that mortality rates were higher than group 2. Groups were compared in terms of laboratory parameters (Table 3).


TABLE 2    The severity of pneumonia follow-up parameter of patients with chronic disease (Group 1) and without chronic lung disease (Group 2).

[image: Table 2]


TABLE 3    The laboratory follow-up parameter of patients with chronic disease (Group 1) and without chronic lung disease (Group 2).
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Subgroup analysis was performed in terms of chronic lung diseases. There was no significant difference between patients with and without asthma in terms of severity of pneumonia, admission to intensive care unit and mortality. Patients with and without COPD were compared end critical illness, pharmacotherapy, oxygen therapy, and mortality were found to be significantly higher in patients with COPD than those without (p ≤ 0.001). There was no significant difference between the groups with and without ILD. There was only a significant difference in mortality between patients with and without ILD [n %, 2 (18.2), 39 (2.5), p = 0.03)]. Patients with and without lung cancer were compared and there was only a significant difference in mortality [n %, 3 (15.8), 38 (2.5), p = 0.01)].

Univariate and multiple logistic regression analyses were performed in order to define the risk factors of mortality. In univariate analysis, COPD, ILD, and lung cancer were observed as associated with higher mortality as COPD, ILD and lung cancer OR were [OR 2.66 CI95% (Min–Max, 1.094–6.511) p = 0.02], [OR 8.54 CI 95% (Min–Max, 1.786–40.842) p = 0.03], [OR 7.36 CI95% (Min–Max, 2.058–26.332) p = 0.001] respectively. Also, advanced age, male gender and presence of chronic lung disease were found to be significantly associated with mortality in multiple logistic regression analysis (p = 0.001). It was determined that patients with chronic lung disease had 25.76-fold increased risk of mortality [OR 25.76 CI 95% (Min–Max, 2.445–271.465) p = 0.007] (Figure 2).
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FIGURE 2
Mortality rates for lung comorbidities and gender in patients with chronic disease (Group 1) and without chronic lung disease (Group 2). Abbreviations: COPD, chronic obstructive lung disease; ILD, interstitial lung disease; LC, lung cancer; CLD, chronic lung disease.




Discussion

Upon the evaluation of the patients who applied to our pandemic clinic, it was observed in our study that patients with concomitant chronic lung disease had a poor prognosis than those without. It was shown that early hospitalization was higher in chronic lung disease patients those without lung disease.

While the rate of hospitalization during COVID pandemic was 4.6 per 100.000, this rate was 13.8% in cases over 65 years of age. This rate was 12% (n = 178) in adults as of March 30. Comorbidities were found in 89.3% of these cases. The most common comorbidities were HT with 49.7%, obesity with 48.3%, DM with 28.3% and chronic lung diseases with 34.6%. In light of these findings, multiple comorbidities were among the most important factors in hospitalization in adults (5, 6). In our study, the most common comorbidities accompanying patients with chronic lung disease were hypertension n = 113 (48.9%), while the second and third ones were diabetes mellitus n = 61 (26.4%) and coronary artery disease n = 56 (24.2%).

In addition to chronic systemic diseases, accompanying cases of asthma, COPD and emphysema were seen most frequently among chronic lung diseases (7, 8).

In the series in which 74.439 cases were evaluated, the presence of chronic lung diseases was observed in n = 656 (9.2%) cases (2). In these series, asthma and COPD cases were evaluated in this group. It was shown that 15% of these cases were followed up in the service and 21% in intensive care (2). According to Centers for Disease Control and Prevention (CDC) data of 2018 in the United States, asthma was 7.9% (9) in adults and COPD was 5.9% (10). COVID-19–associated hospitalization rates for patients admitted during March 2020 in US were as follows: Among 1.482 patients hospitalized with COVID-19, patients with Asthma were 17% and patients with COPD were 10.7% (10). Of the 1549 cases in our study, 231 cases (14.91%) had chronic lung disease. Of these, 120 (51.9%) patients had asthma, 97 (42%) had COPD, 11 (4.8%) had ILD, and 19 (8.2%) patients had lung cancer.

Recent meta-analyses have demonstrated an almost six times increase in the odds of mortality for patients with COPD and a 2.5 times one for those with diabetes, possibly due to the underlying pulmonary and immune dysfunction (7, 11–13). In our study, 2.66, 8.54, and 7.36 higher mortality risks were found in patients with COPD, ILD and lung cancer, respectively. However, there was no increase in mortality risk in asthmatic patients.

Also, in another analysis evaluating COVID-19 and comorbidities, chronic respiratory diseases were found to be 1.8%. When severe and mild cases of pneumonia were compared, it was shown that accompanying diseases were seen 2.46 times more in severe cases (OR 2.46; 95% CI; 1.76–3.44). In general, it has been shown that patients with severe course were older and had more comorbidities (7). In a study with influenza, the relationship between the severity of disease and comorbidities was investigated. Accordingly, it was found that cases with severe Pneumonia with COPD were at 1.49 times (OR 1.49, 95% CI: 1.10–2.01) higher mortality risk than mild cases (7, 13). In our study, cases with COPD were significantly higher in patients with critical disease than those without (p = 0.001).

The presence of respiratory disease has been shown to have a similar effect in patients with MERS (14). In our study, in cases with COVID-19 pneumonia, the presence of chronic lung disease, advanced age and male gender were found to be significantly associated with mortality.

In a review published on this subject, COVID-19, which is considered to have fibrotic ILD, involves the risk of transmission in the diagnostic process, and the necessary tests such as respiratory function test and bronchoscopic biopsy should be evaluated. It has been reported that they should be performed if there is an absolute indication in terms of diagnosis (2, 3). In addition, if a treatment decision that will affect the course of the disease is required in a patient monitored for COVID-19, it is recommended to perform procedures such as invasive bronchoscopic biopsy.

It was hypothesized that severe COVID-19 infection could lead to an exaggerated immune response. It remains unknown if the physician used initiation or maintenance of immunomodulatory therapies for patients with fibrotic ILD during COVID-19 Pneumonia. Also, there is no evidence that anti-fibrotic therapies impact the risk or severity of COVID-19 infection (15–21). In our study, a significant difference was noted in terms of mortality between patients with and without ILD.

Pulmonary Embolism is reported in COVID-19 cases. Moreover, in postmortem biopsies, the presence of microthrombus in small pulmonary vessels in the lung and occlusion of the pulmonary vessels have been shown (22, 23). In our study, pulmonary embolism was detected in 6 cases and one was given thrombolytic therapy.

In the COVID-19 pandemic, cancer patients are regarded as a highly vulnerable group. Active cancer cases have more serious risks because they are immunosuppressed due to the chemotherapy and radiotherapy they receive as treatment. Therefore, if they have COVID-19 pneumonia, the treatment protocol they receive should be postponed (24), The clinical characteristics of COVID-19 infected cancer patients remain largely unknown. Anemia and hypoproteinemia were considered to be major consequences of nutritional deterioration in cancer patients according to several studies (25). In the general COVID-19 infected population, 4.7% of confirmed patients reached a clinically critical status, and 2.3% of critical cases ending in fatality (3). Early case series from US, China and Italy have suggested that patients with malignancy are more susceptible to severe infection and mortality from COVID-19 (26–29), In a national analysis of China with 1590 cases, it was found that the presence of malignancy exacerbates the course of COVID-19 3.5 times (5).

Among the malignancies within the US population there was 55% mortality among lung, 14% among breast, 20% among prostate, and 38% among colorectal cancer patients in a large-scale case study (30). The data in this study showed that comorbid diseases accompanying cancer and COVID diagnoses were significantly higher in patients who died due to chronic lung diseases, congestive heart failure and coronary artery diseases than those living. It was observed that the mortality rate increased in cases with malignancy compared to those without.

Prone position and high-flow oxygen therapy were applied in cases whose hypoxia continued despite high-dose nasal oxygen therapy while following up the cases with COVID-pneumonia. In the literature, the benefit of high-flow oxygen therapy in COVID-19 pneumonia is discussed in studies comparing both treatments (31).

In our study, it was reported that the comorbidity of asthma and bronchiectasis in cases with COVID did not adversely affect the prognosis. In the literature, it has been reported in previous publications that asthma and bronchiectasis are worse prognostic factors (32–34). However, in our study, it was not possible to obtain the severity of the asthmatic cases from the file information and whether bronchiectasis was accompanied in the same case. In addition, it is not clear whether the main factor contributing to the clinical severity of the patient is related to the pathogenesis of COVID-19 or to the severity of concomitant bronchiectasis or asthma.

Our study has some restrictive points as cases of asthma, COPD, and bronchiectasis diagnoses were based on file and hospital follow-up. Evidence-based tests such as respiratory function tests and allergic skin tests required for diagnosis were currently not available due to pandemic conditions. Diagnoses based on clinical, laboratory and radiological data and records in the hospital data system were analyzed. According to the pandemic guidelines, tests such as respiratory function tests and allergic skin tests could not be updated. Although mortality was higher with COPD, ILD and lung cancer in our study, there is a need to confirm these results with larger cohort studies on this subject.



Conclusion

The presence of chronic lung disease, advanced age and male gender was found to be significantly associated with mortality in our study. In chronic lung diseases, the mortality rate of cases with COPD, lung cancer and ILD was found to be significantly higher than those without. This is the first study investigating the relationship between chronic lung diseases and pneumonia severity and mortality. However prospective cohort studies evaluating the relationship between chronic lung disease and COVİD-19 Pneumonia should be conducted in the future.
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The severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) pandemic can be effectively controlled by rapid and accurate identification of SARS-CoV-2-infected cases through large-scale screening. Hypercube pooling polymerase chain reaction (PCR) is frequently used as a pooling technique because of its high speed and efficiency. We attempted to implement the hypercube pooling strategy and found it had a large quantization effect. This raised two questions: is hypercube pooling with edge = 3 actually the optimal strategy? If not, what is the best edge and dimension? We used a C++ program to calculate the expected number of PCR tests per patient for different values of prevalence, edge, and dimension. The results showed that every edge had a best performance range. Then, using C++ again, we created a program to calculate the optimal edge and dimension required for pooling samples when entering prevalence into our program. Our program will be provided as freeware in the hope that it can help governments fight the SARS-CoV-2 pandemic.

KEYWORDS
 pooling PCR, hypercube pooling, SARS-CoV-2, COVID-19, one round pooling PCR


Introduction

The severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) pandemic has drastically changed the life of people worldwide. Currently, there are two strategies that are being used to contain the spread of the virus. One method is to impose strict restrictions on normal activities, such as China and many other countries imposing severe lockdowns. The other is to achieve high vaccination coverage. For example, the vaccination coverages in the United Kingdom and Unites States are both relatively high.

Effective control of SARS-CoV-2 infections requires rapid and precise identification of infected people through large-scale polymerase chain reaction (PCR) tests. However, no country has enough time and resources to test each individual sample separately. One efficient alternative, which many countries have adopted, is to pool samples and test them together. Many pooling strategies and techniques have been proposed (1–35).

Mutesa et al. proposed hypercube pooling, which is both efficient and fast (36, 37). The authors proposed edge three to be the most suitable edge, and the dimension can be calculated by ln (0.35/p) where p is the prevalence. Then, pooling is illustrated in Figure 1.


[image: Figure 1]
FIGURE 1
 Results of PCR tests for each patient using the hypercube pooling strategy with edge values of 2 (Hypercube 2), 3 (Hypercube 3), 4 (Hypercube 4), and 5 (Hypercube 5). The quantization effects are displayed. Every strategy has an area in which its performance is strong.


We observed a significant quantization effect during the use of hypercube pooling, which dramatically increases the efficiency despite a minor prevalence change. This raised our interest to explore the underlying mechanism of this method. Mutesa et al. (36, 37) suggested that using edge three in hypercubic pooling should be the most efficient strategy. In that case, we wondered the following: (1) if the quantization effect does influence efficiency, is hypercube pooling with edge three really the best strategy? And (2), if the answer is no, what is the best edge and dimension?



Methods

The approach to selecting the estimated number of PCR tests per patient was first constructed in accordance with the concept of the hypercubic method and its variables: prevalence, edge, and dimension.

By using probability mathematics, the formula for the estimated number of PCR tests per patient was established as follows:
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where n is the edge, d is the dimension, and p is the prevalence.

We used n = 2, 3, 4, and 5 in Formula (1) to determine which strategy works best under various values for the disease prevalence p.

C++ was used for implementation.

By leveraging a computer's computational ability, we simply computed every test possibility by using the brute force method. We then assigned dimension = 2 and edge = 2 in the formula to yield the maximal edge and dimension, respectively. Subsequently, we used the formula to calculate the estimates from edge = 2 to the maximal edge and from dimension = 2 to the maximal dimension, and then we chose the smallest number from all the estimated numbers of PCR tests per patient (1).



Results

Figure 2 shows the result of the first part of the study. We demonstrated that every proposed strategy had an area in which its performance was best. To obtain the best edge and dimension for the highest performance under a specific prevalence, we needed to conduct the second part of the investigation. For example, using edge = 2 (Hypercube 2 in Figure 2) resulted in the lowest estimate for the number of PCR tests per patient at prevalence of 0.0123–0.0537; at prevalence between 0.0261 and 0.0744, edge = 3 (Hypercube 3 in Figure 2) resulted in the lowest estimate.


[image: Figure 2]
FIGURE 2
 Illustration of hypercube pooling. The “dimension” is the total number of dotted rectangles. The “edge” is the number of rectangles within each dotted rectangle. The red line in this figure denotes a positive sample. In this example, the first pool in the first group, the second pool in the second group, and the first pool in the third group are all positive. We can determine which patient is positive during this round of pooling by using the hypercube pooling strategy. For more details about hypercube pooling, the readers can refer to previous literature (36, 37).


Therefore, we wrote a program for the second part of the study. The program uses the brute force method that examines every possible dimension number and edge number. Then, we calculated its performance by Formula (1). Finally, we chose the one which performs the best. When we entered the prevalence, the program calculated the best performance edge, dimension, and estimated number of PCR tests per patient (Figure 3).


[image: Figure 3]
FIGURE 3
 Our program offers a high-performance hypercube pooling strategy. The dimension, edge, and expected number of PCR tests per patient are the output variables.




Discussion

Various pooling techniques have been described, such as single pooling, n n double pooling, n2 n double pooling, and array pooling. In our opinion, one-dimensional hypercube pooling is single pooling, and array pooling is two-dimensional pooling.

Some pooling strategies—such as no pooling, array pooling, and hypercube pooling—can identify infected patients with a single round of PCR tests. According to a study by Mutesa et al., we can be 96% certain of positive cases in just the first round of pooled PCR tests (36, 37). Only 4% require second-round PCR tests. Hypercube pooling is a fast and efficient pooling method. Furthermore, a similar pooling approach was proposed almost at the same time (1). However, the authors did not explicitly mention the method or how it calculated the optimal pooling size. In this study, we made the complex probability mathematics more calculable by switching it and writing it into a program. Our method is much simpler and clearer than other methods.

Every PCR machine that uses a specific primer has a different maximal allowable dilution. However, the cutoff cycle threshold (Ct) can also change the maximum dilution. Therefore, we should conduct a pilot study to understand the limits of our machine. Additionally, we cannot pool more samples during hypercube pooling than the maximal allowable dilution.

[image: image]

Another challenge in the use of this method is the high number of dimensions. Two dimensions or even three dimensions are easy to imagine and visualize, but, in higher dimensions, we may need to code every sample with a specific number to identify individuals with infection accurately and continue the hypercube pooling process.

The prevalence of infection is unknown when conducting large-scale screening. Therefore, we recommend to begin pooling with edge = 2, which produces the maximum dimension that satisfies Equation (2). Subsequently, the prevalence can be calculated, and the strategy for the rest of the tests can be adjusted.

However, pooling may not yield significant benefits in areas with high disease prevalence. If a prevalence value is entered into the software and the expected number of PCR tests per patient is greater than one, pooling is not necessary. Instead, pooling will waste time and resources.



Conclusion

This pooling approach for SARS-CoV-2 detection is hypercube pooling PCR with an optimal edge and a dimension. This type of pooling can be completed in only one round of testing. We offer a tool to calculate the edge and the dimension required for pooling. We hope that it can be widely used, especially in large-scale screening, to better detect SARS-CoV-2 cases.



Data availability statement

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author/s.



Author contributions

CK-L, T-YW, and Y-CL conceptualized the study and wrote the paper. CK-L, P-WW, J-YW, C-YC, and Y-MH helped acquire the funding. Y-CL deduced the mathematics. C-SF, C-PC, Y-LC, C-KC, and K-LY wrote an algorithm. C-HY, H-KW, W-PL, T-HL, M-SW, and Y-MH simulated data and tested. All authors edited the paper. All authors contributed to the article and approved the submitted version.



Funding

This work was funded by grants from the Taiwan Ministry of Science and Technology (Grant No. 109-2314-B-038-029).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References

 1. Shental N, Levy S, Wuvshet V, Skorniakov S, Shalem B, Ottolenghi A, et al. Efficient high-throughput SARS-CoV-2 testing to detect asymptomatic carriers. Sci Adv. (2020) 6:eabc5961. doi: 10.1126/sciadv.abc5961

 2. Aubry M, Teiti I, Teissier A, Richard V, Mariteragi-Helle T, Chung K, et al. Self-collection and pooling of samples as resources-saving strategies for RT-PCR-based SARS-CoV-2 surveillance, the example of travelers in French Polynesia. PLoS ONE. (2021) 16:e0256877. doi: 10.1371/journal.pone.0256877

 3. Barak N, Ben-Ami R, Sido T, Perri A, Shtoyer A, Rivkin M, et al. Lessons from applied large-scale pooling of 133, 816 SARS-CoV-2 RT-PCR tests. Sci Transl Med. (2021) 13:eabf223. doi: 10.1101/2020.10.16.20213405

 4. Bateman AC, Mueller S, Guenther K, Shult P. Assessing the dilution effect of specimen pooling on the sensitivity of SARS-CoV-2 PCR tests. J Med Virol. (2021) 93:1568–72. doi: 10.1002/jmv.26519

 5. Chhikara K, Kanta P, Ghosh A, Prakash RC, Goyal K, Singh MP. Validation of SARS CoV-2 detection by real-time PCR in matched pooled and deconvoluted clinical samples before and after nucleic acid extraction: a study in tertiary care hospital of North India. Diagn Microbiol Infect Dis. (2021) 99:115206. doi: 10.1016/j.diagmicrobio.2020.115206

 6. Chu AWH, Yip CCY, Chan WM, Ng ACK, Chan DLS, Siu RHP, et al. Evaluation of an automated high-throughput liquid-based RNA extraction platform on pooled nasopharyngeal or saliva specimens for SARS-CoV-2 RT-PCR. Viruses. (2021) 13:615. doi: 10.3390/v13040615

 7. Cruceriu D, Baldasici O, Balacescu L, Gligor-Popa S, Flonta M, Man MA., et al. Critical aspects concerning the development of a pooling approach for SARS-CoV-2 diagnosis using large-scale PCR testing. Viruses. (2021) 13:902. doi: 10.3390/v13050902

 8. Daon Y, Huppert A, Obolski U. An accurate model for SARS-CoV-2 pooled RT-PCR test errors. R Soc Open Sci. (2021) 8:210704. doi: 10.1098/rsos.210704

 9. Estevez A, Catalan P, Alonso R, Marin M, Bouza E, Munoz P, et al. Sample pooling is efficient in PCR testing of SARS-CoV-2: a study in 7400 healthcare professionals. Diagn Microbiol Infect Dis. (2021) 100:115330. doi: 10.1016/j.diagmicrobio.2021.115330

 10. Gangwar M, Shukla A, Patel VK, Prakash P, Nath G. Assessment of successful qRT-PCR of SARS-CoV-2 assay in pool screening using isopropyl alcohol purification step in RNA extraction. Biomed Res Int. (2021) 2021:6653950. doi: 10.1155/2021/6653950

 11. Garg A, Ghoshal U, Patel SS, Singh DV, Arya AK, Vasanth S, et al. Evaluation of seven commercial RT-PCR kits for COVID-19 testing in pooled clinical specimens. J Med Virol. (2021) 93:2281–6. doi: 10.1002/jmv.26691

 12. Garg J, Garg A. Evaluation of SARS CoV-2 RT-PCR in a multiple sample pool. Indian J Med Res. (2021) 153:699–700. doi: 10.4103/ijmr.IJMR_4282_20

 13. Garg J, Singh V, Pandey P, Verma A, Sen M, Das A, et al. Evaluation of sample pooling for diagnosis of COVID-19 by real time-PCR: a resource-saving combat strategy. J Med Virol. (2021) 93:1526–31. doi: 10.1002/jmv.26475

 14. Handous I, Hannachi N, Marzouk M, Hazgui O, Ben Alaya NBE, Boukadida J. Pooling nasopharyngeal swab specimens to improve testing capacity for SARS-CoV-2 by real-time RT-PCR. Biol Proced Online. (2021) 23:19. doi: 10.1186/s12575-021-00156-6

 15. Klenske ED. Optimal test pooling for efficient PCR testing of SARS-CoV2. Ir J Med Sci. (2021) 190:481–2. doi: 10.1007/s11845-020-02278-4

 16. Laverack M, Tallmadge RL, Venugopalan R, Cronk B, Zhang XL, Rauh R, et al. Clinical evaluation of a multiplex real-time RT-PCR assay for detection of SARS-CoV-2 in individual and pooled upper respiratory tract samples. Arch Virol. (2021) 166:2551–61. doi: 10.1007/s00705-021-05148-1

 17. Lu XY, Sakthivel SK, Wang LJ, Lynch B, Dollard SM. Enhanced throughput of the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) real-time RT-PCR panel by assay multiplexing and specimen pooling. J Virol Methods. (2021) 293:114149. doi: 10.1016/j.jviromet.2021.114149

 18. More S, Narayanan S, Patil G, Ghosh P, Pushparaj S, Cooper E, et al. Pooling of nasopharyngeal swab samples to overcome a global shortage of real-time reverse transcription-PCR COVID-19 test kits. J Clin Microbiol. (2021) 59:e01295-20. doi: 10.1128/JCM.01295-20

 19. Mungmunpuntipantip R, Wiwanitkit V. Pooled Sample RT-PCR Test for COVID-19 screening: cost reduction analysis. Clin Lab. (2021) 67:1963–4. doi: 10.7754/Clin.Lab.2021.201232

 20. Musumeci A, Vinci M, L'episcopo F, Ragalmuto A, Neri V, Roccella M, et al. Implementation of sample pooling procedure using a rapid SARS-CoV-2 diagnostic real-time PCR test performed prior to hospital admission of people with intellectual disabilities. Int J Environ Res Public Health. (2021) 18:9317. doi: 10.3390/ijerph18179317

 21. Praharaj I, Jain A, Singh M, Balakrishnan A, Dhodapkar R, Borkakoty B, et al. Evaluation of SARS CoV-2 RT-PCR in a multiple sample pool reply. Indian J Med Res. (2021) 153:700–1. 

 22. Sahajpal NS, Mondal AK, Ananth S, Njau A, Ahluwalia P, Newnam G, et al. SalivaSTAT: direct-PCR and pooling of saliva samples collected in healthcare and community setting for SARS-CoV-2 mass surveillance. Diagnostics. (2021) 11:904. doi: 10.3390/diagnostics11050904

 23. Sanghani HR, Nawrot DA, Marmolejo-Cossio F, Taylor JM, Craft J, Kalimeris E, et al. Concentrating pooled COVID-19 patient lysates to improve reverse transcription quantitative PCR sensitivity and efficiency. Clin Chem. (2021) 67:797–8. doi: 10.1093/clinchem/hvab035

 24. Shukla S, Upadhyay V, Maurya VK. Evaluating the efficiency of specimen (sample) pooling for real-time PCR based diagnosis of COVID-19. Indian J Med Microbiol. (2021) 39:339–42. doi: 10.1016/j.ijmmb.2021.03.011

 25. Singh AK, Nema RK, Joshi A, Shankar P, Gupta S, Yadav AK, et al. Testing of four-sample pools offers resource optimization without compromising diagnostic performance of real time reverse transcriptase-PCR assay for COVID-19. PLoS ONE. (2021) 16:e0251891. doi: 10.1371/journal.pone.0251891

 26. Sun Q, Li J, Ren H, Pastor L, Loginova Y, Madej R, et al. Saliva as a testing specimen with or without pooling for SARS-CoV-2 detection by multiplex RT-PCR test. PLoS ONE. (2021) 16:e0243183. doi: 10.1371/journal.pone.0243183

 27. Yip CCY, Leung KH, Ng ACK, Chan KH, To KKW, Chan JFW, et al. Comparative evaluation of a dual-target real-time RT-PCR assay for COVID-19 diagnosis and assessment of performance in pooled saliva and nasopharyngeal swab samples. Expert Rev Mol Diagn. (2021) 21:741–7. doi: 10.1080/14737159.2021.1933445

 28. Yu JL, Huang YD, Shen ZJ. Optimizing and evaluating PCR-based pooled screening during COVID-19 pandemics. Sci Rep. (2021) 11:21460. doi: 10.1038/s41598-021-01065-0

 29. Barathidasan R, Sharmila FM, Raj RV, Dhanalakshmi G, Anitha G, Dhodapkar R. Pooled sample testing for COVID-19 diagnosis: evaluation of bi-directional matrix pooling strategies. J Virol Methods. (2022) 304:114524. doi: 10.1016/j.jviromet.2022.114524

 30. Esteves E, Mendes AK, Barros M, Figueiredo C, Andrade J, Capelo J, et al. Population wide testing pooling strategy for SARS-CoV-2 detection using saliva. PLoS ONE. (2022) 17:e0263033. doi: 10.1371/journal.pone.0263033

 31. Hueda-Zavaleta M, Copaja-Corzo C, Benites-Zapata VA, Cardenas-Rueda P, Maguina JL, Rodriguez-Morales AJ. Diagnostic performance of RT-PCR-based sample pooling strategy for the detection of SARS-CoV-2. Ann Clin Microbiol Antimicrob. (2022) 21:11. doi: 10.1186/s12941-022-00501-x

 32. Jayakody H, Rowland D, Pereira C, Blackwell R, Lasota T, Laverick M, et al. Development of a high sensitivity RT-PCR assay for detection of SARS-CoV-2 in individual and pooled nasopharyngeal samples. Sci Rep. (2022) 12:5369. doi: 10.1038/s41598-022-09254-1

 33. Lee HR, Wang FY, Li JL, Chou TY, Ho HL. Real-world evaluation of a sample pooling strategy for large-scale rapid COVID-19 testing. J Clin Virol. (2022) 149:105133. doi: 10.1016/j.jcv.2022.105133

 34. Moreno-Contreras J, Espinoza MA, Sandoval-Jaime C, Cantu-Cuevas MA, Madrid-Gonzalez DA, Baron-Olivares H, et al. Pooling saliva samples as an excellent option to increase the surveillance for SARS-CoV-2 when re-opening community settings. PLoS ONE. (2022) 17:e0263114. doi: 10.1371/journal.pone.0263114

 35. Perea S, Tretina K, O'donnell KN, Love R, Bethlendy G, Wirtz M, et al. Saliva-based, COVID-19 RT-PCR pooled screening strategy to keep schools open. Disaster Med Public Health Prep. (2022) 589:1–6. doi: 10.1017/dmp.2021.337

 36. Mutesa L, Ndishimye P, Butera Y, Souopgui J, Uwineza A, Rutayisire R, et al. A pooled testing strategy for identifying SARS-CoV-2 at low prevalence. Nature. (2021) 589:276–80. doi: 10.1038/s41586-020-2885-5

 37. Mutesa L, Ndishimye P, Butera Y, Souopgui J, Uwineza A, Rutayisire R, et al. Author Correction: a pooled testing strategy for identifying SARS-CoV-2 at low prevalence. Nature. (2021) 595:E3. doi: 10.1038/s41586-021-03630-z












	
	TYPE Brief Research Report
PUBLISHED 20 October 2022
DOI 10.3389/fpubh.2022.976875






Sensitivity analysis of rapid antigen tests for the Omicron SARS-CoV-2 variant detection from nasopharyngeal swab samples collected in Santiago of Chile

Carlos Barrera-Avalos1‡, Javier Mena1‡, Roberto Luraschi1, Patricio Rojas2, Carlos Mateluna-Flores1, Eva Vallejos-Vidal1†, Mónica Imarai1,2, Ana María Sandino1,2, Daniel Valdés1,2, Rodrigo Vera3, Iván Hernández3, Felipe E. Reyes-López1* and Claudio Acuña-Castillo1,2*


1Centro de Biotecnología Acuícola, Facultad de Química y Biología, Universidad de Santiago de Chile, Santiago, Chile

2Departamento de Biología, Facultad de Química y Biología, Universidad de Santiago de Chile, Santiago, Chile

3Hospital de Urgencia Asistencia Pública (HUAP), Santiago, Chile

[image: image2]

OPEN ACCESS

EDITED BY
Reza Lashgari, Shahid Beheshti University, Iran

REVIEWED BY
José Eduardo Levi, University of São Paulo, Brazil
 Sathyavathi Sundararaju, Sidra Medicine, Qatar
 Matheus Filgueira Bezerra, Aggeu Magalhães Institute (IAM), Brazil

*CORRESPONDENCE
 Felipe E. Reyes-López, felipe.reyes.l@usach.cl
Claudio Acuña-Castillo, claudio.acuna@usach.cl

†PRESENT ADDRESS
 Eva Vallejos-Vidal, Núcleo de Investigación Aplicada en Ciencias Veterinarias y Agronómicas, Facultad de Medicina Veterinaria y Agronomía, Universidad de Las Américas, Santiago, Chile

‡These authors have contributed equally to this work and share first authorship

SPECIALTY SECTION
 This article was submitted to Infectious Diseases - Surveillance, Prevention and Treatment, a section of the journal Frontiers in Public Health

RECEIVED 23 June 2022
 ACCEPTED 20 September 2022
 PUBLISHED 20 October 2022

CITATION
 Barrera-Avalos C, Mena J, Luraschi R, Rojas P, Mateluna-Flores C, Vallejos-Vidal E, Imarai M, Sandino AM, Valdés D, Vera R, Hernández I, Reyes-López FE and Acuña-Castillo C (2022) Sensitivity analysis of rapid antigen tests for the Omicron SARS-CoV-2 variant detection from nasopharyngeal swab samples collected in Santiago of Chile. Front. Public Health 10:976875. doi: 10.3389/fpubh.2022.976875

COPYRIGHT
 © 2022 Barrera-Avalos, Mena, Luraschi, Rojas, Mateluna-Flores, Vallejos-Vidal, Imarai, Sandino, Valdés, Vera, Hernández, Reyes-López and Acuña-Castillo. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



The COVID-19 pandemic continues to be a concern and keeps global health authorities on alert. The RT-PCR technique has been the gold-standard assay for detecting the SARS-CoV-2 virus. However, rapid antigen tests (RATs) have been widely used to increase the number of tests faster and more efficiently in the population. Nevertheless, the appearance of new viral variants, with genomic mutations associated with greater contagiousness and immune evasion, highlights the need to evaluate the sensitivity of these RATs. This report evaluates the sensitivity of SD Biosensor-Roche, Panbio™, and Clinitest® RATs widely used in Santiago de Chile in the detection of the Omicron variant from Nasopharyngeal samples (NPSs), the most predominant SARS-CoV-2 variant in Chile and the world. SD Biosensor-Roche shows a detection sensitivity of 95.7% in the viral amplification range of 20 ≤ Cq < 25, while Panbio™ and Clinitest® show 100% and 91.3%, respectively. In the viral amplification ranges of 25 ≤ Cq < 30, the detection sensitivity decreased to 28% for SD Biosensor-Roche, 32% for Panbio™, and 72% for Clinitest®. This study indicates that the tested RATs have high sensitivity in detecting the Omicron variant of concern (VOC) at high viral loads. By contrast, its sensitivity decreases at low viral loads. Therefore, it is suggested to limit the use of RATs as an active search method, considering that infections in patients are increasingly associated with lower viral loads of SARS-CoV-2. These antecedents could prevent contagion outbreaks and reduce the underestimation of the current Omicron variant circulation at the local level.
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Introduction

The SARS-CoV-2 virus has kept the medical and scientific community worldwide on constant alert. The appearance of new variants has generated new waves of contagion due to its immune evasion capacity provided by genomic mutations, even in vaccinated patients (1). One of the most valuable tools for controlling the pandemic is the massive and constant population testing, allowing the traceability and timely isolation of infected patients (2). The gold-standard and recommended molecular technique for this testing have been RT-PCR. However, the high demand for this technique, stock shortage of some reagents, and long waiting times for results, has led to the use of alternative detection methodologies, such as rapid antigen tests (RATs). These have been authorized for use in the detection of SARS-CoV-2, associated with a faster and cheaper way of analysis, helping to decongest diagnostic laboratories and increase the testing capacity of the population in different countries. These RATs are based on the detection of viral proteins through antibodies (3). Nevertheless, the constant appearance of SARS-CoV-2 mutations that give rise to different variants could affect its detection performance, making it necessary to evaluate and compare it with the RT-PCR technique. For example, Bayart et al. (4) showed that the detection of some variants such as Delta was 20–40%, while the sensitivity of the Omicron variant was 0–23% for Cq > 25 values in various RATs used in Belgium. Another report indicated a drop of almost 50% sensitivity in RATs in the presence of SARS-CoV-2 mutations associated with the Gamma or Beta variant, or when the viral load decreases (5). In Chile, the most used method for the diagnosis of COVID-19 is the RT-PCR technique, but according to official reports from the Ministry of Health, until March 30, 2022, more than 40% of total the testing tests carried out in Chile corresponded to RATs (6).

SD Biosensor-Roche, Panbio™ and Clinitest® RATs are currently used in Chile, mainly in health centers, and available in pharmacies to detect COVID-19 in symptomatic and asymptomatic patients in a fast way. However, there are no reports of their sensitivities to different viral loads for the Omicron variant of concern (VOC), which is currently predominant in global contagion events (7). This report evaluated three RATs to detect the Omicron variant at different viral loads. Our results show a more than 60% decrease in detection ability against low viral loads for some RATs. This evidence acquires especial relevance considering that currently the Cq values > 25 becoming more predominant in infected patients in Chile.



Materials and methods


Clinical samples

Nasopharyngeal swab samples (NPSs) from primary health centers and hospitals belonging to the Central Metropolitan Health Service (CMHS) were used and collected from Dec 27, 2021, to May 21, 2022. The NPSs were taken, preserved, and transported using the CITOSWAB® transport kit with 3 ml of viral transport medium (Cat. No. 2118-0015; Citotest Labware Manufacturing Co., Ltd, Jiangsu, China) to the Virology Laboratory of the Universidad de Santiago de Chile. The NPSs were kept frozen at −80°C after analysis by RT-PCR.



Rapid antigen tests (RATs)

The SARS-CoV-2 Rapid Antigen Test SD Biosensor-Roche (SD Biosensor inc; South Korea, REF: 9901-NCOV-01G; Lot: 59031G4T1), Panbio™ COVID-19 Ag Rapid Test Device (Abbot; Germany, REF: 41FK10; Lot: 41ADG826A) and CLINITEST® Rapid COVID-19 Antigen Self-Test (Siemens Healthcare; USA, REF GCCOV-502a; Lot: 2001185) RATs were used in this study. All of them were approved for emergency use in Chile and by international health authorities belonging to the International Medical Device Regulators Forum (IMDRF). The RAT SD Biosensor-Roche was used following the manufacturer's instructions from samples in a viral transport medium using 350 μl of NPSs. For Panbio™ and Clinitest® RATs, 350 μl of viral transport medium sample from NPSs were collected and diluted in 300 μl of reaction buffer provided by the manufacturer. The same NPSs were used for the evaluation of the three RATs. All samples were analyzed in the same way. The results were recorded after 15 min.



COVID-19 diagnosis by RT-PCR and viral load quantification

The detection of viral SARS-CoV-2 was carried out using the ORF1ab probe (TaqMan™ 2019nCoV Assay Kit v1, Thermo Fisher Scientific, Cat. No. A47532) and one-step strategy. Each reaction contained 5 μl of TaqMan™ Fast Virus 1-Step Master Mix 4X, 1 μl of ORF1ab assay 20X, 1 μl of RNase P assay 20X, 11 μl of nuclease-free water, and 2 μl of the extracted RNA sample. The RT-PCR reaction was performed on the Agilent AriaMx Real-Time PCR System (Agilent Technologies, Part. No. G8830A). Serial 1/10 dilutions generated a standard curve with the positive control TaqMan 2019-nCoV Control Kit v1 (104 copies/μL) (Thermo Fisher Scientific, Cat. No. A47533) by RT-PCR. Antilogarithm of the following equation of the line (y = −3.07*X + 40.2)/2 was used to calculate the viral load. To obtain the number of viral copies per μl, this equation was divided by two according to the volume of RNA (2 μl) used in the RT-PCR reaction. The Cq got in the NPSs was replaced in “X”.



Omicron genotypification by RT-PCR

SARS-CoV-2 positive NPSs were subjected to multiplex RT-PCR for the SARS-CoV-2 variant detection with Allplex™ SARS-CoV-2 Variants I (Cat No. RV10286X) and II (Cat No. RV10305X) Assay Kits, both from Seegene Inc., Seoul, South Korea, following the manufacturer's recommendations. The variant detection kit I detects mutations E484K, N501Y, and HV69/70, while the variant detection kit II detects mutations L452R, W152C, K417T, and K417N. The amplification results were automatically interpreted through the software indicated by the manufacturer.



Statistical analysis

The statistical relationship between the ratio of Cq > 25 over total Cq value during the three waves of infections in Chile was analyzed by linear regression. Confidence intervals (CI) for proportions set at 95% level of significance were computed from binomial distribution with Wilson method. A value of p < 0.05 was observed and considered statistically significant. GraphPrism version 8.0.1 software was used for analysis.
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Results

We determine the detection efficiency of three RATs (SD Biosensor-Roche; Panbio™ and Clinites®) authorized for emergency and used massively in Santiago de Chile for the diagnosis of COVID-19. Forty-eight NPSs for SD Biosensor-Roche, Panbio™ and Clinitest® were evaluated. All NPSs were previously diagnosed COVID-19 positive by RT-PCR and characterized for Omicron by genotyping the presence of its characteristic mutations (N501Y/K417N/Δ69-70del, or N501Y/Δ69-70del), as previously indicated for the detection of this variant (8, 9). N501Y/Δ69-70del and N501Y/K417N/Δ69-70del, correspond to subvariants BA.1 and BA.4/5, respectively (8). The circulation frequency of Omicron variants in Chile between December 2021 and May 2022 is shown in Supplementary Figure 1.

The sensitivity of three rapid antigen tests was tested on RT-PCR positive samples stored in a viral transport medium, between two ranges of Cq amplification values for the viral gene ORF1ab of SARS-CoV-2 (20 ≤ Cq < 25; 25 ≤ Cq < 30). The same NPSs were evaluated by RT-PCR and the three different RATs. The data showed that, under our study conditions, the detection sensitivity for SD Biosensor-Roche in the range of 20 ≤ Cq < 25 was 95.7% (95% CI [79.0–99.2%]). Panbio™ had a detection sensitivity of 100% (95% CI [85.70–100%]) in the same range of Cq (20 ≤ Cq < 25). On the other hand, Clinitest® had a detection sensitivity of 91.3% (95% CI [73.2–97.6%]) (Figure 1). At 25 ≤ Cq < 30, the SD Biosensor-Roche rapid test showed a detection of 28% (95% CI [14.3–47.6%]), the Panbio™ test registered a sensitivity of 32% (95% CI [17.2–51.6%]), while the Clinitest® test showed a detection sensitivity of 72% (95% CI [52.4–87.5%]) (Figure 2). CI values are summarized in Table 1. All samples were positive for RT-PCR in both ranges of Cq values (95% CI [85.7–100%]). We performed a qualitative analysis of the band intensity shown by each RAT in the diagnosis of each NPSs. Interestingly, although the Clinitest® detects SARS-CoV-2 Omicron at low viral loads, the band intensities mainly were lower than the other RATs (Table 2). While, any visible red line is a positive result according to the manufacturer's instructions, denoted as “+” (Supplementary Figure 2). We did the sensitivity analysis but related directly to viral copies/μL. SD Biosensor-Roche detects 100% of samples with 106 and 105 viral copies. However, 104 and 103 viral copies had a sensitivity of 78.6% and 5.9%, respectively (Table 3). On the other hand, Panbio™ detects 100% of 106 and 105 viral copies. Their sensitivity for 104 and 103 viral copies dropped to 85.7% and 11.8%, respectively (Table 3). Clinitest® had a 100% sensitivity to detect Omicron in samples with 106 viral copies. Then, the detection sensitivity was 93.9%, 85.7%, and 64.7% for 105, 104, and 103 viral copies, respectively (Table 3). The Confidence Interval values of each of the viral copy sensitivities are shown in Table 3. These results suggest that the RATs used for diagnosing COVID-19 in Chile have a high sensitivity for sample Cq ranges between 20 ≤ Cq < 25, and for 106, 105, and 104 viral copies, sensitivities close to the minimum recommended for use according to the World Health Organization (WHO) (10). However, its detection capacity decreases against low viral loads of the Omicron variant, between the range of 25 ≤ Cq < 30.


[image: Figure 1]
FIGURE 1
 Evaluation of the sensitivity for the rapid antigen test SD Biosensor-Roche, Panbio™ and Clinitest® in detecting the Omicron variant at 20 ≤ Cq < 25 range. All samples were positive for RT-PCR (100%). A total of 23 samples were analyzed. The same NPSs were analyzed by all four methods (RT-PCR and three RATs). N501Y/Δ69-70del and N501Y/K417N/Δ69-70del mutations correspond to subvariants BA.1 and BA.4/5, respectively.
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FIGURE 2
 Evaluation of the sensitivity for the rapid antigen test SD Biosensor-Roche, Panbio™ and Clinitest® in detecting the Omicron variant at 25 ≤ Cq < 30 range. All samples were positive for RT-PCR (100%). A total of 25 samples were analyzed. The same NPSs were analyzed by all four methods (RT-PCR and three RATs). N501Y/Δ69-70del and N501Y/K417N/Δ69-70del mutations correspond to subvariants BA.1 and BA.4/5, respectively.



TABLE 1 Precision measurement of the diagnostic sensitivity of the RATs in the two Cq ranges (20 ≤ Cq < 25 and 25 ≤ Cq < 30) with their 95% confidence interval (CI).
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TABLE 2 Qualitative analysis of the band intensity obtained in the three RATs for the NPSs evaluated in the two Cq ranges.
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TABLE 3 Precision measure of diagnostic sensitivity of RATs by viral copies/μl with its 95% confidence interval (CI).
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To determine a possible extent of a lower sensitivity in detecting NPSs following a RAT strategy, we analyzed the proportion of positive samples diagnosed with a Cq value > 25 in Chile's three waves of infections. Thus, we identified an increase in the number of RT-PCR positive for NPSs with Cq values > 25 (open circles) during the pandemic in Chile (Figure 3A). This increase in Cq is statistically significant and exhibits a linear correlation during waves of infection (Figure 3B). It is essential to highlight that the distribution of positive cases with Cq values > 25 represents more than 76% of the total Cq of positive NPSs diagnosed (Table 4). This evidence highlights the special care that must be taken in NPSs with a low viral load diagnosed by RATs.
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FIGURE 3
 Representation of the proportion for nasopharyngeal swab samples (NPSs) with a Cq-value > 25 through the waves of infections in Chile. (A) The first wave corresponds to months 1–6, the second wave to months 9–16, and the third wave to months 21–25 of the pandemic in Chile. Black circles correspond to the total Cq analyzed diagnosed as positive; empty circles represent the samples with a Cq-value > 25 in each wave of infection. (B) Linear regression is represented concerning the ratio of Cq-values > 25 over the total Cq analyzed during the first, second, and third waves of infections in Chile.



TABLE 4 Percentage of Cq-values > 25 concerning the total Cq-values in each wave of contagion (1st, 2nd, and 3rd) and months of the pandemic (1–6; 9–16; 21–25) in Chile.
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Discussion

Several works have documented the detection sensitivities of different rapid antigen tests to detect SARS-CoV-2 variants in different ranges of Cq. For example, Osterman et al. reported among all the RATs analyzed that the FUJIFILM COVID-19 Ag Test has a 31.4% detection of the Omicron variant in the range of Cq < 25. Interestingly, a 0% detection sensitivity was reported for amplification values of Cq > 25 (11). The Medicovid-AG SARS-CoV-2 Antigen Rapid Test Card-nasal test had almost 80% detection in the ranges of Cq < 25, although its detection sensitivity decreased to 8.3% in Cq > 25 for the same Omicron variant (11). Bayart et al. (4) reported that RATs used in Belgium, such as the Sejoy SARS-CoV-2 Antigen Rapid Test and New-gene COVID-19 Antigen Detection Kit, have 97% detection sensitivity for the Omicron variant in ranges of Cq < 25. However, in Cq > 25 decrease to 7.7%. The RAT Ag 2019-nCoV-PROGNOSIS, used in the city of Larissa, Greece, in the Omicron wave, showed a reduction of almost 40% in its sensitivity compared to the Alpha variant (12). Other studies have determined that RATs such as SD Biosensor-Roche, decrease their sensitivity from 91% to 42% against samples with mutations related to Gamma or Beta, even in ranges with high viral loads (20 ≤ Cq < 25). The sensitivity dropped to 0% when detecting samples with the same mutations in the range of 25 < Cq < 30 (5). These investigations indicate that RATs have high efficiency in detecting high viral loads (Cq < 25), even in the presence of different variants. By contrast, RATs reduce their sensitivity at low viral loads (ranges of Cq > 25), even in the presence of SARS-CoV-2 variants such as Omicron, the predominant in the world today according to a WHO statement (7). To date, no report has estimated the sensitivity of the RATs used for the diagnosis of COVID-19 associated with Omicron in Chile. Furthermore, none of the above information analyzes the increase in Cq during the pandemic in the countries of origin. This evidence is important because values of Cq > 25 would promote a more significant number of false negatives using the different RATs compared to previous waves of contagion, according to the evidence of sensitivity described above. In this study, the sensitivity of three RATs used for diagnosing COVID-19 in Chile was evaluated and compared with the RT-PCR technique. The data under our study conditions, indicated that for high viral loads (20 ≤ Cq < 25), the SD Biosensor-Roche, Panbio™ and Clinitest® tests have 98.7%, 100%, and 91.3% detection, which decreases to 28%, 32%, and 72% for samples with 25 ≤ Cq < 30, respectively. This could have an epidemiological incidence. According to the official report of the Chilean Ministry of Health, at March 30, 2022, during the third wave by Omicron infections, 69,702 tests were carried out. Of them, 44% were RATs and 66% by RT-PCR, yielding 5,603 positive tests (6). This could mean that of the 5,603 positive NPSs, about 2,400 NPSs were diagnosed by RATs. Of this 2,400 positive NPSs, ~1,800 samples had a Cq > 25 (76% of the positive samples in the third wave). Therefore, this could mean that the 1,800 samples positive for RATs could represent 28% detection if, for example, RAT SD Biosensor-Roche had been used, giving ~4,600 samples that could have been potentially reported as false negatives.

In our study, we genotyped the Omicron variant for either three (N501Y/K417N/Δ69-70del) or two (N501Y/Δ69-70 del) mutations of the spike (S) protein. The RT-PCR does not detect the S target gene because this variant contains the deletion at position 69-70 (Δ69-70del), termed S gene target failure (SGTF), according to the Centers for Disease Control and Prevention (CDC) (13). Although this deletion is also found in the alpha variant (14), in Chile, the alpha variant is considered as not circulating in the year 2022, while the Omicron Variant represents 100% of the predominant variant since February 2022 (15). The other mutations (N501Y and K417N) are also used for Omicron genotyping and previously reported in other countries and subvariants (8, 9). Due to the large number of mutations found in the S protein, most RATs detect the N gene (Nucleocapsid) of SARS-CoV-2 due to its higher conservation rate (16) including the rapid tests analyzed in this work [Revised in (17)]. However, mutations also affect this gene. For example, a study by Jian et al. (18) determined that the Panbio™ nasopharyngeal test decreases its sensitivity for detecting the Alpha variant due to the T135I mutation in the N gene. Although Omicron also has P13L, Δ31–33, R203K, and G204R mutations in the nucleocapsid, other variants like Delta have D63G, R203M, and D377Y mutations (19–21). These differences in mutations could account for the decreased sensitivity of RATs against the Omicron variant. The results presented in this report for Panbio™ RAT do not agree with the report of de Michelena et al. made in Spain. They used only samples from patients with symptoms, indicating a sensitivity of 87.2% for Omicron samples in those with amplification values of Cq < 30, and an 82.8% sensitivity for samples Cq < 35. Interestingly, for samples with Cq < 25 they reported 92.5% sensitivity, similar to our data (22). The results of Deerain et al. (23) indicated that both the SD Biosensor-Roche and Panbio™ tests did not detect either the Delta or Omicron variant in Cq ranges close to 28, like the results presented in our study. It is difficult to compare the viral loads for the different Cq cut-offs considered in the other investigations since it depends on the specific chemical and parameters established for each RT-PCR kit. According to the Food and Drug Administration, the best way to evaluate the performance of the other RATs is by using an active virus (24). In line with this idea, a report using an active virus cultured in vitro in Vero cells indicated a sensitivity of 67% and 36% for detecting Delta and Omicron, respectively (25).

The effect observed in the decrease of viral loads (higher Cq-values) in Chile may be due to the massive vaccination of the population. To date, it reaches more than 91% population with a complete schedule (26). This may suggest that in countries with high vaccination rates, the effect could be the same, thus increasing the number of false negatives in using RATs with lower sensitivity. Therefore, this study suggests limiting the use of some RATs in the current wave of Omicron in Chile and the rest of the world because they do not meet the minimum sensitivity criteria of 80%, according to the WHO (10). Contrary to the high percentage of detection that we report for Clinitest® in low viral loads (Cq > 25), other reports have reported 0% detection for the same range of values, even in Omicron-viral loads of the order of 105, where according to our data, Clinitest® had almost 94% detection. These differences may be due to the additional initial treatment of the NPSs performed by Bayart et al. (4). In fact, and according to our data, Clinitest® had almost 94% detection. Regardless of the detection of the Omicron variant, our results are similar to those reported by Merino-Amador et al. (27), who indicated a sensitivity of 98% in samples Cq < 25 and 80% in NPSs Cq>25, without prior maintenance or dilution with viral transport medium. Our results are almost similar to the Siemens Healthineers manufacturer, which reports a 97% detection rate for Omicron. However, the ranges of Cq analyzed were not indicated (28).

Notably, the Panbio™ and Clinitest® RATs do not have instructions for evaluating NPSs contained in viral transport medium. Therefore, the observed results, although consistent with what is reported in the literature, reflect a dilution of the NPSs. This can shift Cq values up to 3 cycles. For example, for the Panbio™ RAT, the manufacturers claim a sensitivity of 99% Cq ≤ 33, therefore, they recommend not using Cq > 29 samples when they are contained in a viral transport medium (29). Although validation studies of Panbio™ using NPS in transport buffer were reported, the results indicated an overall sensitivity of 72.6%, without showing the variant of SARS-CoV-2 used (30), in any case, the results shown for Panbio™ and Clinitest® are higher to those demonstrated by SD Biosensor-Roche, who, despite having instructions to measure NPSs in viral transport medium and sample dilution, had the lowest performance of the analysis. Importantly, our results were consistent even though in our evaluation of the Panbio™ and Clinitest® RATs we did a dilution (NPSs maintained in viral transport medium) prior to the analysis of the sample. Accordingly, de Michelena et al. (22) reported a sensitivity of 92.6% in Cq < 25 for Omicron in undiluted NPSs in viral transport medium. While in some cases, we had better results in the sensitivity of Clinitest®, even when we conducted the analysis from a viral transport medium, where some reports indicated up to 0% sensitivity to detect Omicron at Cq > 25 (4). An important point to consider is that the NPSs were kept at −80°C immediately after their analysis by RT-PCR. These were thawed for evaluation by the different RATs. While this may affect the integrity of the SARS-CoV-2 N protein, one thaw cycle is unlikely to affect the overall result of our study. Our results suggest that the sensitivity of the RATs decreases concerning the viral load and not to the Omicron variant because, at high viral loads, detection even reaches 100%.

This study is the first report that analyzes some of the main RATs used in the public health system in Chile to detect Omicron. Taking into consideration our results come from NPSs, it is necessary to evaluate the RATs from manufacturers that use saliva samples, which have also been widely used, especially in hospitalized patients (31), where their sensitivity is even lower compared to NPSs (32). In Chile, public health policies establish that performing RT-PCR is mandatory in case of negative results obtained from RAT. However, it is unclear the number of patients involved in this procedure and whether this protocol is effectively applied to all NPSs. Likewise, it is recommended that after 2 years of the COVID-19 pandemic, health organizations analyze the efficiency and sensitivity of RATs since viral loads are increasingly low, and their high sensitivity for Cq < 25 could decrease, especially against new viral variants. Taking together, the results obtained for the three RATs assessed under our experimental conditions provide helpful information for possible decision-making in public health policies at the local and global level.
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Background: Since February 2022, a new Omicron wave of COVID-19 emerged in Shanghai, China. Many healthcare workers came to Shanghai from hospitals of other parts of China as aid workers. Hospitals in areas with mild COVID-19 outbreaks will inevitably be understaffed, it is likely to cause job burnout of stay-behind healthcare workers. Stay-behind healthcare workers were those who had not been dispatched to support COVID-19 prevention and control in other regions. This study was designed to evaluate the burnout among stay-behind healthcare workers in the current COVID-19 Omicron wave in Taizhou, China.

Methods: A population-based, anonymous, cross-sectional online survey was designed in the Wen-Juan Xing platform. The survey was sent to all stay-behind healthcare workers of the hospital (n = 1739) from April 29 to May 3, 2022. The Maslach Burnout Inventory-General Survey (MBI-GS) was used for the burnout survey. For univariate analysis, the χ2 test and one way ANOVA were used to assess differences in categorical variables and continuous variables, respectively. The effect of independent associated risk factors on each type of burnout was examined using the multinomial logistic regression model.

Results: A total of 434 participants completed the survey invitation effectively. A total of 71.2% of stay-behind healthcare workers experienced burnout during COVID-19, including 54.8% experiencing mild to moderate burnout and 16.4% experiencing severe burnout. Night shift, depression, social support, positive coping and number of children appeared to be significantly related to mild to moderate burnout. Night shift, depression, social support, positive coping, number of children, professional title, and anxiety appeared to be significantly related to severe burnout.

Conclusion: Job burnout among stay-behind healthcare workers was an important problem during the current Omicron wave of COVID-19. Night shift, depression, social support, positive coping, and number of children were associated with mild to moderate and severe burnout. Anxiety and professional title were associated with severe burnout.

KEYWORDS
burnout, COVID-19, stay-behind, healthcare, workers


Introduction

Job burnout refers to a comprehensive symptom of excessive physical and mental consumption and energy exhaustion caused by long-term work pressure (1, 2). Medical staff experience high work intensity, heavy social responsibility, high occupational risk, and high incidence of occupational burnout (3). Healthcare workers’ burnout has been reported to be associated with the failure to rescue (4), low patient care quality (5), and job dissatisfaction (6). Job burnout affects the physical and mental health of medical staff (1), and the quality of medical and health services (3).

Since February 2022, a new Omicron wave of COVID-19 emerged in Shanghai, China. There were 601,942 novel COVID-19 cases and 503 deaths by May 4, 2022 (7). The unprecedented efforts of healthcare workers from Shanghai and other cities, efforts of other frontline workers and a comprehensive strategy to combat COVID-19 has led to considerable results (8). Healthcare workers who came to Shanghai from other parts of China are playing an important role in this fight.

However, hospitals in areas with mild COVID-19 outbreaks will inevitably be understaffed because of the dispatching of medical personnel. As sufficient replacement personnel cannot be recruited in a short period, the work originally undertaken by the dispatching medical personnel has to be performed by the stay-behind healthcare workers. The sudden increase in their workload is a dual physical and psychological challenge, which is likely to cause job burnout (1, 9). Studies have shown that workload (9), age (10), family income (10), the frequency of night shifts (11), emotional problems such as anxiety and depression (12, 13), coping style (14), having physical diseases (10) were considered risk factors for job burnout among healthcare workers.

At present, there is no research on burnout among stay-behind healthcare workers during COVID-19, and this study aims to fill this gap in research.

In this study, stay-behind healthcare workers in Taizhou, Zhejiang province were selected as the research subjects to explore the prevalence of burnout during the current Omicron wave of COVID-19 and identify the individual and job-related determinants of burnout, along with COVID-related factors.



Materials and methods


Study design and participants

A population-based, anonymous, cross-sectional online survey was designed in the WeChat-incorporated Wen-Juan Xing platform (Changsha Ranxing Information Technology Co., Ltd., Hunan, China). The participants were healthcare workers at a hospital in Taizhou, China. Data was collected from April 29 to May 3, 2022. The survey was sent to all stay-behind healthcare workers of the hospital (n = 1,739). A total of 434 participants completed the survey invitation effectively, with a response rate of 25.0%. This study exempted informed consent and was approved by the Ethics Committee of Taizhou Hospital, Zhejiang Province, China (Approval number: K20220410). All procedures were conducted according to the guidelines of our institutional ethics committee and the principles of the Declaration of Helsinki. We performed a logical check of data, excluding those who answered within 200 s. Information about all participants was stored anonymously.



Measurement instruments


Demographic data

This survey included general demographic data and one questionnaire. The questionnaire included 48 items divided into six parts: general situation, job burnout, anxiety, depression, social support, and coping style. The general information included gender, age, working years, department, marital status, education level, professional title, number of children, living conditions of parents, working position, night shifts, and willingness to fight COVID-19. We converted some continuous variables into categorical variables for the convenience of analysis. We divided working years into two categories: < 10 years and ≥ 10 years; number of children into three categories: 0, 1, and ≥ 2; job position into two categories: first and second level, third and fourth level.



Maslach Burnout Inventory-General Survey

Burnout was measured by the Maslach Burnout Inventory-General Survey (MBI-GS) (2), which was previously translated into Chinese and has shown good reliability and validity in a Chinese sample. The scale included 15 items in three dimensions of emotional exhaustion (EE), depersonalization (DP) and reduced personal accomplishment (PA), each with 7-point Likert-type, frequency response scale (0 = never, 1 = a few times a year or less, 2 = once a month or less, 3 = a few times a month, 4 = once a week, 5 = a few times a week, 6 = every day) (2). Burnout score = [0.4 × EE + 0.3 × DP + 0.3 × (6–PA)], < 1.5 points indicates no burnout, 1.5–3.5 points indicate mild to moderate burnout, ≥ 3.5 points indicates high burnout (15). The overall Cronbach’s α coefficient of the scale was 0.859, and the Cronbach’s α coefficient of each dimension ranged from 0.872 to 0.944, indicating that the internal consistency reliability of the scale was good (16).



Self-rating anxiety scale

The scale was compiled by professor of Duke University in the United States and contains 20 items (17). Likert grade 4 scoring method was used for each item. The scores of all items in the 20 items were added up to obtain the total score, and then the total score was multiplied by 1.25 to obtain the integral part, which is the standard score. Standard score < 50, no anxiety; 50–59 are classified as mild anxiety; 60 ∼ 69 were divided into moderate anxiety; A score ≥ 70 is considered as severe anxiety. The Cronbach’s α coefficient is 0.876.



Self-rating depression scale

The scale was compiled by professor of Duke University in the United States and contains 20 items (18). Likert grade 4 scoring method was used for each item. The scores of all items in the 20 items were added up to obtain the total score, and then the total score was multiplied by 1.25 to obtain the integral part, which is the standard score. Standard score < 53 was no depression; 53–62 were classified as mild depression; 63–72 were classified as moderate depression; ≥ 73 was classified as severe depression, and the Cronbach’s α coefficient of the scale was 0.896.



Measurement of perceived social support

The Perceived Social Support Scale (PSSS), comprising of 12 items scored on a 7-point rating scale (1 = very strongly disagree, 7 = very strongly agree), was used to measure the perceptions of social support received from three sources: family, friends and others (19). The higher the score, the higher the level of social support perceived by an individual. The scale has a good internal reliability (20). The Cronbach’s alpha for PSSS in this study was 0.980.



Measurement of coping style

Coping was evaluated by the Simplified Coping Style Questionnaire (SCSQ), which was developed based on the coping styles cognitive theories (21), has been proven to have a good reliability and validity in previous study (22). It consists of 20 items to identify the attitude or potential actions that an individual will adopt when experiencing setbacks or difficulties. Each item was rated on a four-point scale ranging from 0 (never) to 3 (very often). The dimensions of the questionnaire include positive coping style (12 items) and negative coping style (8 items). Higher scores indicate preference of adopting the relevant coping style. The Cronbach’s alpha for this sample was 0.920.




Statistical analysis

We converted continuous data, such as age and working time, to classified data. For univariate analysis, the χ2 test and one way ANOVA were used to assess differences in categorical variables and continuous variables, respectively. Multinomial logistic regression is the extension of binary logistic regression when the categorical -dependent outcome has more than two levels. This method was also used to provide a set of coefficients for each of the two comparisons of burnout and to investigate the independence of factors associated with the prevalence of burnout. All data were analyzed using IBM SPSS Statistics software (version 26.0; SPSS Inc., Chicago, IL, USA). A P-value less than 0.05 was considered statistically significant.




Results

A total of 309 (71.2%) of the 434 stay-behind healthcare workers experienced burnout during COVID-19, with 238 (54.8%) reporting mild to moderate burnout, and 71 (16.4%), severe burnout, as shown in Figure 1. The personal and job characteristics of participants are shown in Table 1. It included 374 females and 60 males; the average age was 34.13 ± 7.54 years. Among them, 58.5% had worked for more than 10 years. The highest education level of 85.3% was a bachelor’s degree and above.
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FIGURE 1
Prevalence of burnout among stay-behind healthcare workers.



TABLE 1    Demographic characteristics and burnout among stay behind healthcare workers (n = 434).
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Among the participants, 70.3% were married, 39.2% had one child, 29.5% had two or more children, and 59.9% were living with a parent. Regarding professional titles, 47.5% had junior technical, 32.7% had intermediate technical, and 19.8% had senior technical titles. Moreover, 31.6% were in first or second-level positions, indicating that they were the head or deputy head of a medical team and 68.4% were in third or fourth-level positions, indicating that they were important team members. The vast majority (87.6%) were working night shifts.

The prevalent depression was 36.2% (157/434), wherein mild, moderate, and severe were 21.9% (95/434), 13.1% (57/434), and 1.2% (5/434), respectively. The proportion of anxiety was 21.9% (95/434), wherein mild, moderate, and severe accounted for 15.2% (66/434), 4.8% (21/434), and 1.8% (8/434) of participants, respectively.

According to the PSSS, the average social support score for all participants was 66.27 ± 15.00. This score for participants with mild to moderate burnout was 62.70 ± 15.90, with severe burnout was 62.31 ± 13.90, and without burnout was 75.33 ± 8.79. According to the SCSQ, the average positive coping score was 2.15 ± 0.63, this with mild to moderate burnout was 2.00 ± 0.64, with severe burnout was 1.99 ± 0.62, and without burnout was 2.53 ± 0.41. The average negative coping score was 1.40 ± 0.65.

Table 1 also shows that mild to moderate burnout and severe burnout among stay-behind healthcare workers were related to working years (P = 0.011), number of children (P = 0.046), professional title (P = 0.001), job position (P = 0.007), night shift (P = 0.019), depression (P < 0.001), anxiety (P < 0.001), age (P = 0.003), social support (P < 0.001), positive coping style (P < 0.001).

The effect of independent associated risk factors on each type of burnout was examined using the multinomial logistic regression model. As presented in Table 2, after adjustment for confounding factors, social support [odds ratio (OR) 0.941, 95% CI 0.910–0.972], positive coping (OR 0.283, 95% CI 0.141–0.565), number of children (1 vs. ≥ 2, OR 1.902, 95% CI 1.00202, 95of children (1 ding vs. no, OR 2.681, 95% CI 1.255–5.714), depression (yes vs. no, OR 3.378, 95% CI 1.527–7.463) appeared to be significantly related to mild to moderate burnout. Social support (OR 0.941, 95% CI 0.905–0.979), positive coping (OR 0.286, 95% CI 0.121 950.941, 95cialof children (1 vs. ≥ 2, OR 4.047, 95% CI 1.594–10.272), professional title (junior vs. senior, OR 11.914, 95% CI 1.787–79.428; intermediate vs. senior, OR 6.452, 95% CI 1.345OR 6.452, 955title (junior vs. no, OR 4.202, 95% CI 1.266–13.889), depression (yes vs. no, OR 4.065, 95% CI 1.508–10.989),anxiety (yes vs. no, OR 7.407, 95% CI 2.387–23.256) appeared to be significantly related to severe burnout.


TABLE 2    Multinomial Logistic regression analysis of burnout among stay behind healthcare workers during COVID-19 pandemic (n = 434).
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Discussion

The study yielded several findings: (1) Due to the serious epidemic in Shanghai, many medical workers have been transferred from different parts of China to help Shanghai during the current Omicron wave of COVID-19 in 2022. As a result, the burnout of stay-behind healthcare workers is moderate. Of the participants, 71.2% suffered from burnout, including 16.4% with severe burnout and 54.8% with mild to moderate burnout. (2) Of the participants, 21.9% suffered from anxiety and 36.2% from depression. (3) Night shift, depression, social support, positive coping, and number of children were associated with mild to moderate burnout. Night shift, depression, anxiety, social support, positive coping, number of children and professional title were associated with severe burnout.

This study found that the prevalence of job burnout among stay-behind healthcare workers in China was 71.2% during the Omicron wave in 2022, which was significantly higher than the prevalence of burnout among frontline medical staff of China during COVID-19 in many previous studies (9, 10, 23, 24). As illustrated in Table 3 (9, 10, 23–32), the prevalence of job burnout varies significantly across different regions and stages of COVID-19, which may be related to the economic and salary levels of different regions, as well as the importance that the public attaches to medical staff and the sense of professional achievement of medical staff. Many previous studies (9, 24) focused on frontline medical staff fighting COVID-19 while ignoring the potential medical risks caused by job burnout of stay-behind medical staff. It is reasonable to infer that with the evolution of COVID-19, many medical staff members had been transferred to the frontline of epidemic prevention and control, leading to a shortage of staff in hospitals. The stay-behind medical staff need to finish their work and that of the dispatched personnel. They have a particularly high incidence of burnout as they struggle to cope with the increased workload caused by the increased complexity of the COVID-19 response strategy.


TABLE 3    The estimates of burnout among healthcare workers during COVID-19 pandemic from different cross-sectional studies.
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We found that 16.4% of the stay-behind medical staff suffered from severe job burnout, which indicated that some were suffering from a series of unhealthy states, such as depression, decreased sense of achievement and enthusiasm for work, as well as physical and mental exhaustion (1, 9). The persistence of such states can affect their physical and mental health and lead to a decline in their enthusiasm for work (9). This affects the implementation of various prevention and control measures during the normal prevention and control period of COVID-19, resulting in unpredictable consequences.

Night shift is one of the characteristics of medical jobs, which refers to the non-daily work hours. Some studies on its impact on the physical and mental health of medical staff found that working night shifts for a long term can induce many physiological and psychological diseases caused by the disorder of the circadian rhythm (11, 33). In this study, 87.6% of stay-behind medical staff had to work night shifts. Among them, 56.1% suffered from mild to moderate burnout, 17.4% suffered from severe burnout. While among those who did not work night shifts, it is 46.3 and 9.3%, respectively. And their differences were statistically significant. This may be because of the need to deal with all kinds of conditions independently during the night shift. The majority of patients at night need urgent care, which adds to the heavy work responsibilities. Studies have shown that the higher the frequency of night shifts, the more serious the burnout (11). According to a previous study, with the gradual increase of night shift duration, the burnout level and turnover intention of nurses also gradually increased. Considering the night shift duration of 8–9 h as the control, the turnover intention of those with the duration of 10–11 h, 12–13 h and more than 13 h were different. People with a night shift duration of more than 13 h have the highest level of job burnout and turnover intention (34), indicating that reasonable arrangement of duration is an important factor to manage job burnout.

Medical staff with job burnout will have anxiety, depression, and other negative emotions because of continuous work pressure. Meanwhile, emotional problems such as anxiety and depression are considered risk factors for job burnout (12). This study found that among the stay-behind medical staff, 63.8% accounted for non-depressed and 21.9, 13.1, and 1.2% accounted for mild, moderate, and severe depression, respectively. The overall incidence rate was 36.2%. Multinomial logistic regression analysis showed that depression was significantly associated with mild to moderate burnout and severe burnout, anxiety was associated with severe burnout. The severity of depression and anxiety among medical staff is closely related to job burnout, which is consistent with many studies (13, 35).

Social support, coping style, and burnout are important influencing factors of psychological stress (36). Coping style, and job burnout were risk factors of anxiety (37). Our study showed that better social support was associated with a lower incidence of job burnout among the stay-behind medical staff. We can speculate that targeted social support, such as increasing positive publicity, more psychological support, and a salary hike, can reduce the occurrence and development of job burnout and ensure the quality of medical treatment. It also showed that a positive coping style was significantly associated with a lower incidence of job burnout. Positive reinterpretation, an emotion-focused coping style, was a predictor of reduction of significant clinical anxiety (38), which is consistent with the results of our study. The guided application of positive coping styles may play a role in protecting the mental health of healthcare workers during their fight against the huge number of infectious diseases affecting society worldwide (38). Task-oriented coping was associated with decreased risk of burnout, while emotion-oriented coping was associated with increased risk (14). Coping style intervention may reduce burnout, while leading to improvement in medical staff’s wellbeing and patient outcomes.

Study had shown that living with one or more children at home was protective factor of burnout among healthcare workers (39). But in our study, we found that stay-behind healthcare workers with one child were more likely to suffer mild to moderate and severe burnout than those with two or more children. Further studies with large samples may be needed to clarify this issue.

A systematic review and meta-analysis of burnout among doctors show that professional title influenced burnout (40). It was based on 12 studies, including 6,320 doctors provided data pertaining to professional title (40). This is consistent with our findings: professional title were associated with severe burnout. This may be because stay-behind healthcare workers with junior and intermediate professional titles undertook most of the basic clinical work.



Clinical perspectives


•The study evaluated burnout during the current Omicron wave of COVID-19 among stay-behind healthcare workers in Taizhou, China.

•In the prevention and control of COVID-19, some stay behind medical staff have been taking up a heavy load for a long time, further aggravating the risk of job burnout. To reduce the job burnout of stay-behind healthcare workers, hospital managers should focus on those who work night shifts as well as those who have depression tendencies, poor social support, one child, and non-positive coping styles. To reduce the severe burnout of stay-behind healthcare workers, hospital managers should also focus on those who have anxiety tendencies, junior and intermediate professional title. More rational shift schedules should be strictly enforced to reduce night shifts and workloads of frontline personnel. Targeted social support should be implemented, such as increasing positive publicity, providing more psychological support, and increasing salary, to reduce the occurrence and development of job burnout and ensure medical quality. Meanwhile, positive reinterpretation and task-oriented coping style intervention may reduce burnout, while leading to improvement in staff well-being and patient outcomes.





Limitations

This study had several limitations. First, the data was obtained from a single tertiary hospital in China, and hence, findings may not apply to all stay-behind healthcare workers in China. Second, generalization requires a causal relationship. Third, the online data collection method is a limitation, which could potentially lead to over-reporting burnout among stay-behind healthcare workers. Fourth, our questionnaire did not account for all possible risk factors related to job burnout of stay-behind medical staff, such as the working hours, and salary; thus, the research results may be biased. Finally, the response rate was relatively low (25.0%), considering that the average age of the respondents was 34.13 ± 7.54 years, perhaps it is because some older medical staff are reluctant to participate in our questionnaire, as it is a relatively new thing in China. Since the survey respondents were likely to be younger than the general population of healthcare workers, it may result in selection bias.



Conclusion

Job burnout among stay-behind medical workers was moderate during the current Omicron wave of COVID-19 in 2022. Night shift, depression, social support, positive coping, and number of children were associated with mild to moderate and severe burnout. Anxiety and professional title were associated with severe burnout. To alleviate burnout, government and hospital managers should consider intervening in these risk factors.
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The variant of concern (VOC) SARS-CoV-2 Omicron (B.1.1529) has been described as a highly contagious variant but less virulent than the current variant being monitored (VBM) Delta (B.1.617.2), causing fewer cases of hospitalizations, symptomatology, and deaths associated with COVID-19 disease. Although the epidemiological comparison of both variants has been previously reported in other countries, no report indicates their behavior and severity of infection in Chile. In this work, we report for the first time the effect of the Omicron and Delta variants in a cohort of 588 patients from the Hospital de Urgencia Asistencia pública (HUAP), a high-complexity health center in Santiago, Chile. This report is framed at the beginning of Chile's third wave of the COVID-19 pandemic, with a marked increase in the Omicron variant and a decrease in the circulating Delta variant. Our results indicated a similar proportion of patients with a complete vaccination schedule for both variants. However, the Delta variant was associated with a higher prevalence of hospitalization and more significant symptomatology associated with respiratory distress. On the other hand, our data suggest that vaccination is less effective in preventing infection by the Omicron variant. This antecedent, with a low severity but high contagiousness, suggests that the Omicron variant could even collapse the primary health care service due to the high demand for health care.
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Introduction

The appearance of the Omicron variant (B.1.1529) was listed as a variant of concern (VOC) by the World Health Organization (WHO) on November 26, 2021 (1). Since then, it has substantially threatened public health and pandemic control through the immune system's evasion and vaccine protection efficacy (2). This variant has a higher affinity for the human angiotensin-converting enzyme 2 (ACE2) compared to the Variant Being Monitored (VBM; classified on April 14, 2022, by the WHO, ceasing to be VOC) Delta (B.1.617.2) (3). Omicron stands out a higher number of mutations in the spike protein (4), which allows a greater infective process and immune evasion. The detection of the Omicron variant co-occurred in several countries in November 2021, with the first case reported in South Africa on November 24, 2021. In Chile, the first documented case of the Omicron variant was identified on November 25, 2021, and was initially considered a variant of public health concern (5). Since then, it took place a sustained and explosive increase in the Omicron variant, doubling the total number of confirmed cases in less than a year and displacing the Delta variant from the 52nd epidemiological week of 2021(December 2021 to January 2022) (5).

Worldwide, the infectivity of the Omicron variant has reached levels higher than those presented in the first wave of SARS-CoV-2, with fewer associated deaths than other variants but more infections per million population (6). While several reports have confirmed the overall lower virulence of this variant compared to Delta (7–9), some waves of infections related to the high spread of Omicron have generated more mortality than reported for the Delta variant, even in the vaccinated population (10). One of the public health policies followed by several countries to counteract the incidence in epidemiological reports of circulating variants is the booster dose vaccination. Several reports indicate that booster doses significantly reduce the symptomatology and severity of disease for the Delta and Omicron cases (11, 12), and increase the immune efficacy compared to the complete vaccination schedule. In Chile, the population vaccinated over the 18 years showed coverage of 93.58% for the first dose, 91.94% for the second dose, and 78.21% for the booster dose (13). CoronaVac (Sinovac Life Science) and BNT162b2 (Pfizer BioNTech) vaccines were administered as first and second doses, while BNT162b2 and ChAdOx1 (Oxford/AstraZeneca) vaccines were administered as booster doses (13). On December 2, 2021, Chile became the country with the highest booster vaccination rate in the world (14).

This study is the first report describing the epidemiological, severity, and symptomatologic characteristics of the VOC Omicron and VBM Delta variants in vaccinated and unvaccinated patients treated at the Hospital de Urgencia Asistencia Pública (HUAP), a high-complexity hospital in Santiago, Chile. Our results indicate a lower prevalence of hospitalization in patients infected with the Omicron variant and a higher prevalence of hospitalization in patients infected with Delta. Symptomatology was similar in both variants; however, shortness of breath and loss of taste and smell were more significant in patients infected with the Delta variant. The behavior of the variants and vaccination is an issue that needs to be addressed in each country and locality because they may behave differently than previously reported in other studies regarding the vaccination schedule and public health policies.



Materials and methods


Samples and COVID-19 PCR testing

Nasopharyngeal swab samples (NPSs) were taken from patients who were treated in Hospital de Urgencia Asistencia Pública (HUAP) and treated in other Health centers from Servicio de Salud Metropolitano Central (SSMC) in Santiago de Chile, Metropolitan región.

Samples were analyzed in the Molecular Laboratory of HUAP and the Laboratory of Virology at the Universidad de Santiago de Chile, previously certified by the Chilean Ministry of Health to diagnose SARS-CoV-2 by the RT-qPCR during the pandemic. In HUAP, the SARS-CoV-2 detection was performed using the Allplex™ SARS-CoV-2 Assay kit (Seegene Inc., Seoul, South Korea) according to the manufacturer's instructions. While in Universidad de Santiago de Chile was performed using the ORF1ab gene probe (TaqMan™ 2019nCoV Assay Kit v1 (Thermo Fisher Scientific, part no. A47532) using a one-step strategy as previously reported (15).



Tracking SARS-CoV-2 variants and waves of infections

The data of variants of SARS-CoV-2 reported by genomic sequencing in Chile were obtained from the open-access platform GISAID after registration and verification (https://www.gisaid.org/). Dataset of RT-qPCR tests and positive cases for the Metropolitan Region of Chile were obtained from the public repository (Ministerio de Ciencia, Tecnología, Conocimiento e Innovación, Government of Chile; https://www.minciencia.gob.cl/covid19/). Data were analyzed by custom software written in Python 3.0.



Epidemiologic analysis

The epidemiological and demographic analysis was performed using the clinical database provided by the Hospital de Urgencia de Asistencia Pública (HUAP). We analyzed the data generated between November 29, 2021, and January 24, 2022. This includes the first weeks of the third wave of infections registered in Chile, which took place between January and the end of March 2022. Epidemiological and symptomatologic data were obtained from the anamnesis performed in the HUAP Emergency Unit. The information concerning the vaccination status was consulted on the National Immunization Registry (NIR) platform (Ministry of Health; Government of Chile). The databases for the analyses were obtained and stored using the Research Electronic Data Capture (REDCap) software.



Omicron and Delta genotyping

Viral RNA from samples diagnosed as SARS-CoV-2 positive were genotyped by RT-qPCR. We used the Allplex™ SARS-CoV-2 Variants I (Cat No. RV10286X) and II (Cat No. RV10305X) Assay Kits (Seegene Inc., Seoul, South Korea) according to the manufacturer's instructions. The kit I detects E484K, N501Y, and HV69/70 mutations, while kit II detects L452R, W152C, K417T, and K417N mutations. The combination of the HV69/70, N501Y, and K471N deletion indicates genotyping of the VOC Omicron variant (B.1.1529). In contrast, the combination and detection of L452R and K417N mutations in the NPSs indicate the presence of the VBM Delta variant (B.1.617.2).



Statistical analysis

Chi-square analysis was performed to analyze the epidemiological, clinical and vaccination characteristics of the patients studied. Z-test was performed for symptom analysis. A p < 0.05 was considered statistically significant. The analyzes were performed using GraphPad Prism 8.0.2 software.



Ethics statement

This study was authorized by the Ethical Committee of the University of Santiago of Chile (No. 226/2021) and the Scientific Ethical Committee of the Central Metropolitan Health Service, Ministry of Health, Government of Chile (No. 79/2022), and following the Chilean law in force.




Results


Prevalence of hospitalization in patients performed with the Omicron and Delta variant

We analyzed the prevalence of the variant of concern (VOC) Omicron and the variant being monitored (VBM) Delta from June 2021 to March 2022. For this purpose, we used the SARS-CoV-2 genomic sequences information reported for Chile in the Global initiative on sharing all influenza data (GISAID) (16). The progression over time of the most relevant SARS-CoV-2 variants is showed in Figure 1A. The Delta variant began to decrease steadily in the Chilean population in mid-December 2021. Remarkably, the Omicron variant increased in the same trend as the Delta variant, although in the opposite direction. In the study period (November 2021 to January 2022), the main Omicron subvariants circulating in Chile were BA.1 and BA.1.1 (Figure 1B). At the same time, the main subvariants of Delta corresponded to AY.43, AY.4, and AY.25 (Figure 1C). Genotyping of SARS-CoV-2 variants only indicated the presence of Omicron or Delta without specifying the subvariant involved in each infection. This data indicates that, at the epidemiological level, the Delta variant was displaced by the Omicron variant. Moreover, the Omicron variant has been present in most infected populations since November 2021 (Figure 1). This antecedent acquires particular relevance when we observe the whole progression of the pandemic. In this context, the third wave was characterized by an increase in positivity from January 2022, whose infection peak was observed in February 2022 (Figure 2). Our data show that this peak in the third wave of pandemic infection coincides with the positioning of the Omicron variant as the clearly predominant and even almost exclusive because the no register of other main circulating variants at that time.


[image: Figure 1]
FIGURE 1
 Prevalence of SARS-CoV-2 variants in Chile. The frequency of SARS-CoV-2 genomes identified in Chile was obtained from the GISAID webpage. (A) The circulation frequency of the main variants of SARS-CoV-2 genomes data sequenced in Chile. (B) The circulation frequency of the Omicron subvariants sequenced in Chile. (C) The circulation frequency of the Delta subvariants sequenced in Chile. The black line shows the study period from November 2021 to January 2022. The data for the Omicron variant is available only since January 2022 in the GISAID webpage.
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FIGURE 2
 Positivity of COVID-19 in the Metropolitan Region of Santiago. The positivity (%) in the Metropolitan region is shown from April 2020 to April 2022. The first wave is indicated between the months of April and July 2020, the second wave corresponds between March 2021 and the end of July of the same year, while the third wave of infections begins between the months of January 2022 and April 2022.


We evaluated the epidemiological characteristics induced by Omicron and Delta variants at this time. For this purpose, we analyzed a cohort of patients obtained from the Hospital de Urgencia de Asistencia Publica (HUAP), a highly complex health center in Santiago de Chile, between weeks 48 of 2021 (November 29, 2021) until week 4 of 2022 (January 24, 2022). The 3,162 diagnostic tests from Nasopharyngeal Swab Samples (NPSs) showed positivity of 22.3% (705 positive cases). Then, 588 NPSs were genotyped because they passed the criteria of a quantification cycle (Cq) lower or equal to 35. The results determined that 534 NPSs (90.5%) corresponded to the Omicron (B.1.1529) variant, while 54 (9.1%) samples to Delta (B.1.617.2) variant. On the other hand, one sample was identified as Alpha (B.1.1.7) and Gamma (P.1) variants (0.2%, respectively) (Supplementary Figure 1).

The median age distribution of infected patients was similar for both variants. The cases reported in patients infected with the Omicron variant were significantly higher in women than in men. In contrast, the male gender presented a higher prevalence of infection with the Delta variant (X2 = 3.920, p < 0.05) (Table 1). We then analyzed the number of hospitalizations as a critical factor in determining the severity of infection of the variants analyzed. We determined that 5.2% (32 patients) were hospitalized for COVID-19, registering 4.6% and 14.8% of patients infected with the Omicron and Delta variants, respectively (X2 = 5.92, p < 0.01; Table 1). Although patients infected with the Delta variant represented less than those infected with Omicron, the relationship and proportionality indicate that patients infected with Delta are 3.4 times more likely to need to be hospitalized (with oxygen requirement) in healthcare centers (Table 1). Only one death was reported from the total cohort analyzed, corresponding to a patient infected with Omicron, representing a 0.2% death associated with this variant, compared to 0% reported for Delta (Table 1). Accordingly, the lack of mortality data makes it possible to perform a comparative analysis between patients infected with Omicron and Delta variants. The data suggest that the Omicron variant causes less severe COVID-19 than the Delta variant (according to the analysis of hospitalizations and oxygen requirements).


TABLE 1 Epidemiological characteristics of patients infected with the Omicron and Delta variant from a cohort of patients belonging to the Hospital de Urgencia Asistencia Pública (HUAP), Santiago, Chile.
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Effect of vaccination on contagion by the Omicron and Delta variant

It is striking that vaccination does not seem to be a relevant factor in such cases. Both groups had similar vaccination percentages with a complete schedule of two doses (23.8% and 25.9% for Omicron and Delta cases, respectively). Almost 50% of those infected with the Omicron variant received a booster dose, while 33% of cases infected with Delta received it. We found no differences between the effect of two doses and one dose on the prevalence of infection by the Omicron or Delta variant. We also found no differences between the effect of a booster dose after a complete vaccination schedule (two doses) on the prevalence of infection by one variant or another (Table 2). However, our analysis indicated that vaccination helps reduce the spread of the Delta variant in the Chilean population. On the other hand, our data suggest that vaccination is less effective in preventing infection by Omicron because of the total number of patients infected by Omicron (86% of the reported cases vaccinated with at least one dose) (Table 2). These data suggest that vaccination has low effectiveness in preventing Omicron from spreading.


TABLE 2 Effect of each vaccination dose on the prevalence of Omicron and Delta variant infection in a cohort from Santiago of Chile.
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The distribution of the symptoms generated by the Omicron and Delta variants was similar in almost all the symptoms. However, in patients infected with the Delta variant, there was a significant increase in respiratory distress (dyspnea) and loss of taste and smell (Anosmia/Ageusia), with a prevalence of approximately 10% more than the symptoms generated by the infection (Table 3). We hypothesize that the higher prevalence of hospitalizations for patients with Delta variant could be related to a most significant symptomatology of dyspnea.


TABLE 3 Symptomatologic characteristics associated with patients infected by Omicron and Delta variant in a cohort from Santiago of Chile.
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Discussion

Previous studies have reported comparative epidemiological studies on the severity and virulence-associated with infection by SARS-CoV-2 Omicron and Delta variants. For example, Bouzid et al. (17), indicated that the Omicron variant infection was associated with a lower risk of admission to the intensive care unit (ICU) and death compared to the Delta variant, which induced more significant respiratory problems and 11% more cases of hospitalizations in patients residing in the Metropolitan area of Paris, France. Another analysis conducted in UK concluded that Omicron infections were less severe than those caused by Delta, even in unvaccinated patients. However, severity was directly proportional to age, and vaccination was less effective in preventing Omicron infections (11). This same effect has been reported even in pediatric patients under 5 years of age (18). By contrast, some studies in the USA have reported the opposite effect, where the Omicron variant causes more mortality (10). Sometimes suggesting a substantial increase in mortality even for a variant classified as less virulent. However, more studies confirm the low severity of Omicron compared to Delta, because of less involvement of the lower respiratory tract. This low virulence of Omicron has led countries to reconsider the current public health policies for fewer health restrictions on the population (19). Despite all the reproduced epidemiological reports on the virulence of both variants of SARS-CoV-2 in infected patients from different countries, with different vaccination strategies and population genetic backgrounds, no report describes the same situation in the Metropolitan Region of Santiago de Chile.

In this work, we compare the epidemiological characteristics associated with the COVID-19 disease generated by the Omicron and the Delta variant in a cohort of the Public Assistance Emergency Hospital (HUAP), a high-complexity health center in Chile. Our results indicate that the Omicron variant generally results in less severe disease, with less risk of hospitalization than that caused by the Delta variant. These data were associated with symptoms of respiratory distress and loss of smell and taste in more than an 10% of the cases infected with Delta variant. In terms of immunization, the cohort presented 86% and 66% with at least one dose of vaccine in those infected with Omicron and Delta, respectively. This suggests the low effectiveness of vaccines to prevent infections by Omicron. According to data from the Ministry of Health, since January 2022, this variant has become the predominant one in Chile, representing 100% of the circulating virus to date (5).

Current information allows us to determine that the Omicron variant has a lower infective capacity in the lower respiratory tract (20). These disease characteristics induce less damage to the airways and lungs. Omicron infection generally allows outpatient clinical management, unlike previous variants such as Gamma and Delta, where hospitalization and higher mortality were characteristics of high lower respiratory and pulmonary compromise (21, 22). Our clinical data extends those presented by Maisa et al. (23) and obtained in France for the first cases of infection by this variant. The authors indicate a mild clinical representation of the manifestation by Omicron and constant genomic surveillance of the country. Similar to South Africa, the data generated suggested a reduction in disease severity in adults with Omicron infections (24). Compared to the Delta variant, cohort reports generated in Norway, Canada, Germany, and the UK also described the same results with reduced hospitalization and deaths (9, 11, 25, 26). Therefore, and it has been determined in other countries, the Omicron variant has shown high contagiousness, demonstrated by increases in the disease rate well above those defined in different waves. Our findings were consistent with the reports of the different countries. In Chile, at the end of January 2022, 93.4% of confirmed positive cases were associated with the Omicron variant (5). The protection provided by vaccination could play a fundamental role in the lower severity induced by the variants. In this way, a global comparison between the different vaccine protocols and manufacturer strategies against Omicron and Delta infection would be interesting, especially considering that hospitalization and mortality from the Delta variant occurred in patients without a vaccine. Currently, the mortality rate in Chile is 0.28 and 0.63 for patients vaccinated with booster doses, compared to patients without vaccines or incomplete vaccination, respectively, until June 2022 (27). The data are in accordance with those reported in a study from China (28).

On the other hand, although our work is consistent with that previously reported by other countries, the low number of patients infected with Delta in the analyzed cohort did not allow a comparison between age groups. This analysis seems essential because, although the Omicron variant is less virulent, it can cause severe manifestations in elderly patients or patients with previous comorbidities (29). In addition, this Our study does not differentiate between types of vaccines, which would be interesting to analyze in future studies to determine the best vaccination protocol for future booster doses or public health policies. Finally, our study indicates that the Omicron variant generates less severity than the Delta variant. However, it is necessary to maintain genomic surveillance of the population because the high contagiousness of Omicron even in vaccinated patients could generate new variants of SARS- CoV-2 that could once again compromise public health.
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COVID-19, referred to as new coronary pneumonia, is an acute infectious disease caused by a new type of coronavirus SARS-CoV-2. To evaluate the effect of integrated Chinese medicine and Western medicine in patients with COVID-19 from overseas. Data were collected from 178 COVID-19 patients overseas at First Affiliated Hospital of Xiamen University from April 1, 2021 to July 31, 2021. These patients received therapy of integrated Chinese medicine and western medicine. Demographic data and clinical characteristics were extracted and analyzed. In addition, the prescription which induced less length of PCR positive days and hospitalization days than the median value was obtained. The top 4 frequently used Chinese medicine and virus-related genes were analyzed by network pharmacology and bioinformatics analysis. According to the chest computed tomography (CT) measurement, abnormal lung findings were observed in 145 subjects. The median length of positive PCR/hospitalization days was 7/7 days for asymptomatic subjects, 14/24 days for mild subjects, 10/15 days for moderate subjects, and 14/20 days for severe subjects. The most frequently used Chinese medicine were Scutellaria baicalensis (Huangqin), Glycyrrhiza uralensis (Gancao), Bupleurum chinense (Chaihu), and Pinellia ternata (Banxia). The putative active ingredients were baicalin, stigmasterol, sigmoidin-B, cubebin, and troxerutin. ACE, SARS-CoV-2 3CL, SARS-CoV-2 Spike, SARS-CoV-2 ORF7a, and caspase-6 showed good binding properties to active ingredients. In conclusion, the clinical results showed that integrated Chinese medicine and Western medicine are effective in treating COVID-19 patients from overseas. Based on the clinical outcomes, the putative ingredients from Chinese medicine and the potential targets of SARS-CoV-2 were provided, which could provide a reference for the clinical application of Chinese medicine in treating COVID-19 worldwide.

KEYWORDS
 COVID-19, SARS-CoV-2, Chinese medicine, retrospective study, network pharmacology, bioinformatics


Introduction

COVID-19, referred to as new coronary pneumonia, is an acute infectious disease caused by a new type of coronavirus (SARS-CoV-2) at the end of 2019. It has the characteristics of strong transmission and rapid infection. Generally, people suffering from COVID-19 have a wide range of symptoms, including cough, diarrhea, sore throat, and fever (1). On March 11, 2020, the World Health Organization announced that COVID-19 is a global human-scale acute infectious disease epidemic (2). Globally, there have been more than 599 billion confirmed cases of COVID-19, including more than 6.4 million deaths, according to the report by WHO. Currently, more than 10 vaccines have been approved for marketing or emergency use worldwide, and a total of 12.45 billion people have been vaccinated worldwide. However, the global COVID-19 epidemic is still severe and has not been fully controlled. Besides, the frequent occurrence of SARS-CoV-2 mutation brings new challenges (3, 4).

Globally, WHO has developed several clinical practice guidelines for therapeutics for people suffering from COVID-19 (5). In addition to the active chemical ingredient, WHO also evaluated the contribution of traditional medicine integrated approach in the treatment of COVID-19 and approved a protocol for testing herbal medicines as potential treatments for COVID-19 (6, 7). In China, since the emergence of COVID-19, the government has implemented a series of preventive control and medical treatment measures in time, including a cooperative treatment strategy composed of Western medicine and Chinese medicine (8). Chinese medicine actively participates in global epidemic prevention and treatment (9). The unique advantages and characteristics of the “Chinese plan” have been brought into play in all stages of prevention, treatment, and rehabilitation (10). In the stage of epidemic prevention and control, Chinese medicine experts participated in the whole process in the early stage, starting from the study of the characteristics of the virus strain, summing up experience, revising the Chinese medicine epidemic prevention plan, and closely cooperating with Chinese medicine and Western medicine (11). The implementation of classified and precise treatment has been verified to reduce the morbidity rate, reduce the time of negative conversion, reduce hospitalization time, and reduce the rate of conversion to severe disease (12). In real-world research, Lianhua Qingwen capsules are widely used for COVID-19. Several randomized controlled trials have found Lianhua Qingwen capsules have clinical advantages in the treatment of COVID-19, providing effective symptomatic relief to improve the prognosis of life (13, 14). In addition, it was found that Qingfei Paidu decoction combined with conventional treatment also attenuated clinical symptoms in COVID-19, and no severe adverse reactions associated with Qingfei Paidu decoction were observed (15).

As the main entry port for overseas fixed flights, Xiamen has undertaken the treatment of a large number of overseas COVID-19 patients. In the present study, a total of 223 overseas COVID-19 patients were collected in Xiamen from April 1, 2021, to July 31, 2021. This retrospective study, for the first time, analyzes and summarizes the use of integrated Chinese medicine and Western medicine in COVID-19 patients from overseas, which could provide a reference for the clinical application of Chinese medicine in the treatment of COVID-19 worldwide.



Patients and methods


Study design

This retrospective study was conducted at the First Affiliated Hospital of Xiamen University in Jimei District of Xiamen city. After a careful chart review, we collected all the patients diagnosed with COVID-19 between April 1, 2021, and July 31, 2021. The cases which did not have complete examination were excluded. The baseline date was set as the date of hospital admission. Patients were diagnosed with COVID-19 using RT-PCR assays by testing the samples from nasopharyngeal swabs. Positive SARS-CoV-2 infective patients received integrated Chinese and Western medicine. All studies strictly followed the Chinese COVID-19 guidelines for diagnosis, admission, and discharge. The study was approved by the ethics review committee of the First Affiliated Hospital of Xiamen University (No. 2021-045) and carried out in accordance with the Helsinki Declaration of the World Medical Association. The written informed consent of patients was waived in this retrospective study.



Disease severity

Clinicians defined disease severity according to the latest Chinese COVID-19 diagnosis and treatment guidelines. Briefly, asymptomatic was defined as the absence of symptoms but the presence of SARS-CoV-2 infection by RT-PCR assay. Mild disease was defined as the presence of mild symptoms (cough, sore throat, fever, expectoration, runny nose, myalgias, etc.) without viral pneumonia or hypoxia. Moderate disease was defined as the presence of non-severe pneumonia symptoms (cough, fever, dyspnea, shortness of breath, and invagination of the chest). Besides, moderate disease was distinguished from mild disease assisted by computed tomography (CT) of the chest. Severe was defined as symptoms of respiratory rate more than 30 times/min, blood oxygen saturation <93%, the partial pressure of oxygen in arterial blood <300 mmHg, or pulmonary CT showing that the lesions progressed significantly within 24–48 h.



Treatment

Patients with COVID-19 in the integrated Chinese medicine and Western medicine group received a personalized Chinese decoction (400 mL 2 times daily) and fixed combination of Arbidol/α-interferon (600 mg and 5 million U). The composition, compatibility, and dosage were adjusted according to the progression of clinical symptoms and individual physical differences. Each formula yielded 800 mL of decoction. The trained technicians prepared the decoction during the therapeutical period according to standardized procedures.



Baseline data and the primary endpoint

Demographic baseline data of positive SARS-CoV-2 infective patients, including age, sex, and basic disease, were collected after a careful inquiry and review. Then, the patients were evaluated by measuring chest CT, number of leukocytes, number of lymphocytes, and C-reactive protein (CRP) levels. The primary endpoint of the present study was viral clearance. After initiation of treatment, SARS-CoV-2 was tested by RT-PCR on nasopharyngeal swabs daily. After getting a negative RT-PCR report, another RT-PCR test was used for confirmation the other day.



Identification of active compounds and target genes of Chinese medicine in the treatment of COVID-19

The top four frequently used Chinese medicine were chosen for bioinformatics research. Relevant chemical ingredients were collected from the TCMSP website. Candidate ingredients were screened according to the conditions of oral bioavailability ≥ 30% and drug-likeness ≥ 0.18. PharmMapper, a large pharmacophore database, was used to predict the human protein target genes. Target genes with Fit-Score ≥ 0.8 are retained as potential drug targets. GeneCards and DisGeNet database were searched with “Novel Coronavirus Pneumonia” “viral pneumonia” “COVID-19” “2019-nCoV” to obtain the COVID-19 related genes. By drawing a Venn diagram, the intersection of the COVID-19-related genes and Chinese medicine targets was selected as anti-COVID-19 genes.



Construction of protein-protein interaction (PPI) and drugs-ingredients-targets network

Multiple proteins section of STRING was used to visualize the Homo sapiens genes relationship among anti-COVID-19 genes. The PPI network was imported into Cytoscape 3.8.2 software, and the online topological analysis of the network was performed using the “Network Analysis” function in Tools to calculate the core genes. At the same time, it could classify multiple groups of drugs, ingredients, and targets and get a “drug-ingredient-target” network by setting different colors and shapes.



Gene ontology (GO) and Kyoto encyclopedia of genes and genomes (KEGG) analysis

The Metascape database was used to discover the related process of anti-COVID-19 genes of TCM in treating COVID-19. The Gene Symbol section was chosen for a personalized analysis. GO enrichment divides into GO Molecular Functions (MF), GO Biological Processes (BP), and GO Cellular Components (CC). The pathway of anti-COVID-19 genes in the treatment of COVID-19 was enriched by KEGG. The threshold of P-value Cutoff = 0.01 and Min Enrichment = 1.5 was set to discover the major signaling pathways.



Molecular docking

The 3D structures of SARS-CoV-2-related proteins (ACE, ACE2, SARS-CoV-2 3CL, SARS-CoV-2 helicase-NSP13, SARS-CoV-2 Spike, SARS-CoV-2 NSP9, SARS-CoV-2 Nucleocapsid Phosphoprotein, SARS-CoV-2 ORF3a, SARS-CoV-2 ORF7a, SARS-CoV-2 ORF8, and caspase-6) are downloaded from the PDB database. PyMol software was used to remove ligands and non-protein molecules (such as water) in proteins. The 2D structures of core ingredients in the “drug-ingredient-target” network were downloaded from the TCMSP database. Finally, molecular docking was performed using AutoDock Vina, with SARS-CoV-2-related proteins as the receptors and core ingredients as the ligands (16). The molecular docking patterns were visualized via PyMOL.



Statistical analysis

Graphpad Prism 9.0 was used for statistical analysis. Categorical data were described by the number of cases and constituent ratios, and comparisons between groups were performed by the chi-square test. Measurement data were expressed as mean ± standard deviation, and t-test was used for comparison between groups. Besides, a correlation analysis between negative PCR conversion days and leukocytes/lymphocytes/CRP, and hospitalization days and leukocytes/lymphocytes/CRP.




Results


Demographics data of COVID-19 patients from overseas

Between April 1, 2021, and July 31, 223 adult patients with COVID-19 infection were admitted. Twenty-two patients gave up Chinese medicine treatment, 13 patients gave up Western medicine treatment. Ten patients with incomplete data were excluded from the study (Figure 1). Therefore, a total of 178 patients were included (median age 42.0 years; range 6–66 years; 60.1% female; Table 1). The BMI was 22.48 among the patients. Females had lower BMI (21.7 vs. 25.0, p < 0.001) compared to males. There were 63 patients who had comorbidities, such as respiratory disease (4.5%), diabetes (5.1%), and cardiovascular disease (14.6%).


[image: Figure 1]
FIGURE 1
 Flowchart showing the COVID-19 patients from overseas who obtained the therapy of integrated Chinese medicine and Western medicine.



TABLE 1 Demographic results of infected subjects from overseas by gender.
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Clinical characteristics of COVID-19 patients from overseas

On admission, the most common symptoms in COVID-19 patients were sputum and cough, followed with insomnia, fever and stuffy nose (Table 2). A total of 40 infected subjects (22.5%) were asymptomatic and 138 subjects (77.5%) were symptomatic (Table 3). The symptomatic subjects included 11 mild (6.2%), 126 moderate (70.8%), and 1 severe (0.6%). According to the chest CT measurement, abnormal lung findings were observed in 145 subjects, including 57 lateral and 88 bilateral abnormal (Table 4). The most abnormal lung characteristics were ground-glass opacities (34.8%), patchy shadow (14.7), and infiltration (24.2%). There was no significant difference between male and female infected subjects.


TABLE 2 Clinical symptoms of symptomatic subjects from overseas by gender.
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TABLE 3 Distribution of disease severity of infected subjects from overseas by gender.
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TABLE 4 Computed tomography (CT) and blood characteristics of infected subjects from overseas by gender.
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The effectiveness of integrated Chinese and western medicine in COVID-19 patients from overseas

The median of nucleic acid conversion time was 7.0 days for asymptomatic subjects, 14.0 days for mild subjects, 10.0 days for moderate subjects, and 14.0 days for severe subjects (Table 5). In addition, the median length of hospitalization days was 7.0 days for asymptomatic subjects, 24.0 days for mild subjects, 15.0 days for moderate subjects, and 20.0 days for severe subjects. There was no difference between males and females. According to the correlation analysis, there are significant differences between negative PCR conversion days and leukocytes/lymphocytes/CRP (Figure 2). This significance of correlation was also observed in male. However, only the number of lymphocytes was correlated with negative PCR conversion days in female. On the other hand, there are significant differences between hospitalization days and leukocytes/lymphocytes/CRP (Figure 3). This significance of correlation was also observed in male. However, the number of leukocytes was not correlated with hospitalization days in female.


TABLE 5 Negative PCR conversion days and hospitalization days of infected subjects from overseas by gender.
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FIGURE 2
 Correlation analysis between negative PCR conversion days and leukocytes, lymphocytes, or CRP levels.



[image: Figure 3]
FIGURE 3
 Correlation analysis between hospitalization days and leukocytes, lymphocytes, or CRP levels.




The frequency of Chinese medicine in COVID-19 patients from overseas

All patients were treated with personalized Chinese medicine. Therefore, there were 178 prescriptions for the treatment of COVID-19 patients from overseas. By screening and analyzing the prescriptions that induced less length of PCR positive days and hospitalization days than the median, we found that the top 4 frequently used Chinese medicine used in these prescriptions were Scutellaria baicalensis (Huangqin, 64 times), Glycyrrhiza uralensis (Gancao, 63 times), Bupleurum chinense (Chaihu, 62 times), and Pinellia ternata (Banxia, 61 times). The frequency of the treatment with Chinese medicine in the top 10 is shown in Table 6.


TABLE 6 Frequency of Chinese medicine using in patients whose PCR positive length and hospitalization length less than median (top 10).
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Identification of active compounds and target genes of the clinical Chinese medicine in the treatment of COVID-19

Based on the TCMSP and PharmMapper database threshold, active ingredients and targets of the top four Chinese medicines used in prescriptions were searched. Thirty-six ingredients of Scutellaria baicalensis, 92 ingredients of Glycyrrhiza uralensis, 17 ingredients of Bupleurum chinense and 13 ingredients of Pinellia ternata were obtained, and 145 genes were retained after removing duplicates from the targets. GeneCards and DisGeNet database were searched with “Novel Coronavirus Pneumonia” “viral pneumonia” “COVID-19” “2019-nCoV” to obtain the COVID-19 related genes, and 674 COVID-19 related genes were retained after removing duplicate items. The Venn diagram was drawn based on drug targets and COVID-19 related genes, and 49 anti-COVID-19 genes were obtained (Figure 4).


[image: Figure 4]
FIGURE 4
 Venn analysis of top four drug target genes and COVID-19 related genes.




Construction of protein-protein interaction (PPI) and drugs-ingredients-targets network

The 49 anti-COVID-19 genes were analyzed by STRING to construct PPI network. It had 49 nodes and 301 edges (Figure 5A), and the average node degree was 12.3. The size and color of the targets were positively correlated with the degree, indicating that the bigger and darker targets were more closely connected. The targets with no correlation were hidden and plotted by Cytoscape, and the results of the topological analysis are shown (Table 7). According to the analysis of the results, the targets such as ALB, EGFR, HSP90AA1, and SRC interact with multiple targets and maybe the core targets. Four drugs, 158 ingredients and 49 targets were imported into Cytoscape to construct the Drugs-Ingredients-Targets network (Figure 5B). The network indicated that the Chinese medicine treatment has the characteristics of multi-ingredient and multi-target. Based on the results of a topological analysis, core ingredients (Baicalin, Sigmoidin-B, Stigmasterol, Troxerutin) can be screened out, which may be the key ingredients for the treatment of COVID-19 (Table 8).
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FIGURE 5
 (A) Protein–protein network (PPI) of anti-COVID-19 genes. (B) Drugs-ingredients-targets network. The four squares represent drugs, BX (Scutellaria baicalensis), GC (Glycyrrhiza uralensis), CH (Bupleurum chinense), and BX (Pinellia ternata). The circles indicate the corresponding ingredients, the orange diamonds indicate the shared ingredient, BH(BX,HQ), BHC(BX,HQ,CH), BC(BX,CH), CG(CH,GC), GH(GC,HQ), and the yellow quadrilaterals represent targets.



TABLE 7 Information of 10 core genes after protein–protein network analysis.
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TABLE 8 Information of 10 core ingredients and target genes after drugs-ingredients-targets network analysis.
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Gene ontology (GO) and Kyoto encyclopedia of genes and genomes (KEGG) analysis

The results of GO and KEGG enrichment analysis for 49 targets were obtained from the Metascape database. The top 10 terms in the three groups of BP, CC and MF were plotted in a bar chart (Figure 6A). The BP enrichment mainly included protein phosphorylation, enzyme-linked receptor protein signaling pathway, response to hormone, reproductive structure development, and response to lipopolysaccharide. The CC enrichment mainly included membrane raft, vesicle lumen, and receptor complex. The MF enrichment mainly included protein kinase activity, transmembrane receptor protein kinase activity, endopeptidase activity, and kinase binding. In addition, the top 20 entries of the KEGG enrichment analysis were plotted (Figure 6B). It mainly included Proteoglycans in cancer, Adherens junction, MAPK signaling pathway, FoxO signaling pathway, and Lipid and atherosclerosis.
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FIGURE 6
 (A) GO enrichment analysis of potential target genes for COVID-19. (B) KEGG enrichment analysis of potential target genes for COVID-19.




The binding affinity between active ingredients and potential targets

The top 5 active ingredients (Baicalin, Stigmasterol, Sigmoidin-B, Cubebin, Troxerutin) in the “drugs-ingredients-targets” network and SARS-CoV-2 related genes were selected, and the docking score was calculated (Table 9). In general, the lower docking score indicates that the ingredient plays a role in treating SARS-CoV-2. The results showed that the average docking score of each ingredient docked with the target protein was <-7.0 kcal/mol, indicating that the ingredient binds tightly to the target protein. We found that Baicalin and Stigmasterol are the same ingredients in medicines (Pinellia ternate, Bupleurum chinense), and the average docking score is higher. The components with the lower docking score were visualized with gene combinations with the PyMol software (Figure 7). These ingredients formed 2–7 hydrogen bonds with residues, implying that the interaction was stable.


TABLE 9 Docking score of effective ingredients to SARS-CoV-2 related genes.
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FIGURE 7
 (A) Molecular docking of baicalin binding with ACE. (B) Molecular docking of stigmasterol binding with ACE. (C) Molecular docking of sigmoidin-B to caspase-6. (D) Molecular docking of cubebin binding with ACE. (E) Molecular docking of troxerutin binding with ACE. The yellow dot lines indicate the hydrogen bonds.





Discussion

People infected with SARS-CoV-2 usually have a dry cough and fever, accompanied by symptoms of general weakness (17). In some cases, SARS-CoV-2 causes the symptoms of diarrhea, nasal congestion, and runny nose (18). The disease progresses very rapidly after infection, and in about a week, breathing will be difficult, the body temperature will continue to rise, and there will be obvious and severe coughing, expectoration, and chest pain, headache, dizziness and other symptoms (19). In the present study, the main clinical manifestations of COVID-19 patients were sputum, cough, insomnia, fever, and stuffy nose, parallel to the recent studies (20, 21).

The COVID-19 patients collected in this study came from 18 countries or regions. Among these 178 patients, 14.6% had cardiovascular disease, 5.1% had diabetes, 4.5% had respiratory disease, and 2.3% had cerebrovascular disease. According to CT checks of the patients on admission, 32.0% had lateral abnormalities, 49.4% had bilateral abnormalities. There is no difference in symptoms between males and females. After treating with integrated Chinese medicine and Western medicine, the results showed that the median time of PCR conversion was 10 days, and the median of hospitalization time was 14 days. A previous study showed nasopharyngeal specimen negative conversion time, and the length of hospitalization of COVID-19 patients in the Arbidol group was 18.50 and 23.52 days, respectively (22). Another study showed that the mean duration of viral clearance was 23.42 days (23). Similarly, a recent retrospective cohort study indicated that the median of hospitalization time of Western medicine therapy (Antiviral plus interferon) was 21 days (24), which was longer than the integrated Chinese medicine and Western medicine in the present study. In Gabon, COVID-19 patients received an integrated therapy including oxygen, hydroxychloroquine, azithromycin, vitamin C, zinc tablet, and dexchlorpheniramine. The researchers found that the median duration of viral clearance was 14 days (25), while the median duration of viral clearance was 10 days in the present study. These data showed that integrated Chinese medicine and Western medicine are effective in treating COVID-19 patients.

Next, we summarize the Chinese medicine prescription, which makes the nucleic acid conversion time and hospitalization time less than the median. It was found that the top 10 Chinese medicine frequently used almost belonged to the category of heat-clearing and detoxifying, and their efficacy was mainly focused on clearing heat and detoxifying, drying dampness and resolving phlegm, lowering rebellion and stopping vomiting, primarily belonging to the lung, spleen and stomach meridians. It is also mentioned in the ancient Chinese Medicine Publications Wenrelun and Wenbingtiaobian that the lung is the first place to be attacked by the plague, and the lung symptoms of cough, phlegm, and dry throat are similar to the clinical manifestations of patients with COVID-19.

The top four Chinese medicines frequently used were selected for the bioinformatic research. It consists of Scutellaria baicalensis, Glycyrrhiza uralensis, Bupleurum chinense, and Pinellia ternate. Coincidentally, the composition of these four medicines is similar to the well-known classical TCM formula Xiaochaihutang. Xiaochaihutang can regulate the qi activity, harmonize and lease the less yang. Clinically, the use of Xiaochaihutang for COVID-19 patients with high fever often achieves satisfactory antipyretic effects. Network pharmacological studies have also confirmed that Xiaochaihutang can treat COVID-19 by inhibiting the viral infection of host cells and self-replication, inhibiting cytokine release syndrome, and improving hypoxemia (26).

Then, we collected the relevant ingredients and targets of four Chinese medicine through the network pharmacology study. We also performed PPI analysis, network construction, topology analysis, and pathway enrichment analysis on the targets. The study identified five core components, Baicalin, Stigmasterol, Sigmoidin-B, Cubebin, and Troxerutin, which mainly belong to flavonoids. According to the results of PPI, the core targets contain ALB, EGFR, HSP90AA1, and SRC. Next, GO functional analysis of anti-COVID-19 genes showed enrichment in protein kinase activity, endopeptidase activity, and nitric-oxide synthase regulator activity. KEGG pathway analysis showed major involvement in Proteoglycans in cancer, Adherens junction, IL 17 signaling pathway, MAPK signaling pathway, and FoxO signaling pathway. Finally, molecular docking was applied to predict the five core ingredients with SARS-CoV-2-related targets. These proteins play important roles in viral replication, transcription, cell cycle blocking, and mediating immune regulation in SARS-CoV-2 virus-host infection and were therefore selected for molecular docking of COVID-19 (27). The results revealed that ACE and caspase-6 showed low binding energy to the five core ingredients, indicating that they could be used as targets for molecular therapy. Among them, stigmasterol and baicalin in Pinellia ternata, Bupleurum chinense, and Scutellaria baicalensis had the lowest binding energy to ACE, and sigmoidin-B in Glycyrrhiza uralensis had the lowest binding energy to caspase-6.

Cytokine storm is a systemic inflammatory response, which can be caused by multiple factors, such as pathogens and excessive activation of immune cells, manifested by a sharp increase in the levels of various inflammatory factors (28). It has been found that COVID-19 patients have varying degrees of cytokine storm, which causes an inflammatory immune response and is a key factor in poor patient survival (29). We found that studies of the core components and targets showed anti-inflammatory activity in inflammation and immune regulation. Baicalin can be widely used in inflammatory responses caused by viral infections, such as inhibition of pro-inflammatory cytokines (TNF-α, IL-6) in influenza A (30), inhibition of SARS-CoV-2 RNA-dependent RNA polymerase (RdRp), and angiotensin-converting enzyme 2 (ACE2) activity to prevent SARS-CoV-2 from entering the host cells (31, 32). Stigmasterol exerts potential anti-inflammatory effects by inhibiting the IL-1beta-induced NF-kappaB pathway, suppressing pro-inflammatory cytokine expression, and prostaglandin E2 [PGE(2)] production (33). Troxerutin prevents inflammatory responses by reducing the levels of inflammatory cytokines such as IL-10, TNF-α, and IL-6. In addition, it inhibits the activation of procaspase-9 and procaspase-3, reduces the production of ROS, and enhances antioxidant activity (34). Pro-inflammatory cytokines such as TNF-α and IL-6 inhibit the production of ALB. The meta-analysis also showed that elevated CRP levels and decreased ALB levels were the most common laboratory findings in patients with COVID-19 (35). Experiments show that ALB causes the upregulation of ACE and the downregulation of ACE2 by interrupting the balance of ACE and ACE2 (36). ACE/ACE2 are also associated with COVID-19 infection. During infection control, HSP90AA1 induces autophagy by interacting with the AKT-MTOR pathway after recognizing the virus (37). EGFR plays a role in SARS-CoV-2 virus replication and affects the host immune response. In addition, excessive activation of EGFR plays a role in the development of pulmonary fibrosis (38, 39). It was found that the severity of EGFR involvement and pulmonary fibrosis in patients who died from COVID-19 pneumonia correlated with CRP levels (40). The MAPK signaling pathway and IL 17 signaling pathway play an essential role in the inflammatory response by secreting pro-inflammatory cytokines such as TNF-α, IL-1, and IL-6, exacerbating the inflammatory response (41). PI3K-Akt and FoxO signaling pathways participate in cell proliferation, differentiation, oxidative stress, and apoptosis. It can inhibit the autophagy of lung fibroblasts and prevent the formation of pulmonary fibrosis in preventing and treating pneumonia (42, 43). It has been shown that caspase-6 cleaves the coronavirus nucleocapsid (N) proteins and is an important host factor capable of efficiently replicating coronaviruses. Lung lesions and weight loss in SARS-CoV-2 infected mice were substantially attenuated by inhibition of caspase-6 (44). After the ACE2 transfection of host cells, the replicative capacity of SARS-CoV increased (45). SARS-CoV-2 was able to downregulate ACE2 expression, elevate pro-inflammatory cytokine expression, and induce a Cytokine storm (46). The SARS-CoV-2 virus binds to ACE2 via the Spike protein, which has a stronger viral attachment, and the Spike protein facilitates the entry of SARS-CoV-2 virus into the human body (47). SARS-CoV-2 3CL protease manages viral maturation and replication, and by inhibiting its expression, it is a crucial drug target for COVID-19 therapy (48). The primary function of the Nucleocapsid protein is not only to replicate the virus but also to assemble the RNA of the viral genome into ribonucleoprotein complexes (49). ORF3a, ORF7a, and ORF8 are accessory proteins of CoVs that exhibit high variability. The accessory proteins do not play a role in viral replication but have an important role in host immune evasion (50, 51). The innate interferon (IFN) response constitutes one of the host's first lines of defense against viral infection. ORF7a inhibits IFN-I signaling by suppressing STAT1 phosphorylation (52).

However, it should be noted that there are several limitations to this study. First, this is a single-center retrospective non-randomized design. Selection bias cannot be avoided. In this respect, a double-blinded, prospective, randomized controlled clinical trial is required to fully elucidate the therapeutical effect of Chinse medicine. Second, the study did not follow up with patients and could not observe the long-term effects of Chinese medicine on COVID-19. Third, in terms of the underlying mechanism, this study focuses on network pharmacology and bioinformatics analysis. Therefore, more molecular experiments are needed to verify the efficacy of putative active ingredients against COVID-19 via targeting the potential targets.

In the context of the continuous mutation of the SARS-CoV-2 and the rising number of infected patients, we believe that Chinese medicine is an effective therapy for treating COVID-19. Our study, for the first time, systematically analyzes the efficacy of Chinese medicine in treating COVID-19 patients from overseas, and discusses the putative active ingredients and the potential targets of Chinese medicine. Therefore, the present study provides a clinical reference and theoretical basis for using Chinese medicine to treat COVID-19 in countries around the world.
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Background: JAK (Janus kinases) inhibitors have been proposed as a promising treatment option for the coronavirus disease-2019 (COVID-19). However, the benefits of JAK inhibitors and the optimum thereof for COVID-19 have not been adequately defined.

Methods: Databases were searched from their inception dates to 17 June 2022. Eligible studies included randomized controlled trials and observational studies. Extracted data were analyzed by pairwise and network meta-analysis. The primary outcome was the coefficient of mortality.

Results: Twenty-eight studies of 8,206 patients were included and assessed qualitatively (modified Jadad and Newcastle–Ottawa Scale scores). A pairwise meta-analysis revealed that JAK inhibitors effectively reduced the mortality (OR = 0.54; 95% CI: 0.46–0.63; P < 0.00001; I2 = 32%) without increasing the risk of adverse events (OR = 1.02; 95% CI: 0.88–1.18; P = 0.79; I2 = 12%). In a network meta-analysis, clinical efficacy benefits were seen among different types of JAK inhibitors (baricitinib, ruxolitinib, and tofacitinib) without the observation of a declined incidence of adverse events. The assessment of rank probabilities indicated that ruxolitinib presented the greatest likelihood of benefits regarding mortality and adverse events.

Conclusion: JAK inhibitors appear to be a promising treatment for COVID-19 concerning reducing mortality, and they do not increase the risk of adverse events vs. standard of care. A network meta-analysis suggests that mortality benefits are associated with specific JAK inhibitors, and among these, ruxolitinib presents the greatest likelihood of having benefits for mortality and adverse events.

Systematic review registration: [www.crd.york.ac.uk/prospero], identifier [CRD42022343338].
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Background

The severe acute respiratory syndrome-coronavirus-2 [SARS-CoV-2/coronavirus disease-2019 (COVID-19)] pandemic has emerged as an extraordinary challenge to public health. According to the World Health Organization’s most recent weekly epidemiological update on COVID-19 (17 June 2022), the cumulative number of cases reported globally since 2019 exceeds 535 million, and the number of deaths caused by this infection has surpassed 6.31 million. The number of people diagnosed has been increasing globally as variants continue to emerge, even as vaccines have been administered in multiple countries.

The primary cause of death from COVID-19 is acute respiratory distress syndrome, while cytokine release syndrome (CRS), characterized by increased interleukin (IL)-6, IL-2, IL-7, IL-10, is thought to be the main reason for multiple organ failure (1). Therefore, treatment of cytokine storm has been proposed as a key part of rescuing severe COVID-19 disease. Several cytokines associated with COVID-19 disease employ a unique intracellular signaling pathway mediated by Janus kinase (JAK). JAK inhibition provides an attractive therapeutic strategy for CRS (2). Accordingly, effective inhibition of cytokine storms is crucial for preventing severe COVID-19 complications and reducing mortality (3).

JAK-signal transducer and activator of transcription (STAT) signaling is critical to multiple cellular processes, including survival, differentiation, and proliferation (4). Over the past decade, JAK inhibitors have known a wide range of applications in the clinic and have been constantly designed for new molecules. Ruxolitinib, one of the oldest JAK inhibitors, is the drug most commonly used in patients with hematologic disorders, while other JAK inhibitors such as baricitinib and tofacitinib are more commonly used in systemic rheumatic diseases (5). JAK-STAT inhibitors can block many proinflammatory and anti-inflammatory cytokines and have good pharmacodynamics. At the same time because of its short half-life, the extent and duration of cytokine arrest can be easily monitored by adjusting the dose and duration of treatment (6, 7).

Four previous meta-analyses have reported that JAK inhibitors could be beneficial in the treatment of COVID-19 (8–11). However, all of these studies were pairwise meta-analyses comparing the JAK inhibitors with the standard of care (SOC). There was no comparison of efficacy and safety between JAK inhibitors in COVID-19 patients. To solve this problem, this research sought to further explore the efficacy and safety of JAK inhibitors in patients with COVID-19 by updating the latest relevant evidence and using a network meta-analysis (NMA) approach to assess the efficacy and safety of three JAK inhibitors (baricitinib, ruxolitinib and tofacitinib) through indirect comparison. The primary outcome was mortality. Because many symptoms of COVID-19 overlap with the adverse events of JAK inhibitors, in all relevant cohort studies, it has not been clarified whether the adverse events were caused by symptoms of COVID-19 disease itself or by taking JAK inhibitors (12, 13). Therefore, this study only focused on whether treatment of JAK inhibitors increased the overall risk of these adverse events compared with SOC, and the adverse events analyzed in this study were based on the data of the included studies.



Methods

This systematic review and meta-analysis were performed under the instruction of PRISMA guidance,1 and the protocol for research was registered at PROSPERO (CRD42022343338).


Search strategy

This was a pairwise and Bayesian network meta-analysis study of clinical trials and observational studies. Published studies included in the meta-analysis were those that fit within the following PICO framework (P: Populations, hospitalized COVID-19 patients; I: Interventions, treatment with JAK inhibitors; C: Comparator/Control, a group of patients who only received SOC therapy and was not treated with JAK inhibitors; O: Outcomes, mortality and the risk of adverse events), and met the Preferred Reporting Items for pairwise and Bayesian network meta-analysis (PRISMA) criteria (14).

PubMed, Embase, Clinical Trial, and Web of Science were each searched from their inception to 17 June 2022 by three independent reviewers. The keywords “JAK inhibitors OR Baricitinib OR Ruxolitinib OR Tofacitinib” AND “SARS-CoV-2 OR coronavirus disease 2019 OR COVID-19” were used. The investigators independently screened titles and abstracts generated by the search. The search was reworked before the final analyses to review the latest studies.



Inclusion and exclusion criteria

The comparative trials that met all the following criteria was included: (1) The studies were in English; (2) a JAK inhibitor (baricitinib, ruxolitinib, tofacitinib or nezulcitinib) was used alone or with other therapies in the experimental group who were suffering from COVID-19, while the SOC was applied in the control group. SOC in the control groups included patients with the application of oxygen via low-flow or high-flow devices, invasive or non-invasive ventilation and other medication like steroids or remdesivir; (3) the survey was conducted among adults; (4) Clinical outcomes of interest (all-cause mortality and adverse events) were reported; (5) the included researches were cohort, randomized or non-randomized clinical trial research; (6) the included researches were correspondence or review articles, case-series or case report studies.



Data extraction and study quality assessment

After selection, the full text articles in electronic versions were then carefully evaluated for data extraction. Two independent reviewers extracted data independently using predefined standardized forms and one independent reviewer joined when any disagreements existed. Each full article that met the inclusion criteria was carefully reviewed, and the following baseline information was extracted: first author, publication year, study type, basic information of the participants (age, severity), the total number of participants, number of participants receiving JAK inhibitors (baricitinib, ruxolitinib, tofacitinib and nezulcitinib), number of participants receiving SOC, the regimen of JAK inhibitors or SOC and the modified Jadad (15) or Newcastle–Ottawa Scale (NOS) score (16). The outcome measures were mortality and the risk of adverse events.

Three independent reviewers independently assessed the quality of each study involved in this review. Randomized clinical trials (RCTs) and clinical trials included in the final analyses were scored by one independent reviewer to formally assess the risk of bias using the modified Jadad score. Observational studies included in the final analyses were scored by one independent reviewer using the NOS score. There was adjudication by one independent reviewer when there was disagreement.

The modified Jadad scale was used to evaluate the quality of RCTs and clinical trials, including the presence of randomization (0 or 2), blinding (0 or 2), description of withdrawals and dropouts (0 or 1), inclusion/exclusion criteria (0 or 1), adverse effects (0 or 1) and statistical analysis (0 or 1) for each study. The studies were scored from zero to eight, with 1–3 signifying low quality and 4–8 signifying high quality (17). The NOS score was used to evaluate the quality of observational studies. The representativeness of the exposed cohort (0 or 1), selection of the non-exposed cohort (0 or 1), ascertainment of exposure (0 or 1), whether the subjects had the disease they were studying at the start of the study (0 or 1), comparability (0 or 1), non-comparability (0 or 1), method (0 or 1), follow-up time (0 or 1) and adequacy of follow-up of cohorts (0 or 1) were reported for the NOS score. Research is graded as good quality if it scores ≥ 7 (18).



Statistical analysis

Review Manager V.5.3 software (Cochrane Collaboration, Oxford, UK) for pairwise meta-analysis was used. To calculate the odds ratio (OR) and its 95% confidence interval (95% CI) for dichotomous outcomes (mortality and adverse events), the Mantel-Haenszel formula was utilized. Heterogeneity was assessed using the Cochran Q statistic and the I2 statistic. The I2 values ≤ 50% were considered an acceptable heterogeneity between studies, and the fixed-effects model was selected. Otherwise, determine the source of heterogeneity through subgroup analysis, and conduct sensitivity analysis or use random effect model. For subgroup analyses, the studies were split into four subgroups according to different drugs and applied a pairwise meta-analysis model separately in each subgroup.

The R software (version 3.6.1) and R package “gemtc” were mainly employed to construct the Bayesian network meta-analysis with 3 chains simulated for 50,000 iterations using The Markov Chain Monte Carlo method (17). Fixed-effect model was utilized, and the random-effect model was applied when the heterogeneity was high. The Bayesian approach also provided overall ranking probabilities for each treatment, making it possible to rank each outcome measurement from the best to the worst, and were then visualized by rankogram. The drug with the largest proportion of dark gray rectangles (best treatment) represents the drug that is considered to have the highest probability of the most negative value of mortality or adverse events.




Results


Selection and characteristics of the studies

The PRISMA flow diagram was shown in Figure 1. A total of 3,310 articles were identified initially. 103 highly relevant articles were identified by searching titles and abstracts and eliminating repetitions. After examining the content further, 28 studies (19–46) comprising 8,826 patients remained. Of the 28 studies, nine were double-blind, RCTs, two were non-randomized clinical trials, and 17 were prospective cohort or retrospective cohort studies (Table 1). The quality assessment for these studies was shown in Figure 2.
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FIGURE 1
The PRISMA flow diagram.



TABLE 1    Characteristics of studies included in the meta-analysis.
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FIGURE 2
The quality assessment for these studies included in the article. (A) Modified Jadad score was used to score RCTs and clinical trials included. (B) NOS score was used to score observational studies. RCTs, randomized clinical trials; NOS, Newcastle–Ottawa Scale.




Baseline characteristics of the included studies

Data on the first author, sample size, study design, age and severity of patients, outcome, the specific regimen of JAK-inhibitor used in the experimental group, and the specific regimen of SOC used in the control group were shown in Table 1.



Study quality assessment

The modified Jadad scale was used to evaluate the quality of RCTs and clinical trials. And the NOS score was used to evaluate the quality of observational studies (Figure 2).



Pairwise meta-analysis results


Mortality

The outcomes of mortality in the JAK inhibitors groups vs. the SOC groups were shown in Figure 3. Twenty-six studies including 8,206 patients reported the mortality (19–40, 43–47). Pooled results showed that treatment with JAK inhibitors was associated with significantly lower mortality compared with that in the SOC groups (OR = 0.54; 95% CI: 0.46–0.63; P < 0.00001; Figure 3). There was low statistical heterogeneity in the fixed effect model (I2 = 32%).
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FIGURE 3
Forest plots of effect of JAK inhibitors compared to SOC on mortality. The study was divided into four subgroups by different drugs. SOC, standard of care.


Our subgroup analyzed by different types of JAK inhibitors found that in the 14 studies of 5,653 patients treated with baricitinib (19, 23–26, 32–37, 43, 45, 47), the effect vs. SOC in patients produced an OR of 0.58 (95% CI: 0.48–0.69; P < 0.00001; I2 = 46%; Figure 3); the seven studies of 1,170 ruxolitinib-treated patients (21, 27–30, 40, 44) reported an OR of 0.48 (95% CI: 0.32–0.73; P = 0.0006; I2 = 27%; Figure 3) vs. SOC; four studies of 670 patients treated with tofacitinib (22, 31, 38, 39) reported an OR of 0.39 (95% CI: 0.24–0.65; P = 0.0003; I2 = 0%; Figure 3) vs. SOC; and only one study of 25 patients treated with nezulcitini (44) reported an OR of 0.11 (95% CI: 0.01–1.55; P = 0.10; Figure 3).



Adverse events

When examining adverse events associated with JAK inhibitor treatment in patients with COVID-19, the most frequent adverse events were infections, embolisms, liver dysfunction, renal and urinary disorders, and mental disorders. Among these, infection and thrombosis after receiving the drug were the most concerned adverse events for doctors. Therefore, this meta-analysis focused on the selection of the incidence of them during data screening and discussed the comparison with the control.

Nineteen studies including 6,173 patients investigated the effect of JAK inhibitors on adverse events. The pooled results showed no significant differences between the JAK inhibitors group and the control groups in the overall adverse event (OR = 1.02; 95% CI: 0.88–1.18; P = 0.79; I2 = 12%; Figure 4). The subgroup analyzed by type of JAK inhibitor showed no difference in the adverse event from standard treatment for any of the three drugs.
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FIGURE 4
Forest plots of effect of JAK inhibitors compared to SOC on adverse events. The study was divided into four subgroups by different drugs. SOC, standard of care.




Publication bias and sensitivity analyses

Funnel plot analysis for mortality and the incidence of adverse events presented a relatively symmetrical inverted plot (Supplementary Figure 1), indicating no publication bias. Sensitivity analyses were also conducted to assess the impact of each study on the pooled OR, and the statistical results were not remarkably altered after removing any study (Supplementary Figure 2).




Network meta-analysis results

Figure 5 showed a comparison of network evidence from studies of mortality involved in treatment with multiple JAK inhibitors. The thickness of connecting lines represented the number of trials between each comparator, and the size of each node corresponded to the number of participants who received the same intervention (sample size).
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FIGURE 5
Network evidence for JAK inhibitors to treat COVID-19. The thickness of connecting lines represented the number of trials between each comparator, and the size of each node corresponded to the number of participants who received the same intervention (sample size).



Mortality

Fifteen trials were comparing the coefficient of mortality among baricitinib-treated patients, seven studies among ruxolitinib-treated patients, and four trials among tofacitinib-treated patients. Thus, this research first pooled direct comparisons to obtain indirect comparisons by comparing baricitinib vs. SOC (19, 23–26, 32–37, 43, 45, 47), ruxolitinib vs. SOC (21, 27–30, 40, 44), tofacitinib vs. SOC (22, 31, 38, 39), and tofacitinib vs. baricitinib (41, 42).

In individual comparisons for mortality using SOC as the reference, baricitinib, ruxolitinib and tofacitinib were all more likely to reduce the mortality (NMA: OR = 0.46, 95% CI: 0.29–0.65; OR = 0.43, 95% CI: 0.20–0.84; OR = 0.60, 95% CI: 0.31–1.2, respectively; Figure 6A). There were no significant differences among the other comparisons of the NMA for mortality. The assessment of rank probabilities indicated that ruxolitinib (51.5% probability) presented the greatest likelihood of reducing mortality among the evaluated JAK inhibitors, followed by baricitinib (36.9% probability) and then tofacitinib (11.5% probability) (Figure 6B).
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FIGURE 6
(A) Network estimates mortality among JAK inhibitors. (B) Rank probabilities among JAK inhibitors for mortality based on the network meta-analysis. (C) Network estimates adverse events among JAK inhibitors. (D) Rank probabilities among JAK inhibitors for adverse events based on the network meta-analysis. CI, confidence interval.




Adverse events

There were no significant differences among all comparisons of the network meta-analysis for adverse events (Figure 6C). Ranking analysis revealed that baricitinib presented the lowest rate of adverse events (31.7% probability), followed by ruxolitinib (31.3% probability) and then tofacitinib (14.8% probability) (Figure 6D).



Two-dimensional plot of primary outcomes

The pooled estimates of two primary outcomes were projected to a two-dimensional (2D) plot, thus hierarchical information about efficacy and incidence of adverse events could be obtained simultaneously and help us understand the optimal choice for COVID-19. The 2D plot revealed ruxolitinib as the optimal choice among all JAK inhibitors (Figure 7). Baricitinib could be an alternative option as well.
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FIGURE 7
Two-dimensional plot of primary outcomes. The longitudinal coordinate and horizontal ordinate are the odds ratio of mortality and adverse events of each drug to SOC (1.0, 1.0). SOC, standard of care.






Discussion

To the best of our knowledge, this was the first Bayesian network meta-analysis of the efficacy and safety of JAK inhibitors as a potential therapeutic candidate for SARS-CoV-2 specifically. Using JAK inhibitors was associated with a significant reduction in mortality in patients with COVID-19, without clinically meaningful differences in safety from SOC. The present Bayesian network meta-analysis and ranking analysis suggested the best JAK inhibitor in terms of reducing mortality and adverse events for COVID-19 were likely to be ruxolitinib.

In contrast to the four previously published meta-analyses that have summarized published studies of JAK inhibitors (10–13), this research included the latest random control trials and observational studies on the efficacy of JAK inhibitors, and also conducted a systematic pairwise meta-analysis. In the recently published meta-analysis that only included RCTs, the meta-analysis results of mortality were the same as ours, but the subjects of baricitinib included in the study accounted for 97% of the total subjects, so the results of the study were mainly affected by baricitinib. We believe that, as a meta-analysis to discuss the efficacy of JAK inhibitors on COVID-19, the article should increase the research involving other drugs, while ensuring the high quality of the included research. The discussion on safety in this article focused on the occurrence of any grade adverse events or serious adverse events but did not deliberately analyze the occurrence of certain adverse events that deserve attention and were closely related to JAK inhibitors (13). By contrast, our research had a better understanding of treatment-related adverse events in this group of patients.

The safety of JAK inhibitors is a topic of current concern and has significant implications for the treatment of COVID-19. Known adverse events of JAK inhibitors have been described in phase 3 trials with ruxolitinib in myelofibrosis and polycythemia vera (48, 49). Given that JAK2 is essential for the formation of red blood cells and platelets, administration of JAK2 inhibitors induces anemia and low platelet counts. In addition, JAK is involved in immune responses, particularly through interferon-γ, so some infection events, such as hepatitis B infection and reactivation of tuberculosis, are common potential adverse effects (49). Therefore, the thromboembolic and infection risk of JAK inhibitors has been extensively studied and debated since their clinical development (50). In April 2017, the US Food and Drug Administration (FDA) expressed concern about the observed imbalance in thromboembolic events (deep vein thrombosis and pulmonary embolism) in a placebo-controlled clinical trial of baricitinib (51). In September 2021, the FDA issued an updated warning regarding the increased risk of serious heart-related events, cancer, blood clots, and death in JAK inhibitors. As mentioned above, based on the included studies, this study focused on the two most common adverse events, namely thrombotic events and infection. In the study, we found no statistical difference in the incidence of adverse events between the above three JAK inhibitors and SOC. We assumed that it might be related to the shorter course of treatment of JAK inhibitors for COVID-19. As the above FDA warning on adverse events of JAK inhibitors, the drug is usually treated for more than 24 weeks. The warming is based on long-term (up to 72 months) safety data of tofacitinib in patients with rheumatoid arthritis (52). Nevertheless, in the relevant studies we included, most JAK inhibitors have been used only for 7–14 days (53).

Additionally, the mortality and side effects of different JAK inhibitors were compared, specifically in depth by using Bayesian network meta-analysis, which provided a more specific reference for the clinical treatment of COVID-19 patients. Without adding other types of treatment to interfere with the results in this NMA, ruxolitinib is the most likely best treatment, which could significantly reduce all-cause mortality in patients with COVID-19, with no difference in the incidence of adverse events compared with SOC. Although nezulcitinib has also been tried to treat this type of patient, there was only one relevant study and a small number of included people. After the study was included in the NMA, the sensitivity analysis showed that it had a great impact on the original NMA results: the assessment of rank probabilities of the NMA showed that the probability of nezulcitinib being the best treatment was 82.9%, ruxolitinib was 9.52%, baricitinib was 5.74%, and tofacitinib was 1.86% (Supplementary Figure 3), while the rank probabilities assessment results of the original NMA showed that the probability of ruxolitinib being the best treatment was 51.5%, baricitinib was 36.9%, and tofacitinib was 11.5%. Therefore, nezulcitinib was not included in this NMA analysis.

Besides, by comparing the basic characteristics of the included studies, we found that dose of most of the same drugs was consistent. Except for baricitinib, there were four studies (25, 26, 37, 42) that did not provide useful data on dose and one study (29) that used ruxolitinib 5–10 mg daily, which is different from the 10 mg twice a day used in other studies. Therefore, the sensitivity analysis was conducted after the above studies were excluded, and NMA results showed that there was no significant difference between the results before and after exclusion. In terms of efficacy, ruxolitinib still had the largest possibility of the best treatment (58.9% probability) (Supplementary Figure 4), while in terms of safety, three JAK inhibitors had no statistical difference with SOC, and baricitinib was still the best (37.9% probability) (Supplementary Figure 5).

A comprehensive evaluation of different drugs should be made by combining efficacy and safety. In Figure 7, the longitudinal coordinate and horizontal ordinate are odds ratio of mortality and adverse events. Compared with SOC, the treatment with the coordinate point closer to the lower left quadrant in the figure is more likely to be the best treatment. It is true that ruxolitinib and baricitinib are obviously better than tofacitinib in terms of efficacy, but the comparison between them is not obvious. Similar conclusions can also be found through the Bayesian network meta-analysis rank possibility assessment. Among the three drugs, ruxolitinib is the most likely one (51.5%), baricitinib is the second most likely (36.9%), and tofacitinib is the least likely (11.5%). At the same time, it can be found in Figure 7 that there is no significant difference between the three JAK inhibitors and SOC in causing drug-related adverse events in patients. Therefore, based on the comparison between the efficacy and safety of the three drugs, we believe that ruxolitinib is most likely to be the best treatment, while baricitinib can be used in clinical practice as an alternative to ruxolitinib.

The experience with severe SARS-CoV-1 points to a major feature of these infections namely delayed cytokine storm after initial induction and insufficient type I interferon (IFN-I) action (54). The same situation is observed in SARS-CoV-2. During SARS-CoV-2 infection, it induces biphasic disease, first, a flu-like stage, then pulmonary and systemic disease, followed by a potentially suppressed or delayed innate immune response, followed by an emergency signal that may be triggered by sustained viral replication. This could eventually lead to cytokine storms that lead to severe evolution of COVID-19, possibly leading to acute respiratory distress syndrome (ARDS) (13). JAK inhibitors have recently been used to treat inflammatory diseases, such as moderate to severe rheumatoid arthritis and psoriatic arthritis. These disorders are characterized by abnormal activation of the JAK-STAT signaling pathway, which plays a key role in the coordination of immune system responses (55). In addition, JAK/STAT signaling cascades are involved in the control of cell proliferation and survival (56). Therefore, JAK inhibitors hold the potential to cut - off pathological reactions in COVID-19.

Compared with other COVID-19 treatment candidates, all JAK inhibitors have the advantage of being taken orally or inhaled directly (nezulcitinib) and have favorable pharmacokinetic characteristics: short half-life; low plasma protein binding, and minimal interference with Cytochrome P450-mediated biotransformation pathways. JAK inhibitors are mostly eliminated by the kidneys as complete drugs, and partial or slight liver metabolism occurs (57).

However, different JAK inhibitors still have different mechanisms. Ruxolitinib inhibits JAK1 and JAK2 by terminating kinase activity, thus preventing STAT activation and nuclear translocation. Baricitinib is a kinase inhibitor that competes with adenosine triphosphate to efficiently and reversibly inhibit JAK1 and JAK2. Tofacitinib inhibits mainly JAK1 and JAK3 and to a lesser range the JAK2. The inhibition of JAK, especially JAK1 and JAK3, can block the signaling of multiple interleukins, thus reducing inflammatory cascade (55). The differences in the mechanisms of the three drugs may be the main reason for the differences in clinical outcomes. Besides, it has been reported in the previous literature that among the JAK inhibitors, baricitinib shows a particularly high affinity for AP-2 Associated Kinase 1 (AAK1) and is the only drug that can effectively inhibit AAK1 and Cyclin G-Associated Kinase at therapeutic concentrations. Ruxolitinib also shows a relatively high affinity for AKK1, but only tofacitinib does not show significant inhibition on AAK1 (58).

At present, the timing of JAK inhibitor use is also considered to be the key to the success of treatment. Winthrop have proposed a clinical staging system consisting of three COVID-19 stages in terms of illness development (59). The third stage is marked by severe extrapulmonary systemic hyperinflammation syndrome, ARDS, systemic inflammatory response syndrome, and impending multi-organ failure. It is believed that JAK inhibitors should be considered before multi-organ dysfunction. However, there is still no standard for the classification of disease development. Most of the included studies involved patients classified as moderate or severe according to the oxygenation index. The previous relevant meta-analysis also included subgroups classified by other patient severity scores. Current studies are insufficient to perform a network meta-analysis of study outcomes in patients with different disease severity receiving JAK inhibitors. Perhaps there will be differences in the efficacy of different drugs in patients of different severity.

There are some limitations to this research. First, to ensure the integrity of the included studies, in addition to RCTs, this study also included relevant high-quality observational studies. Although the evidence value of such observational studies is low, it is believed that the observational studies that have passed the screening nonetheless have high reference values. Second, the current JAK inhibitor-related network evidence map shows that the baricitinib-related studies account for the majority of all JAK inhibitors studies (14/28), hence also the majority of subjects were treated with that drug. However, because the data leading to the conclusion of better efficacy with ruxolitinib were drawn from relatively few studies, which may have affected the results of this network analysis, more high-quality RCTs on ruxolitinib are looked forward to. Finally, our analysis compares only the efficacy of the drug components but was not designed to consider specific drug doses. At present, most of JAK inhibitors used to treat COVID-19 use their own conventional treatment doses. We hoped that relevant RCT results can be published in the future. In addition, we have collected the ongoing clinical studies of related drugs (Supplementary Table 1), which will be tracked by us continuously.



Conclusion

JAK inhibitors appear to be a promising treatment for reducing mortality from COVID-19 and do not appear to increase the risk of adverse events. This network meta-analysis suggests that mortality benefits are associated with JAK inhibitors, and among these, ruxolitinib presents the greatest likelihood of having benefits for mortality and adverse events.



Data availability statement

The original contributions presented in this study are included in the article/Supplementary material, further inquiries can be directed to the corresponding authors.



Author contributions

RC, LZ, and LG contributed to determining the outline and content of the pairwise and Bayesian network meta-analysis. JN and ZL contributed to retrieving literature. JN, ZL, and ZH contributed to writing a draft of this manuscript. All authors contributed to revising the draft critically for important intellectual content, providing final confirmation of the revised version, being responsible for all aspects of the work, and read and approved the final manuscript.



Funding

This work was supported by the State Key Laboratory of Respiratory Disease (grant no. SKLRD-Z-202203), the Basic Research Program of Guangzhou (grant no. 202102010224), the Clinical Transformation Program of the First Affiliated Hospital of Guangzhou Medical University (grant nos. ZH201802 and ZH201914), the High-level University Program of Guangzhou Medical University (grant no. 2017[160]), and the Opening Project of State Key Laboratory of Respiratory Disease (grant no. SKLRD-0P-202115).



Acknowledgments

We thank John Daniel from Liwen Bianji (Edanz) (www.liwenbianji.cn) for editing the English text of a draft of this manuscript.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmed.2022.973688/full#supplementary-material


Abbreviations

JAK, Janus kinases; COVID-19, coronavirus disease-2019; SARS-CoV, severe acute respiratory syndrome-coronavirus; CRS, cytokine release syndrome; IL, interleukin; STAT, signal transducer and activator of transcription; SOC, standard of care; NMA, network meta-analysis; PRISMA, Preferred Reporting Items for meta-analysis; NOS, Newcastle–Ottawa Scale; RCTs, Randomized clinical trials; OR, odds ratio; 2D, two-dimensional; FDA, Food and Drug Administration; IFN-I, type I interferon (IFN-I); ARDS, acute respiratory distress syndrome.

Footnotes

1     http://www.prisma-statement.org


References

1. Kim JS, Lee JY, Yang JW, Lee KH, Effenberger M, Szpirt W, et al. Immunopathogenesis and treatment of cytokine storm in COVID-19. Theranostics. (2021) 11:316–29. doi: 10.7150/thno.49713

2. Luo W, Li YX, Jiang LJ, Chen Q, Wang T, Ye DW. Targeting JAK-STAT signaling to control cytokine release syndrome in COVID-19. Trends Pharmacol Sci. (2020) 41:531–43. doi: 10.1016/j.tips.2020.06.007

3. Ye Q, Wang B, Mao J. The pathogenesis and treatment of the ‘Cytokine Storm’ in COVID-19. J Infect. (2020) 80:607–13. doi: 10.1016/j.jinf.2020.03.037

4. Doshi PB, Whittle JS, Dungan G II, Volakis LI, Bublewicz M, Kearney J, et al. The ventilatory effect of high velocity nasal insufflation compared to non-invasive positive-pressure ventilation in the treatment of hypercapneic respiratory failure: A subgroup analysis. Heart Lung. (2020) 49:610–5. doi: 10.1016/j.hrtlng.2020.03.008

5. McLornan DP, Pope JE, Gotlib J, Harrison CN. Current and future status of JAK inhibitors. Lancet. (2021) 398:803–16. doi: 10.1016/s0140-6736(21)00438-4

6. Meletiadis J, Tsiodras S, Tsirigotis P. Interleukin-6 Blocking vs. JAK-STAT inhibition for prevention of lung injury in patients with COVID-19. Infect Dis Ther. (2020) 9:707–13. doi: 10.1007/s40121-020-00326-1

7. Huang J, Zhou C, Deng J, Zhou J. JAK inhibition as a new treatment strategy for patients with COVID-19. Biochem Pharmacol. (2022) 202:115162. doi: 10.1016/j.bcp.2022.115162

8. Zhang X, Shang L, Fan G, Gu X, Xu J, Wang Y, et al. The efficacy and safety of janus kinase inhibitors for patients with COVID-19: A living systematic review and meta-analysis. Front Med (Lausanne). (2021) 8:800492. doi: 10.3389/fmed.2021.800492

9. Chen CX, Wang JJ, Li H, Yuan LT, Gale RP, Liang Y. JAK-inhibitors for coronavirus disease-2019 (COVID-19): a meta-analysis. Leukemia. (2021) 35:2616–20. doi: 10.1038/s41375-021-01266-6

10. Limen RY, Sedono R, Sugiarto A, Hariyanto TI. Janus kinase (JAK)-inhibitors and coronavirus disease 2019 (Covid-19) outcomes: a systematic review and meta-analysis. Exp Rev Anti Infect Ther. (2022) 20:425–34. doi: 10.1080/14787210.2021.1982695

11. Kramer A, Prinz C, Fichtner F, Fischer AL, Thieme V, Grundeis F, et al. Janus kinase inhibitors for the treatment of COVID-19. Cochrane Database Syst Rev. (2022) 6:CD015209. doi: 10.1002/14651858.CD015209

12. Xiang M, Wu X, Jing H, Liu L, Wang C, Wang Y, et al. The impact of platelets on pulmonary microcirculation throughout COVID-19 and its persistent activating factors. Front Immunol. (2022) 13:955654. doi: 10.3389/fimmu.2022.955654

13. Levy G, Guglielmelli P, Langmuir P, Constantinescu SN. JAK inhibitors and COVID-19. J Immunother Cancer. (2022) 10:e002838. doi: 10.1136/jitc-2021-002838

14. Moher D, Liberati A, Tetzlaff J, Altman DG, Prisma Group. Preferred reporting items for systematic reviews and meta-analyses: the PRISMA statement. PLoS Med. (2009) 6:e1000097. doi: 10.1371/journal.pmed.1000097

15. Olivo SA, Macedo LG, Gadotti IC, Fuentes J, Stanton T, Magee DJ. Scales to assess the quality of randomized controlled trials: a systematic review. Phys Ther. (2008) 88:156–75. doi: 10.2522/ptj.20070147

16. Lo CK, Mertz D, Loeb M. Newcastle-Ottawa Scale: comparing reviewers’ to authors’ assessments. BMC Med Res Methodol. (2014) 14:45. doi: 10.1186/1471-2288-14-45

17. Oremus M, Wolfson C, Perrault A, Demers L, Momoli F, Moride Y. Interrater reliability of the modified jadad quality scale for systematic reviews of Alzheimer’s Disease drug trials. Dement Geriatr Cogn Disord. (2001) 12:232–6. doi: 10.1159/000051263

18. Margulis AV, Pladevall M, Riera-Guardia N, Varas-Lorenzo C, Hazell L, Berkman ND, et al. Quality assessment of observational studies in a drug-safety systematic review, comparison of two tools: the Newcastle-Ottawa Scale and the RTI item bank. Clin Epidemiol. (2014) 6:359–68. doi: 10.2147/CLEP.S66677

19. Kalil AC, Patterson TF, Mehta AK, Tomashek KM, Wolfe CR, Ghazaryan V, et al. Baricitinib plus remdesivir for hospitalized adults with Covid-19. N Engl J Med. (2021) 384:795–807. doi: 10.1056/NEJMoa2031994

20. Marconi VC, Ramanan AV, de Bono S, Kartman CE, Krishnan V, Liao R, et al. Efficacy and safety of baricitinib for the treatment of hospitalised adults with COVID-19 (COV-BARRIER): a randomised, double-blind, parallel-group, placebo-controlled phase 3 trial. Lancet Respir Med. (2021) 9:1407–18. doi: 10.1016/S2213-2600(21)00331-3

21. Cao Y, Wei J, Zou L, Jiang T, Wang G, Chen L, et al. Ruxolitinib in treatment of severe coronavirus disease 2019 (COVID-19): A multicenter, single-blind, randomized controlled trial. J Allergy Clin Immunol. (2020) 146:137–46. doi: 10.1016/j.jaci.2020.05.019

22. Guimarães PO, Quirk D, Furtado RH, Maia LN, Saraiva JF, Antunes MO, et al. Tofacitinib in Patients Hospitalized with Covid-19 Pneumonia. N Engl J Med. (2021) 385:406–15. doi: 10.1056/NEJMoa2101643

23. Rodriguez-Garcia JL, Sanchez-Nievas G, Arevalo-Serrano J, Garcia-Gomez C, Jimenez-Vizuete JM, Martinez-Alfaro E. Baricitinib improves respiratory function in patients treated with corticosteroids for SARS-CoV-2 pneumonia: an observational cohort study. Rheumatology (Oxford). (2021) 60:399–407. doi: 10.1093/rheumatology/keaa587

24. Bronte V, Ugel S, Tinazzi E, Vella A, De Sanctis F, Canè S, et al. Baricitinib restrains the immune dysregulation in patients with severe COVID-19. J Clin Invest. (2020) 130:6409–16. doi: 10.1172/JCI141772

25. Masia M, Padilla S, Garcia JA, Garcia-Abellan J, Navarro A, Guillen L, et al. Impact of the addition of baricitinib to standard of care including tocilizumab and corticosteroids on mortality and safety in severe COVID-19. Front Med. (2021) 8:749657. doi: 10.3389/fmed.2021.749657

26. Abizanda P, Calbo Mayo JM, Mas Romero M, Cortés Zamora EB, Tabernero Sahuquillo MT, Romero Rizos L, et al. Baricitinib reduces 30-day mortality in older adults with moderate-to-severe COVID-19 pneumonia. J Am Geriatr Soc. (2021) 69:2752–8. doi: 10.1111/jgs.17357

27. D’Alessio A, Del Poggio P, Bracchi F, Cesana G, Sertori N, Di Mauro D, et al. Low-dose ruxolitinib plus steroid in severe SARS-CoV-2 pneumonia. Leukemia. (2021) 35:635–8. doi: 10.1038/s41375-020-01087-z

28. Iastrebner M, Castro J, García Espina E, Lettieri C, Payaslian S, Cuesta MC, et al. Ruxolitinib in severe COVID-19: Results of a multicenter, prospective, single arm, open-label clinical study to investigate the efficacy and safety of ruxolitinib in patients with COVID-19 and severe acute respiratory syndrome. Rev Fac Cien Med Univ Nac Cordoba. (2021) 78:294–302. doi: 10.31053/1853.0605.v78.n3.32800

29. Stanevich OV, Fomina DS, Bakulin IG, Galeev SI, Bakin EA, Belash VA, et al. Ruxolitinib versus dexamethasone in hospitalized adults with COVID-19: multicenter matched cohort study. BMC Infect Dis. (2021) 21:1277. doi: 10.1186/s12879-021-06982-z

30. Giudice V, Pagliano P, Vatrella A, Masullo A, Poto S, Polverino BM, et al. Combination of ruxolitinib and eculizumab for treatment of severe SARS-CoV-2-Related acute respiratory distress syndrome: A controlled study. Front Pharmacol. (2020) 11:857. doi: 10.3389/fphar.2020.00857

31. Maslennikov R, Ivashkin V, Vasilieva E, Chipurik M, Semikova P, Semenets V, et al. Tofacitinib reduces mortality in coronavirus disease 2019 Tofacitinib in COVID-19. Pulm Pharmacol Ther. (2021) 69:102039. doi: 10.1016/j.pupt.2021.102039

32. Pérez-Alba E, Nuzzolo-Shihadeh L, Aguirre-García GM, Espinosa-Mora J, Lecona-Garcia JD, Flores-Pérez RO, et al. Baricitinib plus dexamethasone compared to dexamethasone for the treatment of severe COVID-19 pneumonia: A retrospective analysis. J Microbiol Immunol Infect. (2021) 54:787–93. doi: 10.1016/j.jmii.2021.05.009

33. Rosas J, Liaño FP, Cantó ML, Barea JMC, Beser AR, Rabasa JTA, et al. Experience with the use of baricitinib and tocilizumab monotherapy or combined, in patients with interstitial pneumonia secondary to coronavirus COVID19: A real-world study. Reumatol Clin (Engl Ed). (2020) 28:150–6. doi: 10.1016/j.reuma.2020.10.009

34. Cantini F, Niccoli L, Nannini C, Matarrese D, Natale MED, Lotti P, et al. Beneficial impact of Baricitinib in COVID-19 moderate pneumonia; multicentre study. J Infect. (2020) 81:647–79. doi: 10.1016/j.jinf.2020.06.052

35. Stebbing J, Sánchez Nievas G, Falcone M, Youhanna S, Richardson P, Ottaviani S, et al. JAK inhibition reduces SARS-CoV-2 liver infectivity and modulates inflammatory responses to reduce morbidity and mortality. Sci Adv. (2021) 7:eabe4724. doi: 10.1126/sciadv.abe4724

36. Tziolos N, Karofylakis E, Grigoropoulos I, Kazakou P, Koullias E, Savva A, et al. Real-Life effectiveness and safety of baricitinib as adjunctive to standard-of-care treatment in hospitalized patients with Severe Coronavirus Disease 2019. Open Forum Infect Dis. (2021) 9:ofab588. doi: 10.1093/ofid/ofab588

37. Falcone M, Tiseo G, Barbieri G, Galfo V, Russo A, Virdis A, et al. Role of low-molecular-weight heparin in hospitalized patients with severe acute respiratory syndrome coronavirus 2 Pneumonia: A prospective observational study. Open Forum Infect Dis. (2020) 7:ofaa563. doi: 10.1093/ofid/ofaa563

38. Hayek ME, Mansour M, Ndetan H, Burkes Q, Corkern R, Dulli A, et al. Anti-Inflammatory treatment of COVID-19 Pneumonia with tofacitinib alone or in combination with dexamethasone is safe and possibly superior to dexamethasone as a single agent in a predominantly african american cohort. Mayo Clin Proc Innov Qual Outcomes. (2021) 5:605–13. doi: 10.1016/j.mayocpiqo.2021.03.007

39. Singh PK, Lalwani LK, Govindagoudar MB, Aggarwal R, Chaudhry D, Kumar P, et al. Tofacitinib associated with reduced intubation rates in the management of severe COVID-19 pneumonia: A preliminary experience. Indian J Crit Care Med. (2021) 25:1108–12. doi: 10.5005/jp-journals-10071-23964

40. Incyte Corporation. Assessment of efficacy and safety of ruxolitinib in participants with COVID-19-Associated ARDS Who Require Mechanical Ventilation (RUXCOVID-DEVENT).ClinicalTrials.gov.NCT04377620. (2021) Wilmington: Incyte Corporation.

41. Melikhov O, Kruglova T, Lytkina K, Melkonyan G, Prokhorovich E, Putsman G, et al. Use of Janus kinase inhibitors in COVID-19: a prospective observational series in 522 individuals. Ann Rheum Dis. (2021) 80:1245–6. doi: 10.1136/annrheumdis-2021-220049

42. Kojima Y, Nakakubo S, Takei N, Kamada K, Yamashita Y, Nakamura J, et al. Comparative efficacy of tocilizumab and baricitinib administration in COVID-19 treatment: A retrospective cohort study. Medicina (Kaunas). (2022) 58:513. doi: 10.3390/medicina58040513

43. Wolfe CR, Tomashek KM, Patterson TF, Gomez CA, Marconi VC, Jain MK, et al. Baricitinib versus dexamethasone for adults hospitalised with COVID-19 (ACTT-4): a randomised, double-blind, double placebo-controlled trial. Lancet Respir Med. (2022) 10:888–99. doi: 10.1016/S2213-2600(22)00088-1

44. Han MK, Antila M, Ficker JH, Gordeev I, Guerreros A, Bernus AL, et al. Ruxolitinib in addition to standard of care for the treatment of patients admitted to hospital with COVID-19 (RUXCOVID): a randomised, double-blind, placebo-controlled, phase 3 trial. Lancet Rheumatol. (2022) 4:e351–61. doi: 10.1016/S2665-9913(22)00044-3

45. Ely EW, Ramanan AV, Kartman CE, de Bono S, Liao R, Piruzeli MLB, et al. Efficacy and safety of baricitinib plus standard of care for the treatment of critically ill hospitalised adults with COVID-19 on invasive mechanical ventilation or extracorporeal membrane oxygenation: an exploratory, randomised, placebo-controlled trial. Lancet Respir Med. (2022) 10:327–36. doi: 10.1016/S2213-2600(22)00006-6

46. Singh D, Bogus M, Moskalenko V, Lord R, Moran EJ, Crater GD, et al. A phase 2 multiple ascending dose study of the inhaled pan-JAK inhibitor nezulcitinib (TD-0903) in severe COVID-19. Eur Respir J. (2021) 58:2100673. doi: 10.1183/13993003.00673-2021

47. Mavridis D, Salanti G. A practical introduction to multivariate meta-analysis. Stat Methods Med Res. (2013) 22:133–58. doi: 10.1177/0962280211432219

48. Harrison C, Kiladjian JJ, Al-Ali HK, Gisslinger H, Waltzman R, Stalbovskaya V, et al. JAK inhibition with ruxolitinib versus best available therapy for myelofibrosis. N Engl J Med. (2012) 366:787–98. doi: 10.1056/NEJMoa1110556

49. Vannucchi AM, Kiladjian JJ, Griesshammer M, Masszi T, Durrant S, Passamonti F, et al. Ruxolitinib versus standard therapy for the treatment of polycythemia vera. N Engl J Med. (2015) 372:426–35. doi: 10.1056/NEJMoa1409002

50. Mehta P, Ciurtin C, Scully M, Levi M, Chambers RC. JAK inhibitors in COVID-19: the need for vigilance regarding increased inherent thrombotic risk. Eur Respir J. (2020) 56:2001919. doi: 10.1183/13993003.01919-2020

51. Scott IC, Hider SL, Scott DL. Thromboembolism with Janus Kinase (JAK) inhibitors for rheumatoid arthritis: How real is the risk? Drug Saf. (2018) 41:645–53. doi: 10.1007/s40264-018-0651-5

52. Ytterberg SR, Bhatt DL, Mikuls TR, Koch GG, Fleischmann R, Rivas JL, et al. ORAL surveillance investigators. Cardiovascular and cancer risk with tofacitinib in rheumatoid arthritis. N Engl J Med. (2022) 386:316–26. doi: 10.1056/NEJMoa2109927

53. Florescu DF, Kalil AC. Janus Kinase inhibitors for the treatment of hospitalized patients with COVID-19. Curr Opin Crit Care. (2021) 27:493–6. doi: 10.1097/MCC.0000000000000869

54. Channappanavar R, Fehr AR, Zheng J, Wohlford-Lenane C, Abrahante JE, Mack M, et al. IFN-I response timing relative to virus replication determines MERS coronavirus infection outcomes. J Clin Invest. (2019) 129:3625–39. doi: 10.1172/JCI126363

55. Spinelli FR, Meylan F, O’Shea JJ, Gadina M. JAK inhibitors: Ten years after. Eur J Immunol. (2021) 51:1615–27. doi: 10.1002/eji.202048922

56. Lin CM, Cooles FA, Isaacs JD. Basic Mechanisms of JAK Inhibition. Mediterr J Rheumatol. (2020) 31(Suppl 1):100–4. doi: 10.31138/mjr.31.1.100

57. Veeravalli V, Dash RP, Thomas JA, Babu RJ, Madgula LMV, Srinivas NR. Critical assessment of pharmacokinetic drug-drug interaction potential of tofacitinib, baricitinib and upadacitinib, the three approved janus kinase inhibitors for rheumatoid arthritis treatment. Drug Saf. (2020) 43:711–25. doi: 10.1007/s40264-020-00938-z

58. Stebbing J, Phelan A, Griffin I, Tucker C, Oechsle O, Smith D, et al. COVID-19: combining antiviral and anti-inflammatory treatments. Lancet Infect Dis. (2020) 20:400–2. doi: 10.1016/S1473-3099(20)30132-8

59. Winthrop KL. The emerging safety profile of JAK inhibitors in rheumatic disease. Nat Rev Rheumatol. (2017) 13:234–43. doi: 10.1038/nrrheum.2017.23












	
	TYPE Original Research
PUBLISHED 24 November 2022
DOI 10.3389/fpubh.2022.1024535






Inflammatory biomarkers and cardiac injury in COVID-19 patients

Ayesha Mumtaz1, Erum Rehman2, Mohammad Anisur Rahaman3,4 and Shazia Rehman5*


1School of Public Administration, Hangzhou Normal University, Hangzhou, China

2Department of Mathematics, Nazarbayev University, Nur-Sultan, Kazakhstan

3College of Public Administration, Zhejiang University, Hangzhou, China

4Department of Sociology, Bangabandhu Sheikh Mujibur Rahman Science and Technology University, Gopalganj, Bangladesh

5Department of Biomedical Sciences, Pak-Austria Fachhochschule, Institute of Applied Sciences and Technology, Haripur, Pakistan

[image: image2]

OPEN ACCESS

EDITED BY
Reza Lashgari, Shahid Beheshti University, Iran

REVIEWED BY
Gul Jabeen, Harbin Institute of Technology, Shenzhen, China
 Jay Prakash Prasad Kumal, Janaki Medical College Teaching Hospital, Nepal

*CORRESPONDENCE
 Shazia Rehman, rehmanshazia.malik@gmail.com

SPECIALTY SECTION
 This article was submitted to Infectious Diseases: Epidemiology and Prevention, a section of the journal Frontiers in Public Health

RECEIVED 22 August 2022
 ACCEPTED 09 November 2022
 PUBLISHED 24 November 2022

CITATION
 Mumtaz A, Rehman E, Rahaman MA and Rehman S (2022) Inflammatory biomarkers and cardiac injury in COVID-19 patients. Front. Public Health 10:1024535. doi: 10.3389/fpubh.2022.1024535

COPYRIGHT
 © 2022 Mumtaz, Rehman, Rahaman and Rehman. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



Introduction: Cardiac injury has received considerable attention due to the higher risk of morbidity and mortality associated with coronavirus disease. However, in a developing country, there is a scarcity of data on cardiac injury in COVID-19 patients related to inflammatory biomarkers.

Methods: Therefore, the present research retrospectively analyzes data from three territorial hospitals in Pakistan's Punjab province to investigate the potential impact of the cardiac injury on the mortality and severity of COVID-19-infected patients. We evaluated 2,051 patients between January 16 and April 18, 2022, with confirmed COVID-19. The in-hospital mortality recorded for the selected sample size was about 16.28%.

Results: The majority of the participants were identified as male (64%) with a median age of 65 years. Also, fever, fatigue, and dyspnea were reported as common symptoms. An aggregate of 623 patients (30.38%) had a cardiac injury, and when these patients are compared to those without cardiac injury, the participants were significantly older and had more comorbidities with higher leukocyte counts, elevated levels of C-reactive protein, interleukin-6, procalcitonin, myohemoglobin, creatinine kinase-myocardial band, serum creatinine, high-sensitivity troponin-I, N-terminal pro-B-type natriuretic peptide had a significant amount of multiple ground-glass opacity and bilateral pulmonary infiltration in radiographic results. Participants with heart injury required more non-invasive or invasive mechanical respiration than those who did not have a cardiac injury. Individuals with cardiac injury had higher rates of sepsis, acute respiratory distress syndrome (ARDS), d-dimer concentration, and respiratory failure than those without cardiac injury. Patients who had had a cardiac injury died at a higher rate than those who had not suffered cardiac damage. In the multivariable logistic regression analysis, participants with cardiac injury showed greater odds of COVID-19 mortality and were found associated with older age (OR = 1.99, 95% CI = 0.04–3.19), elevated cardiac troponin I (OR = 18.64, 95% CI = 13.16–23.01), the complication of sepsis (OR = 10.39, 95% CI = 7.41–13.39) and ARDS (OR = 6.65, 95% CI = 4.04–8.91).

Conclusion: Cardiac injury is a frequent complication among patients with coronavirus-induced infection in Punjab, Pakistan, and it is significantly linked to a greater risk of in-hospital mortality.

KEYWORDS
 SARS-CoV-2, COVID-19, cardiac injury, severe patients, cardiac biomarkers, inflammatory biomarkers, coagulation biomarkers, mortality


Introduction

Millions of people who have contracted the coronavirus disease 2019 (COVID-19), spurred by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) (1), have experienced significant morbidity and fatality. The clinical manifestations of patients infected by COVID-19 have previously been identified by a growing body of research (2–4). The cumulative COVID-19 mortality rate was estimated to be about 2.3% among general laboratory-confirmed cases (5), while it exceeded ten percent in hospitalized settings and eventually approached 40% in severe patients (6). The pathogens are single-stranded RNA viruses that have a strong capability for rapid transformation and recombination. They can infect both people and animals through their respiratory system or gastrointestinal tract (7). SARS-CoV-2 infection develops as a consequence of the virus's surface S-protein interacting with angiotensin-converting enzyme 2 (ACE2), which functions as a viral sensor. ACE2 is predominantly found in the lungs and appears to be the virus's primary access point. It is also abundant in the heart, which might contribute to cardiac disorders (7, 8). The major therapeutic diagnoses against COVID-19 infection involve respiratory disorders, ranging from mild to potentially lethal acute respiratory distress syndrome (ARDS). Besides, as in other respiratory infections, pre-existing cardiovascular diseases and risk factors can increase the severity of COVID-19, leading to the aggravation and decompensation of chronic underlying cardiac pathologies as well as acute-onset of new cardiac complications (5), highlighting that myocardial injury can be present in approximately 12% of hospitalized patients with SARS-CoV-2 infection (9).

Cardiac injury has received considerable attention due to the higher risk of morbidity and mortality associated with coronavirus disease (10). Several mechanisms and patterns of injury have been linked to cardiovascular involvement in individuals with coronavirus disease (COVID-19) (11, 12). More than 30% of hospitalized patients with COVID-19 had cardiac involvement, as evidenced by increased troponin levels, which are linked to poor short-term outcomes (13–15). Elevated troponins, with or without a prior history of CVD, were linked to malignant arrhythmias, sudden respiratory failure, and increased mortality in a case series of 187 individuals with COVID-19 (3, 15). Surprisingly, individuals with established CVD but no increased troponins had a better prognosis. Acute cardiac injury signifies a poor prognosis, an urgent requirement for mechanical ventilation, and a higher rate of mortality. There is a scarcity of data on cardiac injury in COVID-19 patients in a developing country like Pakistan. Therefore, the present research retrospectively analyzes data from three territorial hospitals in Pakistan's Punjab province to investigate the potential impact of the cardiac injury on the mortality and severity of COVID-19-infected patients.



Materials and methods


Data source and study participants

All enrolled 2,763 patients, who were referred to the Benazir Bhutto Hospital of Rawalpindi, the Services Hospital of Lahore, and the Nishtar Hospital of Multan in the Punjab province from January 16, 2022, to April 18, 2022, were retrospectively and consecutively analyzed. As of April 29, 2022, the clinical results of the entire hospitalized patient population were obtained. All cases with SARS-CoV-2 infection in the present investigation have been identified grounded on interim direction from the WHO. According to the arrangements by the Pakistani government, all individuals identified with COVID-19 were treated at these three authorized hospitals. Written or oral informed consent was received from all participating patients and their families. The Ethics Review Committee of the chosen hospitals, which is a regulatory authority under the Ministry of Health of Pakistan, granted clearance for the study (KIIT 2022/PK 2022-104-MS 68).

Healthcare data from patient's medical records and attending doctors, including demographic attributes (gender, age), clinical findings on symptoms, co-morbid, laboratory parameters, imaging features, in-hospital therapies, complications, prognosis, and cardiac examination results (cardiac biomarkers, electrocardiography, and echocardiography). Any patient who had started experiencing an onset of fever, fatigue, cough, and/or body pains was considered in the study. Following the exclusion of patients who remained admitted to a hospital (n = 425) or were not identified by SARS-CoV-2 RNA detection (n = 32) as of April 18, 2022, a total of 2,306 eligible patients were left. In total of 2,160 participants were left for the analysis after additional exclusions for patients who did not have the most pertinent information in their medical records. The cases lacking cardiac biomarkers (n = 109), including creatinine kinase–myocardial band (CK-MB) and higher levels of troponin-I (hs-TNI) values, were also eliminated. After avoidance, a total of 2,051 cases with a confirmed diagnosis of SARS-CoV-2 have been cleared out for the final investigations. A flowchart for patient registration is shown in Figure 1.


[image: Figure 1]
FIGURE 1
 Patient recruitment flowchart.


The history of exposure has been reported as exposure to individuals who had been diagnosed with SARS-CoV-2. Serum cytokine levels (IL-6, TNF-α, and IL-8) were measured at the time of admission. It was determined that underlying co-morbidities existed following the International Classification of Diseases (revision 10). Cardiac biomarkers such as elevated troponin-I, CK-MB, and myohemoglobin were assessed at admission time. Chest radiography and computerized tomography (CT) were among the radiologic examinations. Patients were divided into groups based on whether or not they had suffered heart injury. Despite new abnormalities in electrocardiograms and echocardiograms, heart injury was characterized by elevated cardiac biomarkers in the blood (i.e., above the 99th percentile upper reference limit). The Berlin concept was coined to characterize acute respiratory distress syndrome. The renal disease: Improving Global Outcome criteria were adopted to identify acute kidney damage.

Prior to final data input, participants' data were checked for consistency by two competent biostatisticians before being entered into an electronic database. In-hospital patient mortality, hospital discharge, and hospitalization were all included as clinical outcomes. On or before April 29, 2022, a follow-up was required. An acute COVID-19 incident was identified by the Infectious Diseases Society of America and the American Thoracic Society for Diagnosis and Treatment of Adults in Community-Acquired Pneumonia 2019.



Detection of COVID-19

A confirmed COVID-19 infection has been defined as a real-time RT-PCR test result that is positive for nasal and oropharyngeal swab samples. All medical staff members who treat infectious patients have the professional training and expertise necessary to implement established infection prevention techniques and policies. All participants who presented in a single viral medium tube were asked to collect combined oropharyngeal and nasopharyngeal swabs collections while following transmission prevention measures. Swabs from the throat (oropharyngeal, OP) are extracted by immediately placing the swab into a sterile tube with 2 to 3 ml of viral transport media after swabbing the tonsils and posterior pharynx at least two to three rounds with a nylon-flocked swab while bypassing the tongue region. The biological samples were carefully secured and taken to the lab in strict accordance with the established methodology.



Statistical analysis

For the chosen population, the fundamental clinical and epidemiological characteristics of patients with related co-morbidities, contraindications, and inpatient treatments have been compiled in percentages and frequencies. For continuous variables, the median and interquartile (IQ) ranges are descriptive statistics. Mann- Whitney U test was carried out for continuous data, while for continuous variables, the χ2 test and Fisher exact tests were used as desired. We conducted a univariate study to investigate the factors linked to COVID-19 patient deaths. The multivariable logistic regression analysis, in which those factors were modified, was used to include the significant variables identified by the univariate analysis (P < P < 0.05). To report the relationship between patients with and without cardiac injury, an odds ratio (OR) with a 95 percent confidence interval (CI) was utilized. It has been shown that a P value of less than 5% is statistically significant. The SAS software, version 9.3 (SAS Institute Inc., Cary, NC, USA), was used for all statistical calculations unless otherwise stated.




Results


Baseline demographic and clinical characteristics of COVID-19 patients

Table 1 summarizes the patients' baseline demographic and clinical features. Of all 2,051 confirmed COVID-19 patients, 623 (30.4%) were with cardiac injury and 1,428 (69.6%) were without cardiac injury. The estimated median age of the study population was 65 years with an interquartile range of 53.0–78.0 years. The proportion of males (69%; 427 of 623) was observed higher among patients with cardiac injury as contrasted with those without cardiac injury. An aggregate of 1,130 patients was ≥65 years and approximately half of the patients (56%; 1,155 of 2,051) were recognized as smokers compared with non-smokers (35%; 221 of 623). Among patients with cardiac injury, about half of patients were pinned down as obese with a BMI ≥ 30. Almost 60% of cases in the study population showed up with an exposure history. COVID-19's first reported case was dated 26 February 2020. Approximately 10% of all the participated patients were detected as asymptomatic via computed tomography (CT) screening. Compared to cases without cardiac injury, patients with cardiac injury had to wait much longer from the time an infection started to the time they went to an outpatient facility and then to the time they were admitted. Among 2,051 patients, 39% of patients had hospital visits more than twice of whom 33% were cardiac injury cases.


TABLE 1 Baseline demographic and clinical characteristics of COVID-19 patients.
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Briefly, of all 2,051 cases with confirmed COVID-19 illness, fever (1,658 of 2,051 cases; 81%), fatigue (1,420 of 2,051 cases; 69%) and dyspnea (1,109 of 2,051 cases; 54%) were the most frequent symptoms identified, followed by sore throat (974 of 2,051 cases; 47%), rhinorrhea (926 of 2,051 cases; 45%), cough (855 of 2,051 cases; 42%), sputum production (777 of 2,051 cases; 38%), chest pain (723 of 2,051 cases; 35%), and dizziness/headache (696 of 2,051 cases; 34%). The less common symptoms observed on admission were nausea/vomiting (554 of 2,051 cases; 27%), chill (433 of 2,051 cases; 21%), chest distress (416 of 2,051 cases; 20%) abdominal pain (366 of 2,051 cases; 18%) diarrhea (327 of 2,051 cases; 16%) and myalgia or arthralgia (301 of 2,051 cases; 15%). Among the overall population, a variety of coexisting illnesses were observed during the investigation. Hypertension (1,065 of 2,051 cases; 52%) and diabetes mellitus (1,010 of 2,051 cases; 49%) were the most common coexisting conditions identified among SARS-CoV-2 infected patients. The second most common associated comorbidities found in the study population were cerebrovascular disease (986 of 2,051 cases; 48%) and CHD (965 of 2,051 cases; 47%). The proportion of COPD, chronic renal disease, congestive heart failure, chronic liver disease, tuberculosis, asthma, and hepatitis B was 521 in 2,051(25%), 212 in 2,051(10%), 156 in 2,051 (8%), 96 of 2,051(5%), 88 of 2,051(4%), 55 of 2,051(3%), and 23 of 2,051(1%) respectively. Besides, the ratio of patients was less than 1% with a background marked by carcinoma, tumor, and HIV.

Compared with cases without cardiac injury, those who suffered from cardiac injury were more likely to be elderly [72.0 (65.0–92.5)] vs. [62.0 (55.5–76.0)] and male (69 vs. 62%). Dyspnea [(435 of 2,051 cases; 70%) vs. (674 of 2,051 cases; 47%)] and chest pain [(332 of 2,051 cases; 53%) vs. (391 of 2,051 cases; 27%)] were more likely to be present among them. Furthermore, almost all the associated comorbidities were present more often among cardiac injury patients except carcinoma, tumor, and HIV (Table 1). In terms of clinical classification, 705 (34%) patients were reported as severely ill and 1,346 (66%) patients were non-severe. Among severe cases, slightly more than half of the patients (324 of 623 cases; 52%) were identified with cardiac injury. During the diagnostic procedure, we found that 1,211 patients (59%) had a positive result in the first RT-PCR test, and 739 patients (36%) had a positive result in the second RT-PCR test. Surprisingly, another 101 patients (5%) remained negative until a third test.



Radiologic and laboratory findings of hospitalized patients with COVID-19 illness

Table 2 summarizes the detailed results of radiological and laboratory outcomes of participants infected with SARS-CoV-2 on admission to the hospital. All participants underwent radiological evaluations. According to computed tomography and chest radiography findings, the proportion of bilateral pulmonary infiltration was seen in 76% of patients (1,643 of 2,051 cases), ground-glass opacity was shown in 31% of patients (633 of 2,051 cases), whereas, 26% showed consolidation (524 of 2,051 cases). Among cardiac injury patients, bilateral pulmonary infiltration (567 of 623 cases; 91%) was shown to be more common than in patients without cardiac injury (1,076 of 2,051; 75%). Moreover, the results of ground-glass opacity images were more often in patients with cardiac injury than compared to patients without cardiac injury. Among participants with cardiac injury, slightly more than half of patients 325 (52%) experienced examination of electrocardiogram (ECG) after they arrived in the hospital, and 212 of 325 ECGs (65%) were completed during the period with elevated cardiac biomarkers. Depression and inversion of T-wave, depression in ST-segment, and Q waves were detected in all two hundred and twelve ECGs, indicating myocardial ischemia.


TABLE 2 Radiologic and laboratory results of hospitalized patients with COVID-19 illness.
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On admission, the half proportion of the overall population had their platelet and lymphocyte count below the normal range and hence suffered from thrombocytopenia (1,028 of 2,051 cases) and lymphopenia (1,027 of 2,051 cases), respectively. Among 2,051 patients, more than 35% had an abnormality of neutrophils (739 of 2,051 cases) and WBC (780 of 2,051 cases) count. Cases with heart injury were more likely to experience abnormal levels of WBC (88 vs. 75%), platelets (57 vs. 48%), and lymphocyte (91 vs. 72%) count when compared with those without cardiac injury. Overall, among cardiac biomarkers, NT-proBNP was elevated in 61% (1,256 of 2,051), LDH in 41% (841 of 2,051 cases), cardiac troponin I in 25% (513 of 2,051 cases), MYO in 17% (353 of 2,051 cases), and CK-MB in 9% (188 of 2,051) of the whole population. In case of infection-related markers, CRP (59%; 1,211 of 2,051 cases), ESR (58%; 1,191 of 2,051 cases), IL-6 (51%; 1,047 of 2,051 cases) and serum ferritin (58%; 1,192 of 2,051 cases) were elevated in more than half of the population, followed by TNF-α (47%; 971 of 2,051 cases), PCT (26%; 534 of 2,051 cases), IL-10 (13%; 269 of 2,051 cases) and IL-8 (8%; 174 of 2,051 cases). In a substantial fraction of the infected individuals, coagulation markers such as d-dimer and fibrinogen were also elevated, with d-dimer in 56% and fibrinogen in 60% of the infected patients. Abnormal levels of liver and renal biomarkers were also reported among cardiac injury patients (except albumin; 32 vs. 45%) when compared to individuals without heart injury (ALT; 25 vs. 22%, AST; 23 vs. 19%, serum creatinine; 32 vs. 19%). On admission, infected participants with heart injury had an increased percentage of elevated levels of cardiac markers, inflammation, coagulation, and liver and renal contrasted with those without heart injury.



Complications, treatment, and outcomes of hospitalized patients with COVID-19 illness

Table 3 summarizes the complications and therapies administered to COVID-19 participants while they were hospitalized. Throughout the follow-up period, the complications associated with COVID-19 disease were investigated. In aggregate, sepsis was the most prevalent condition among infected individuals. In addition, ARDS (33%; 677 of 2,051 cases) and respiratory failure (31%; 642 of 2,051 cases) occurred in more than 30% of all patients, of whom more than 60% were with cardiac injury. Other common complications occurred during hospitalization were septic shock (29%; 594 of 2,051 cases), bacteremia (17%; 349 of 2,051 cases), hyperglycemia (16%; 329 of 2,051 cases), electrolyte disturbance (11%; 226 of 2,051 cases), anemia (7%; 144 of 2,051 cases), hypoproteinemia (5%; 103 of 2,051 cases), coagulopathy (4%; 83 of 2,051 cases), acidosis (4%; 82 of 2,051 cases) and acute kidney injury (5%; 41 of 2,051 cases). Throughout the follow-up, an estimated 334 patients (16%) died, and 1,717 patients (84%) were recovered and discharged. Among 1,717 cases, 97% were without cardiac injury, and 52% were with cardiac injury. An elevated mortality rate (48%; 297 of 623 vs. 2%; 37 of 1,428) was observed in patients with heart injury as compared to those with no observed heart injury. During hospitalization pharmacological and non-pharmacological therapies were used to treat COVID-19, as appropriate. In pharmacological therapy, the ratio of antiviral therapy use was the maximum (94%; 1,932 of 2,051 cases), followed by intravenous corticosteroids (78%; 1,601 of 2,051 cases), intravenous immunoglobulin therapy (65%; 1,337 of 2,051 cases), and antibiotic therapy (65%; 1,338 of 2,051 cases). Forty-one patients (2%) were facilitated with continuous renal therapy among all participants. An aggregate of 1,871 patients was treated with oxygen support of whom high-flow nasal cannula oxygen therapy was given to 1,436 of 2,051 (70%) patients, non-invasive mechanical ventilation was provided to two-hundred and sixty-six patients (13%), and invasive ventilation was facilitated to one-hundred and sixty-nine patients (8%). Extracorporeal membrane oxygenation (ECMO) procedure was performed on twenty patients who were severely ill.


TABLE 3 Complications, treatment, and outcomes of infected patients during hospitalization.
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In comparison with those without heart injury, participants with heart injury were more likely to require non-invasive mechanical ventilation (38%; 237 of 623 vs. 2%; 29 of 1,428) and invasive mechanical ventilation (20%; 126 of 623 vs. 3%; 43 of 1,428). The use of pharmacological therapy such as an antibiotic (88 vs. 55%) and antiviral (99 vs. 92%) treatment, intravenous corticosteroids (90 vs. 73%), and immunoglobin (86 vs. 56%) was observed significantly greater in patients with heart injury against those without heart injury. Except for acidosis, the complications occurred more frequent in cardiac injury patients when compared with patients with no cardiac injury that included sepsis (66 vs. 60%), respiratory failure (62 vs. 18%), ARDS (61 vs. 21%), septic shock (47 vs. 21%), bacteremia (36 vs. 9%), hyperglycemia (21 vs. 14%), electrolyte disturbance (20 vs. 7%), anemia (13 vs. 4%), hypoproteinemia (8 vs. 4%), coagulopathy (9 vs. 2%), and acute kidney injury (3 vs. 1%).



Potential risk factors and mortality in patients with cardiac injury

In univariable analysis, odds (OR) of in-hospital death were seen higher and significant in participants with elevated level of troponin I (OR: 23.09 with p < 0.0001), IL-6 (OR: 18.6 with p < 0.0001), and d-dimer (OR: 16.37 with p < 0.001), followed by age (OR: 2.21 with p < 0.0001), hypertension (OR: 4.35 with p < 0.001), CHD (OR: 3.39 with p < 0.001), lymphopenia (OR: 0.24 with p < 0.001), CK-MB (OR: 4.1 with p < 0.001), septicemia (OR: 11.67 with p < 0.001) and ARDS (OR: 7.07 with p < 0.001). Also, participants with heart injury showed a significant odd ratio of 8.42 linked with in-hospital mortality of infected individuals. After adjusting for age, hypertension, CHD, lymphocyte count, cardiac troponin I, CK-MB, IL-6, d-dimer, sepsis, and ARDS, the multivariate logistic regression model revealed a considerably higher risk of death than those who did not have a cardiac injury, Moreover, age (OR:1.99, p < 0.001), septicemia (OR:10.39, p < 0.001), and ARDS (OR:6.65, p < 0.0001) were all shown to be independent risk factors for COVID-19 patients' death. Under the multivariate odds ratio model, cardiac troponin I come up with an independent prognostic marker of mortality with an OR of 18.64 (p < 0.0001) (Table 4).


TABLE 4 Potential risk factors linked with in-hospital mortality of COVID-19 patients.
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Discussion

The present investigation indicated a statistically significant link between heart injury and death in corona-infected participants. Cardiac injury was shown to be related to an unexpectedly high incidence of death during hospitalization (30.4 %). The most common causes of COVID-19-induced mortality include sepsis and ARDS. In patients with heart impairment, sepsis and ARDS were revealed to be significant in multivariate analysis. Severe pneumonia has been linked to admittance to an intensive care unit (ICU), mechanical ventilation, and mortality in several epidemiological studies (4, 16). These findings imply that heart injury may be linked to COVID-19's poor clinical consequences. Consistently, the present analysis also identified 30.4% of participants with heart injury and showed that heart injury was linked independently with an elevated risk of death in corona-infected participants in the Pakistani setting. Acute sickness was more severe in people with heart injury than in those with no heart injury, as evidenced by abnormal radiological and laboratory findings including higher CRP, creatinine levels, and NT-proBNP; more bilateral pulmonary infiltration and multiple ground-glass opacity, and a significant portion necessitate invasive or non-invasive ventilation.

In an investigation of 121 SARS patients with cardiac abnormalities, hypertension was reported in 50.4% of those admitted to the hospital. Among them, 71.9% proved lasting tachycardia, with about 40% having constant tachycardia throughout outpatient follow-up (17). Although tachycardic cardiovascular abnormalities were prevalent in SARS individuals, they were typically self-limiting and not linked to a higher risk of mortality. In comparison to SARS, about 48% of participants with cardiac injury died in the hospital demonstrating that coronavirus-induced heart injury is significantly associated with serious clinical consequences in the present analysis. The etiology of cardiac injury in these COVID-19 individuals, however, is unknown.

Elevated hypersensitive troponin-I is a frequent co-morbidity in COVID-19 participants, with 12–77% reporting cardiac injury (18). COVID-19 has been implicated as a cause of myocardial damage, as evidenced by increased cardiac troponin-I levels (16, 19, 20). This study indicates that patients who have an increased cardiac troponin-I level during admission have a substantially greater in-hospital mortality rate than patients who do not have a cardiac injury. There are various possibilities for COVID-19-related myocardial damage, which is indicated by troponin-I increase (21, 22), which corroborates prior evidence linked to SARS and MERS outbreaks. Myocardial infarction, myocarditis, microangiopathy, and cytokine storm syndrome are manifestations of such pathways. Cytokine storm syndrome is a potentially fatal illness characterized by hemodynamic instability, systemic inflammation, multiple organ failure, and methemoglobinemia (23, 24). Cytokine storm syndrome is distinguished by an unregulated and defective immune response characterized by the continual activation and multiplication of macrophages and lymphocytes. In the current investigation, we also discovered that infection-related markers, for instance, PCT, CRP, and leukocyte count were considerably higher in individuals who had suffered heart injury. The triggering or increased production of these inflammatory cytokines can cause myocardial cell death or necrosis (25, 26).

Furthermore, patients with preexisting CVDs may be more vulnerable to coronavirus-induced heart injury in the current study, as approximately 65, 66, and 86% of participants with heart injury had a history of CHD, hypertension, and cerebrovascular disease, that were potentially more prevalent than in those with no cardiac injury (27–29). The outcomes of the present study corroborate with previous findings which have reported that COVID-19 participants who were severely ill had underlying cardiac abnormalities and elevated blood pressure (hypertension) (30, 31). Importantly, investigations have demonstrated that older patients with preexisting illnesses are more prone to be infected with SARS-CoV-2 with severe consequences, particularly those with a history of hypertension, CHD, and DM (32, 33). Even though there is insufficient evidence to conclude a direct connection between CV comorbidities and cardiac injury (34–36), it is plausible to think that cases with coronary artery disease (CAD) and heart failure (HF) are predisposed to heart injury and that once infected with severe respiratory illness (pneumonia), cardiac dysfunction or heart attack (myocardial ischemia) are more prone to occur, ultimately leads to unexpected deterioration. In the context of underlying cardiac events, acute inflammatory responses, on the other hand, might produce ischemia. During a systemic inflammatory response, the infection within coronary atherosclerotic plaques becomes more intensified, making them more susceptible to rupture (37, 38). Inflammation also promotes endothelial dysfunction and increases blood procoagulant activity, which may result in an occlusive thrombus forming over a ruptured arterial plaque (39, 40). Based on the research findings, we believe that a high inflammatory response combined with underlying CVD may be the cause of the heart injury found in corona-infected individuals.



Conclusion

Cardiac injury is a frequent complication in corona-infected participants and is found associated with an elevated risk of in-hospital death. Though the specific mechanism of heart injury necessitates an additional investigation, the statistics provided here underscore the necessity to include this complication in the treatment and management of corona-infected patients.
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Introduction: The COVID-19 pandemic has considerably affected human beings most of whom are healthcare workers (HCWs) combating the disease in the front line.

Methods: This cross-sectional study aims to explore the effects of stress and anxiety caused by COVID-19 on the quality of sleep and life in HCWs, including physicians, nurses, and other healthcare staff. In this global study, we asked 1,210 HCWs (620 and 590 volunteers from Iran and European countries, including Germany, the Netherlands, and Italy, respectively), who age 21–70, to participate in the test. Several measures of COVID-related stress, anxiety, sleep, and life quality, including the 12-item General Health Questionnaire (GHQ-12), Fear of COVID-19 scale (FCV-19S), Beck Anxiety Inventory (BAI), the Pittsburgh Sleep Quality Index (PSQI), and World Health Organization Quality of Life-BREF (WHOQOL-BREF) are recorded.

Results: Volunteers reported high rates of stress and anxiety and poor sleep quality as well as lower quality of life. The correlation analysis between the measures is reported. According to the results, regardless of the location, HCWs, predominantly female nurses, developed anxiety and stress symptoms which consequently resulted in lower sleep and life quality. Both for Iranian and the European HCWs, significant differences existed between nurses and the other two groups, with the p-values equal to 0.0357 and 0.0429 for GHQ-12, 0.0368, and 0.714 for BAI measure. Even though nurses reported the most stress, anxiety, fear of COVID-19, lower quality of life and sleep in both countries, and also an increase in other measures as well, there existed no statistically significant difference in FCV-19S, PSQI, and WHOQOL-BREF.

Discussion: This study helps to expand our knowledge the effects of pandemics on HCWs and also for healthcare management to predict HCW's mental health conditions in similar situations.
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Introduction

A large virus family named Coronaviruses, which can cause different conditions such as the common cold to more severe forms of diseases like Middle East Respiratory Syndrome (MERS-CoV) and Severe Acute Respiratory Syndrome (SARS-CoV), have been at the center of attention for more than 30 months (in 2020, 2021, and 2022) (1–5). A worldwide pandemic has been developed by a novel coronavirus coming from Wuhan, China. Severe Acute Respiratory Syndrome-Coronavirus-2 (SARS-CoV-2) has led to an unbelievable challenge for the health community all over the world. The first cases were detected in December 2019. Then, due to the virus's asymptomatic transmission ability, it reached almost all countries all over the world (6–10). The COVID-19 pandemic, with over 605 million cases and 6 million deaths worldwide, is a global health issue now. At the time of writing, more than 605,718,064 COVID-19 cases and 6,487,773 deaths have been reported, while the real numbers are way larger. Almost the same numbers are reported by www.worldometers.info, The New York Times (www.nytimes.com), JHU CSSE COVID-19 Data (https://github.com/CSSEGISandData/COVID-19), and Our World in Data (www.ourworldindata.org) (11–18).

Governments have taken different approaches, such as spatial distancing, quarantining, and lock-down, which have totally affected human beings (19–23). Several countries have imposed a national lockdown as the main course of action for some periods. The precautions and precautionary behaviors have interfered with the lives of people resulting in the health and prosperity of individuals (24–29). These policies, which have considerably changed our daily life, have resulted in stress and anxiety among communities. Several studies have reported that COVID-19 and the mandatory lockdown cause anxiety, stress, and sleep quality. As there is still no specific treatment, countries are forced to follow strict obligations and prohibitions such as isolation which may keep individuals physically well but they are psychologically challenged (19–37).

Healthcare workers (HCWs), as part of society, are no exception. Due to limited knowledge about the disease, unknown surefire treatment for it, the workload in healthcare centers and referral hospitals, etc. HCWs have been under considerable mental pressure resulting in psychological distress, anxiety, and poor sleep quality (1, 2, 8, 19, 20, 32, 33). Surveys have claimed that in most countries, healthcare professionals are under overwhelming psychological stress. Referring to psychologists and psychiatrists has considerably increased (20, 23, 27, 32, 33). Caregivers are exposed to mental pressure as they witness death every single day for a long time (32, 33). HCWs are also exposed to unpredictable events in their workplace due to this ongoing and challenging crisis. They are somehow deprived of their basic needs, for instance, meeting their family members to keep them safe and not to transmit the virus (1, 20, 22, 32–35). This again worsens the situation for HCWs. They face an extraordinary workload in their workplace. In most cases, they get infected and need to stay at home for some days, which imposes even more mental and physical pressure on their colleagues. It is reported that the recent pandemic has led to stress, anxiety, depression, insomnia, anger, poor sleep quality, and fear among HCWs (1, 2, 21, 34, 35). For healthcare professionals, stress and anxiety are the most critical factors which have seriously aggravated the quality of life and sleep. These factors consequently affect their work performance and mental ability (32–37). Moreover, HCWs have worked in adverse working conditions which have considerably affected their mental health and most likely affected their wellbeing for a long time. Several studies such as (38–44) have reported that working condition is the most predominant moderator of anxiety, fear, quality of life, and sleep in HCWs during the COVID-19 pandemic. Due to the adverse working conditions and their high workload, HCWs formed the highest levels of anxiety and fear compared to other groups in society. There is a high presence of symptomatology related to work stress for HCWs every day, which consequently has resulted in physical and emotional fatigue, overload, tension, and anxiety. Several studies have reported impaired mental health among HCWs during the pandemic (20, 34, 45–52). For example, in England, there was an increased prevalence of mental health disorders potentially sufficient to impair high-quality care delivery (45). Nurses working in intensive care units (ICU) were functionally impaired by the state of their mental health and reported higher rates of symptoms consistent with common mental disorders and post-traumatic stress disorder (PTSD) compared with other ICU staff. About 25% of HCWs have reported clinically elevated anxiety and depression during the COVID-19 pandemic (46–49). Several symptoms related to impaired mental health have been reported, including probable major depression, anxiety, posttraumatic stress disorder (PTSD), alcohol-use problems, lower team cohesion, and difficulty following hospital policies (20, 34, 50–52). To the best of our knowledge, a few studies such as (1, 2) have specifically explored the differences in mental pressure and workload between physicians, nurses, and other health care workers comprehensively. They reported that sleep disturbances and low quality of life were more prevalent among nurses compared to the other two groups. This is inconsistent with our findings in the present study. However, more exploration is required to completely study the differences between the aforementioned three groups of HCWs. This motivated us to conduct this study to compare these three groups considering several measures.

Strong associations between gender and COVID-19-related stress, fear, and anxiety have been reported by several studies. Generally, females consider this pandemic a more serious threat to personal health and the population compared to males (53–65). In some studies, such as Metin et al. (53), a meta-analysis was conducted to explore gender differences in terms of stress, anxiety, and fear caused by the COVID-19 pandemic. It was reported that statistically speaking, gender has a moderate effect on COVID-19 anxiety and fear in females. The findings in Metin et al. (53), as the first and most extensive meta-analysis in terms of gender differences in COVID-19-related anxiety and fear, are in agreement with ours in the present paper. Authors in Metin et al. (53) reviewed the effects of gender in different groups, including ordinary ones and HCWs. It was reported that the continent variable was a statistically significant moderator of gender difference which suggests that the location should be considered an important factor. Previous studies have disclosed inconsistent findings about fear and anxiety caused by the COVID-19 pandemic across different populations and regarding gender differences. On the other hand, some studies such as (53–65) reported that males had higher anxiety and fear levels in comparison to females. Surprisingly, some studies like (64, 65) reported no significant difference in terms of COVID-19 anxiety and fear between males and females. This motivated us to consider gender in our present study as well as other factors to clarify gender differences in this matter. Moreover, we have tried to compare several factors between Iranian and European HCWs to have a more comprehensive view of this study. It is worth mentioning that the abovementioned studies have targeted different groups in society rather than HCWs. To the best of our knowledge, the present paper is the first and the most extensive study exploring several parameters and moderators such as gender, nationality, sociodemographic information, etc. in terms of anxiety, stress, fear caused by the pandemic as well as the quality of life and sleep among HCWs.

The lockdown measures, workload, anxiety, and stress caused by this pandemic are highly associated and consequently result in sleep disturbance (26, 36, 37, 66). Wellbeing is affected by psychological problems. Experts believe that stress and anxiety can lead to severe mental and physical disorders and diseases over long periods of time. Long-term stress can lead to serious diseases and disorders such as different types of cancer. As it was mentioned above, the pandemic has affected human beings, specially HCWs (66, 67). Similar to human experience in previous pandemics, for HCWs, stress, anxiety, workload, etc. have caused intense emotional adaptation reactions, depressive symptoms, anger, various degrees of anxiety disorders, guilt, posttraumatic stress disorders, perception of grief and loss, different levels of psychological problems such as aggression, stigmatization, attention deficit, and sleep problems (1, 2, 26, 27). Some studies have tried to assess mental health in the pandemic in different regions all over the world and have concluded that COVID-19, the mandatory lockdown, and people's exposure (including HCWs) to the sudden onset of an unknown disease with a high mortality rate have affected anxiety, stress, and sleep quality (1, 2, 8, 26, 27, 36, 37).

Sleep is a biological imperative playing a crucial role in health and wellbeing. Stress and sleep quality are two important factors in one's quality of life. Previous studies suggest that sleep, stress, and anxiety are reciprocally connected (8–15). Higher waking cortisol is associated with lower sleep quality. There are also comprehensive studies showing that psychological stress modulates several of the same immunologic pathways which are observed in sleep research. The level of stress, directly, and indirectly, affects health in several ways such as weakening the immune system, poor sleep quality, short sleep duration, insomnia, etc. (11–14). Different factors including energy expenditure, substances consumed, and psychological stress determine one's sleep quality. Although a few studies have claimed that the pandemic's effects on sleep are inconclusive, several previous ones have reported that individuals had poor sleep quality and were found to be going to bed and waking up later than usual, and it again plays a crucial role in human's immune system, performance, mood, and anxiety (1–8). Sleep quality plays an important role in mental health. Poor sleep quality and irregular sleep patterns are associated with trauma and significant stressors. In most recent studies, HCWs have claimed poor sleep quality during the pandemic. Sleep quality has a direct effect on the quality of life which is vital for healthcare workers, especially in critical situations like pandemics (19, 20, 33, 34, 36). Quality of sleep and consequently quality of life affect the quality of patient care, tolerance, effective function, precision, and job satisfaction. Quality of life has dramatic effects on how an individual thinks, behaves, feels, and solves problems. It can also affect one's performance and might lead to losing their job, which again aggravates one's health condition and mental health (1–5). Needless to say, stress and anxiety, which are two major effects of the recent pandemic, are linked to the quality of sleep and consequently quality of life. Taking a closer look, it seems that there is a circular causality between the side effects of the pandemic, one's psychological stress, anxiety, one's quality of sleep, and their quality of life (2, 8, 16, 23, 28, 29, 35, 36).

All aforementioned reasons suggest that studying the effects of stress and anxiety, caused by the COVID-19 pandemic in HCWs, on their quality of sleep and life is of high importance. This motivated us to conduct this study. Considering the current situation in most countries and also the importance of this issue in health systems management, only a few studies have been conducted so far. It means that we need to view this topic from different aspects. Some studies have targeted the same issue during the pandemic. Authors in Korkmaz et al. (1), recorded data from 140 HCWs, in Turkey, including their sociodemographic data, Pittsburgh sleep quality index (PSQI), Problem-solving inventory (PSI), World health organization quality of life-BREF (WHOQOL-BREF)—short version, and Beck anxiety inventory (BAI). There was no significant difference in BAI for all three groups. Nurses had higher PSQI and PSI scores. The quality of life scores of the nurse participants was also lower. In a similar study conducted in Nigeria, information from 303 HCWs was recorded and analyzed. The data included Sociodemographic data, the 12-item general health questionnaire (GHQ-12), and the Pittsburgh Sleep Quality Index (PSQI). About 23.4% of the HCWs reported psychological distress, 60% reported sleep problems, and psychological distress correlated significantly with poor sleep. In China (8), 323 HCWs were studied, and data included The 25-item Chinese version nurses' occupational stressor scale (NOSS), the 7-item Cognitive Fusion Questionnaire (CFQ), the 6-item cognitive reappraisal subscale of the Emotion Regulation Questionnaire (ERQ), the Chinese version of the 12-item General Health Questionnaire (GHQ-12), the 18-item Pittsburgh Sleep Quality Index (P, SQI), and demographic variables. Nurses' occupational stressors directly linked to mental health problems, Occupational stressors significantly linked to nurses' mental health problems, and cognitive fusion and cognitive reappraisal of nurses significantly mediated the links from occupational stressors to mental health problems. These recent studies explored the effects of stress and anxiety caused by the COVID-19 pandemic on the quality of sleep and life.

As it can be seen, in these studies only one or two countries have been considered and fewer than 400 HCWs have participated. To have a wider view, it is necessary to conduct a more comprehensive study including more countries and a larger sample population. In some recent studies, only a limited number of a specific group of HCWs (like nurses) are just considered. As we know, all HCWs in the whole healthcare system are involved more or less and are under mental and physical pressure. So, we need to consider a larger sample population, including all groups of healthcare givers. In some studies, only one measure is used to assess the quality of life, the level of anxiety, etc. It is vital to utilize different assessment methods and factors to evaluate the effects of stress and anxiety fairly. So, the abovementioned issues motivated us to conduct the present study. We have employed different measures to analyze the problem among HCWs, including nurses, physicians, and other healthcare staff. Moreover, we spent almost 2 months collecting data in 2020 to have a more comprehensive study. Considering all the aspects, this study has made a significant contribution to future studies and our understanding of the recent pandemic and its effects on an extensive community like health care workers.

In this paper, we are going to study the level of stress and anxiety among HCWs and the correlation between these factors and the quality of life and sleep. In the present study, we explore the association between stress caused by the COVID-19 pandemic and the quality of sleep and life in healthcare workers in Iran and the above-mentioned European countries. Our main aim is to study and compare the effects of stress and anxiety caused by the pandemic on the quality of sleep and life in the aforementioned groups among a large, international community sample.



Materials and methods


Participants

We collected data in 2 months, from September 2020 to October 2020 (during the severest period of the COVID-19 pandemic). This cross-sectional and descriptive study was conducted with the approval of the local ethics committee. The approval was obtained from the local ethics committee and in agreement with the Helsinki Declaration. All volunteers were asked to study our project's objectives and to read and sign a written consent on our forms before answering the questions. They were informed about the study and its goals and then were asked to read and sign a written consent. All forms, questionnaires, documents, and questions were translated into English and Farsi by the same translator who is also an expert in psychology. Our study inclusion criteria were signed informed consent, having been working as an HCW to combat COVID-19 for at least 2 months during the pandemic, aged between 20 and 70, and having Farsi or English literacy. All participants were asked to choose either Farsi or English to complete the forms. Some participants were excluded from the study due to their limited knowledge of Farsi or English languages. The included participants declared intermediate or advanced knowledge (native speakers) in English or Farsi. With the aim of decreasing the spread of COVID-19 disease and also to have data from two countries, we decided to collect data using Google forms on online platforms and social media.

We employed the method of sample calculation for an unknown population and the following formula to calculate the sample size in our study (5, 19, 37).
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where t is the value on the t-table at a certain degree of freedom and predetermined error rate. p and q represent the prevalence of the event and the prevalence of the absence of the event, respectively. d2 shows the deviation to be achieved based on the prevalence of the event. Our estimate was 593 for the number of individuals to be included. We used a confidence interval of 0.95%, 50% unknown prevalence, and a standard deviation of 5%.

Almost 2,000 HCWs from Iran and European countries participated in our experiment as we tried our best to share the link of our Google forms in the best possible way. We employed social media (Facebook, Telegram, Instagram, and WhatsApp) to share study information and links with volunteers. We asked our colleagues working in foreign countries to help us and share the links as much as they could. Due to the number of participants and missing information in some cases, 1,210 forms were approved.

The total numbers of participants were 799 and 723 HCWs in Iran and the studied European countries. It should be noted that the total numbers of approved cases were 620 for Iran and 590 for the aforementioned European HCWs. The response rates were 77.6 and 73.8% for Iran and the before-mentioned European countries, respectively. As the main reasons, in most failed cases, HCWs claimed that they had a problem with their internet connection while accessing the forms, or they did not meet the study criteria, or they were not able to fill in the forms on their cellphones, or they were not satisfied with the number of questions. In addition, we considered mental or physical disorders and records of psychiatric treatment as the participant exclusion criteria.

Our protocol mainly includes preparing questionnaires in both English and Farsi, targeting potential volunteers in social media and networking applications, sending requests to a population of HCWs in the target countries, waiting for their responses and providing more information if required, collecting and preprocessing data, removing missing data and outliers, preparing the dataset for main analyses, conducting analysis, and reporting the results. These were the main steps that we took in this study.

Table 1 represents the distribution of the participants with respect to their gender and age in Iran and the European countries in this study.


TABLE 1 The number of male and female HCWs, in each age group, who participated in our study in Iran and the European countries.
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We selected 1,210 healthcare workers, out of 2,000, who worked in the departments or clinics combating COVID-19 and who met the study criteria. Participants provide health services for COVID-19 patients in different departments and have direct contact with COVID-19 patients. We tried to have almost the same sample size in both populations in order to compare the results fairly. From Iran, 620 HCWs including 179 physicians (Phs), 302 nurses (Nus), and 139 other healthcare staff (OHS) were considered for analysis. About 590 European HCWs including 185 physicians, 278 nurses and 127 other healthcare staff were considered. Both Iranian and European HCWs were working in COVID-19 departments, clinics, and wards. They had a close contact with patients. In both societies, the numbers of male participants outweigh the number of female participants. In Iran and in the European countries, 312 male HCWs (~50.3%) and 301 male HCWs (~51%) were selected in this study, respectively. For Iranian HCWs, the average age was 38.66 ± 9.1 years and in more detail for Iranian physicians, nurses, and OHS, it was 41.3 ± 7.8, 36.9 ± 8.2, and 37.8 ± 7.6, respectively. The average age among European HCWs who participated in this study was 38.8 ± 7.9 years. The average age for European physicians, nurses, and OHS was 40.1 ± 8.3, 38.4 ± 7.9, and 37.9 ± 6.4, respectively. Volunteer HCWs were literate and between the ages of 20 and 70. All participants were asked to submit their sociodemographic and clinical information and also to fill in the forms including the Fear of COVID-19 scale (FCV-19S), Pittsburgh Sleep Quality Index (PSQI), 12-item General Health Questionnaire (GHQ-12), World Health Organization Quality of Life-BREF (WHOQOL-BREF)—Short Version, Beck Anxiety Inventory (BAI). We employed SPSS Version 22 to perform statistical analysis.



Ethical considerations

Institutional Review Board (IRB) approval was obtained before the study commenced. Research Ethics Committee of Islamic Azad University—Science and Research Branch found our study to be in accordance with ethical principles. The approval ID is IR.IAU.SRB.REC.1400.260. For participants' identities to be confidentially safe, we associated participants with some random pre-generated codes. These codes replaced the names and identities of participants in all the further steps and analyses. The recorded data are kept in a confidential and safe repository.



Measures
 
Sociodemographic and clinical data

We employed Google forms which had been previously prepared by the authors and are acknowledged in the literature. Our forms include socio-demographic and clinical information like age, sex, educational level, marital status, chronic illness, type of household, children, work shifts, type of workplace, their experience, their family, a record of COVID-19 in their family, death caused by COVID-19 in their immediate family, etc.



Fear of COVID-19 scale (FCV-19S)

In (6, 66), FCV-19S is introduced and used as a seven-item measure to evaluate the level of COVID-19 fear. This measure has good reliability, construct, and concurrent validity. FCV-19s includes seven items with a five-point Likert scale from 1 (totally disagree) to 5 (totally agree) for each item. The range of scores is 7–35. Higher scores show greater COVID-19 fear. We employed the translated version of this measure with permission from the corresponding authors to assess the level of COVID-19 fear among Iranian HCWs. FCV-19S had great internal consistency reliabilities in our study (α = 0.893, ω = 0.896).



Pittsburgh sleep quality index (PSQI)

The Pittsburgh Sleep Quality Index (PSQI) is a 24-item standardized self-report assessment tool with seven subscales which is used in both clinical and non-clinical applications. PSQI is employed to diagnose sleep problems and to measure sleep difficulties over a 1-month interval. The test includes 24 questions, 19 questions of which are self-report and assess subjective sleep quality. Five questions are answered by a partner or roommate. We used these 24 questions in a four-point scale (0–3) to measure sleep quality in this study. These questions give scores for sleep quality, sleep latency, sleep duration, habitual sleep efficiency, sleep disturbance, use of sleeping medication, and daytime dysfunction. Participants should answer questions through a scoring scale between 0 and 3. All scores in all subdimensions are summed up resulting in the overall index score equal to 21. Scores >5 show low sleep quality or a disturbance in sleep quality. The higher the overall index, the poorer the sleep quality. PSQI is a reliable international scale that is widely used to measure subjective sleep quality (1, 2, 4–8). The internal consistency of PSQI was 0.83 (Iran) and 0.85 (European countries). In PSQI, the diagnostic sensitivity and the specificities are 89.6 and 86.5%, respectively (67, 68).



12-item general health questionnaire (GHQ-12)

GHQ-12 is a 12-item subjective questionnaire that is employed to measure psychological distress or general wellbeing (69). A bimodal scoring scale (0-0-1-1) is used and the total score ranges from 0 to 12. GHQ-12 includes six positive and six negative subscales. For positive items, scores range from 0 (always) to 3 (never), while for negative items, scores are between 0 (never) and 3 (always). Scores above 2 are assumed as indicatives of a decrease in mental health. A higher score shows severer psychological distress (69–72). GHQ-12 has been widely used almost all over the world (2, 8). In this study, the internal consistency reliability (Cronbach's α) was 0.87% for Iran and 0.86% for the above-mentioned European countries.



World Health Organization quality of life-BREF (WHOQOL-BREF)—Short version

World Health Organization (WHO) defines health as “A state of complete physical, mental, and social wellbeing not merely the absence of disease ....”. WHOQOL-BREF is a self-report assessment tool that is cross-culturally applicable and has been introduced by WHO in order to measure the quality of life (1, 73, 74). In the present study, participants were asked to answer the questions considering their last 15 days. In this questionnaire, there are 26 tests including two general questions and 24 specific questions targeting physical health (seven tests), mental health (six tests), social relations (three tests), and environmental health (eight tests). The scores for each subdimension range from 4 to 20, 4 indicates the lowest quality of life while 20 suggests the best quality of life. Higher scores are indicative of higher levels of quality of life.



Beck anxiety inventory (BAI)

Beck Anxiety Inventory (BAI) is a subjective three-point measure that is used to evaluate the frequency of anxiety which is experienced in daily life by an individual. BAI was first introduced by Beck et al. (75). Each item on this questionnaire ranges from 0 (not at all) to 3 (always) resulting in 63 scores for the whole test. Scores in the ranges of 0–7, 8–15, 16–25, and 26–63 suggest minimal, mild, moderate, and severe levels of anxiety in participants. Higher scores are indicative of higher levels of anxiety. Several studies like (1, 76, 77) have employed this measure in both Iranian and European societies and have claimed high sensitivity, specificity, and internal consistency reliability. Numerous studies have suggested BAI as an accurate and reliable measure of anxiety symptoms in children and adults (78). Internal consistency for the BAI (Cronbach's α) was 91%.




Statistical analysis

We employed Statistical Package for Social Sciences (SPSS 26) for statistical analysis. Arithmetic means, standard deviation, percentage, and frequency were calculated using SPSS 22 to analyze our data. A one-way analysis of variance (One-Way ANOVA) and t-test was performed for independent samples for more than two and two independent groups, respectively. Significant differences were determined with respect to the significance interval (p < 0.05). In addition, we utilize Pearson correlation analysis to test the correlation between the measures. To test the normality of recorded scores we used the Kolmogorov–Smirnov test.




Results

This study aims to explore anxiety, psychological stress, quality of life and sleep among HCWs through sociodemographic and work-related characteristics which are represented in Table 2. During the period of our study, about 22 cases among 1,210 HCWs were identified with evidence of COVID-19 and a prevalence of 1.81% (95% CI, from 1.45 to 2.53). We also identified 73/1,210 (6.03, 95% CI, from 5.41 to 6.73). HCWs with incident COVID-19 during our data-gathering phases. The number of incident cases increased with the rising prevalence of COVID-19. Figure 1 illustrates more details about the participants and sample size in each age group using pie charts. It gives more details about male and female participants with respect to the age groups and place of living.


TABLE 2 Sociodemographic, medical, and work-related characteristics of the participants in the present study.
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FIGURE 1
 Pie charts representing more details about the participants. (A) Male HCWs from Iran in our previously considered age groups. (B) Female HCWs from Iran in age groups. (C) Male HCWs from the studied European countries. (D) Female HCWs from the European countries. (E) The total number of male HCWs in Iran and the European countries. (F) The total number of female HCWs in Iran and the European countries. (G) Sum of all HCWs who participated in this study from Iran and the European countries. (H) The number of male participants vs. the number of female participants in Iran. (I) The number of male participants vs. the number of female participants in the European countries. (J) The total number of all male participants vs. the total number of all female participants in Iran and the European countries.


As can be seen in Figure 1, in Iran, HCWs between 30 and 50 mostly participated in the experiment. While in the before-mentioned European countries, other age groups have more in number. In Iran, there are also considerable differences between male and female participants. For example, the (61–70) age group includes just 3% of male HCWs and 12% of female Iranian HCWs. This difference between male and female HCWs follows almost the opposite trend for Iranian participants in the (51–60) age group where the number of male HCWs outweighs the number of female ones. Young male HCWs in Iran, who are between 20 and 40, were more interested in participating in the experiment while mid-age and old female HCWs, who are between 40 and 70, showed more participation in our experiment. The same pattern also applies to European female HCWs. In the European countries, however, there is no considerable difference between young HCWs and mid-age ones. To better understand, the differences between male and female HCWs in the full sample and between age groups, we need to take a look at Figures 1E–G which represent the total number of male HCWs in Iran and the aforementioned European countries, the total number of female HCWs in Iran and the European countries, and all HCWs who participated in this study from Iran and the European nations, respectively.

In Iran, for male HCWs, the oldest age period (61–70) had the least participation at about 3%. However, female Iranian HCWs showed 12% of participation which is considered a significant difference. It could be due to early retirement or less interest in filling out online questionnaires by this age group. In the studied European countries, this age group again showed the least participation with 5% for male and 9% for female HCWs suggesting a considerable difference between male and female HCWs in participation. In addition, it can be seen that while in Iran and the studied European countries, younger male HCWs [in the age gaps of (21–30) and (31–40) years] participated in our study, female HCWs of older ages participated in our project.

According to data collected in our study and Table 2, in terms of tobacco use, out of 241 (38.8%) Iranian HCWs who smoke, 115, 89, and 37 participants reported an increase in daily consumption, lower consumption, and no change in their daily consumption, respectively. About 27.3% of Iranian physicians, 31.8% among Iranian nurses, and 69.0% of Iranian OHS, who participated in this study, have reported tobacco use during the pandemic. The majority of Iranian HCWs who reported an increase in tobacco daily consumption were nurses and OHS who mostly work rotatory shifts in both outpatient clinics and departments. There is no significant difference (p = 0.186) between HCWs who smoke in terms of the place of service. There was a statistically significant difference (p = 0.041) between physicians and the other two groups of Iranian HCWs with increased use of tobacco. Marital status, gender, educational level, lifestyle, having children, having a family member with chronic illness, having a family member at the age of or older than 65 years at home and professional experience did not affect the use of tobacco in Iranian HCWs. Smokers with a chronic illness or with a pregnant family member reported lower consumption during the pandemic.

In the studied European countries, among 176 smokers (29.8%), 84 participants had an increased tobacco consumption, 56 reported a decreased consumption and 36 European HCWs reported no change in daily tobacco consumption. About 19.6% of physicians, 41.8% of US nurses, and 49.0% of European OHS, who participated in this study, have reported tobacco use in the pandemic. Similar to Iran, physicians have the lowest share in tobacco consumption. There was a statistically significant difference (p = 0.037) between physicians and the other two groups of European HCWs with increased use of tobacco. The highest tobacco use was detected among nurses and OHS working rotatory shifts. In contrast to Iran, their workplace had no considerable and significant effect on tobacco consumption. Similar to Iranian HCWs, according to statistics, European HCWs reported no significant change in tobacco consumption regarding gender, marital status, educational level, having chronic illness, etc.

The total numbers of HCWs who reported alcohol use were 272 (43.8%) in Iran and 348 (58.9%) in the European countries. The numbers of HCWs in Iran and the European countries who reported an increase in alcohol use due to the pandemic were 139 in Iran and 147 in the European countries. A decreased alcohol consumption was reported by 42 Iranian HCWs and 59 European ones. For 91 Iranian and 142 European HCWs, no change in alcohol use was experienced. In Iran, HCWs working in outpatient clinics reported more alcohol use in comparison with those working in clinics + departments or just departments. In the European countries, there was slightly higher alcohol consumption among HCWs working in departments. In both Iranian and European HCWs, we did not manage to find factors which considerably affect alcohol consumption at an acceptable significance level.

Volunteers with a record of psychiatric treatment were excluded in our study. Five Iranian participants and two Europeans reported suicidal history. Among Iranian HCWs, 39 active suicidal ideation was observed while this number was 12 in European HCWs. In both Iranian and European HCWs, an increase in BAI, FCV-19S, GHQ-12, and PSQI can be seen for females, but there exists no statistically significant difference. In addition, there is no significant difference in terms of quality of life (WHOQOL-BREF) in male and female HCWs in both countries. For European HCWs, the significance levels (in gender-based analysis), for BAI, FCV-19S, GHQ-12, WHOQOL-BREF, and PSQI were 0.1012, 0.0937, 0.1992, 0.2015, 0.0734, respectively. The confidence levels for Iranian HCWs for BAI, FCV-19S, GHQ-12, WHOQOL-BREF, and PSQI were 0.0986, 0.1259, 0.0873, 0.1430, and 0.0698, respectively. As can be seen in both societies, there is no significant difference between females and males suggesting that both genders in both countries follow almost the same pattern.

No significant difference was determined in terms of educational level in both countries. Iranian and European nurses experience more anxiety and distress in comparison to physicians and OHS. They also claimed lower sleep quality and a decrease in the quality of their lives. For GHQ-12, there is a significant difference between nurses and the other two groups in Iran (p = 0.0357) and the studied European countries (p = 0.0429). In Iranian nurses, a significant difference (p = 0.0368) exists for the BAI measure (in comparison with physicians and OHS), while there is no such difference for European nurses. While in terms of other measures, although there is an increase for nurses in both countries, there exists no statistically significant difference. In an eye-bird view, nurses experience the most stress, anxiety, fear of COVID-19, and lower quality of life and sleep in both countries. Physicians come second in Iran and the studied European countries. They report lower anxiety but almost the same distress in comparison with nurses. There is a considerable (but slight compared to nurses) decrease in the quality of sleep and life for physicians. OHS groups in both countries have reported less anxiety and stress. They experience less fear of COVID-19 in comparison with nurses but more in comparison with nurses. However, the quality of life and sleep in OHS shows a decrease like nurses. Although there are increases in almost all measures for HCWs in both countries, as was mentioned, except for GHQ-12 (for Iranian and European nurses) and BAI (for Iranian nurses), no significant difference exists between physicians, nurses, and other healthcare staff in both countries. According to the recorded measures, HCWs in Iran are under more mental pressure and psychological distress. The level of anxiety, fear, and stress is much higher in Iranian HCWs, and there is also a significant difference in the quality of sleep and life. In Iran, nurses have reported the highest psychological distress and anxiety. However, in the studied European countries, nurses and physicians experience almost the same mental pressure, anxiety, and stress.

In Iran, HCWs working in both outpatient clinics and departments have reported the highest anxiety and the lowest quality of life and sleep. However, working in just clinics or departments did not affect the level of anxiety and psychological distress. Iranian HCWs providing service at either outpatient clinics or departments claimed to have a higher quality of life and sleep. Iranian HCWs working in pandemic outpatient clinics experience the lowest anxiety, psychological distress, fear of COVID-19, sleep disturbance, and the highest quality of life. There exists a statistically significant difference between HCWs working in clinics + departments and those who work in either clinics or departments. The significance intervals were 0.0418, 0.0465, 0.0301, 0.0378, 0.0426, and 0.0213 for BAI, GHQ-12, FCV-19S, WHOQOL-BREF, and PSQI, respectively. For European HCWs, the place of service played a crucial role in the anxiety, fear, and distress they experienced. European HCWs working in outpatient clinics + departments showed higher values of BAI, GHQ-12, FCV-19s, and PSQI, respectively. Their quality of life was much lower in comparison to the other two groups suggesting there exists a statistically significant difference. The significance intervals were 0.0491, 0.0407, 0.0429, 0.0485, 0.0381, and 0.0396 for BAI, GHQ-12, FCV-19S, WHOQOL-BREF, and PSQI, respectively.

The prevalence of the measures in Iran, the above-mentioned European countries, and the full sample are described in Table 3. Measures whose p-values are equal or below 0.05 (p ≤ 0.05) are written in bold and marked by a star (*). In terms of FCV-19S and GHQ-12, for example, there are significant differences between Iranian and European HCWs.


TABLE 3 Prevalence of psychological distress, anxiety, the level of quality of life, and sleep problems among HCWs from Iran and the European countries.
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To test the normality of the proposed measures, we conducted the normality test using Kolmogorov–Smirnov (K-S) normality test. Results are presented in Table 4. We conducted the normality analysis in Iran, European countries, and the whole samples for all HCWs. In addition, we performed the test for nurses, physicians, and other healthcare workers to clarify the distribution of the recorded scores. Scores with p-values below 0.01 are considered with a normal distribution. For sake of space and due to a large number of recorded scores, we reported just the number of scores in each measure whose associated p-values were below 0.01. As it is clear, only some of the proposed measures have the normal distribution and passed the normality tests which we expected due to the small number of samples and the limitations we had while gathering data and conducting this study.


TABLE 4 Normality test of the recorded scores using Kolmogorov–Smirnov (K-S) test.
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In Iran, there is a positive correlation between age and FCV-19S (r = 0.129 and p = 0.009), between age and PSQI (r = 0.237 and p = 0.009), and between BAI and PSQI (r = 0.209 and p = 0.001). There is also a negative correlation between FCV-19s and WHOQOL-BREF (r = −0.0141 and p = 0.031), between GHQ-12 and WHOQOL-BREF (r = −0.361 and p = 0.009), and also between BAI and WHOQOL-BREF (r = −0.195 and p = 0.002). Correlation analysis for the proposed measures is represented for Iran, the studied European countries, and the full sample in Tables 5–7, respectively. Correlations with a p-value equal to or below 0.05 (p ≤ 0.05) are written in bold and marked by a star (*).


TABLE 5 Correlation analysis between our suggested measures (Iran).
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Among the studied European countries, as can be seen in Table 6, there is a positive correlation between age and GHQ-12 (r = 0.287 and p = 0.041), between age and PSQI (r = 0.236 and r = 0.027), between GHQ-12 and PSQI (r = 0.086 and p = 0.009), and between BAI and PSQI (r = 0.291 and r = 0.007). On the other hand, there is a negative correlation between age and BAI (r = −0.197 and p = 0.036), between FCV-19S and WHOQOL-BREF (r = −0.021 and p = 0.030), and between BAI and WHOQOL-BREF (r = −0.175 and p = 0.012).


TABLE 6 Correlation analysis between our suggested measures (the studied European countries).
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According to Table 7, it was determined that there was a positive correlation between age and FCV-19S (r = 0.236 and p = 0.012), also between age and PSQI (r = 0.193 and p = 0.016), between FCV-19S and PSQI (r = 0.182 and p = 0.001), between BAI and GHQ-12 (r = 0.097 and p = 0.021) and between BAI and PSQI (r = 0.302 and r = 0.002). There was also a negative correlation between GHQ-12 and WHOQOL-BREF (r = −0.129 and p = 0.006) and between BAI and WHOQOL-BREF (r = −0.286 and p = 0.001).


TABLE 7 Correlation analysis between our suggested measures (full sample).
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Discussion

The present study explores the most important measures regarding mental pressure, psychological distress, anxiety, quality of life, and sleep with respect to sociodemographic data recorded from HCWs in two target populations of HCWs including Iran and the studied European countries. In this study, we tried our best to fairly compare these two populations through the aforementioned measures. The present study identified almost 79 and 70% fear of COVID-19 among Iranian and European nurses, respectively. About 80 and 90% of Iranian and European nurses claim that they suffer from poor quality of sleep. Considering the results mentioned before, it should be noted that Iranian HCWs experience a worse situation considering all measures such as BAI, GHQ-12, FCV-19S, etc. Our findings are consistent with previously published studies in the same target populations such as Motahedi et al. (79). For instance, in Iran, female nurses with a record of COVID-19 infection showed higher anxiety levels. In another study conducted in Turkey (1) with 140 participants, 70% of HCWs including nurses, physicians, and other healthcare staff reported different levels of anxiety from mild to severe which is close to our results obtained from Iran. Our gender-based comparison showed that in general female HCWs showed higher anxiety and fear of COVID-19 in Iran and those European countries alike. It is again in agreement with several studies such as (1, 2, 8, 10). In addition, in correlation analyses reported in Tables 4–6, the results are inconsistent with (1). For example, in that study and the present paper, a significant correlation exists between age and FCV-19S. Moreover, BAI and PSQI measures showed a positive correlation in Iranian, European, and Turkish HCWs. In addition to neurophysiological and neuropsychological studies, this association has also been approved that the level of anxiety is associated with the quality of life and sleep (1, 2, 8).

There was a considerable significant correlation between FCV-19S, BAI, GHQ-12, and PSQI. This shows that quality of sleep has been more affected in the pandemic in comparison to the quality of life. Most Iranian and European HCWs have claimed to suffer from poor sleep quality. Working hard for long hours, being exposed to the disease, witnessing death in each work shift, etc. were the main reasons for HCWs to be stress-out, feel anxiety, and suffer from poor sleep quality. During pandemics, governments should take serious actions to lower the workload to help HCWs as individuals fighting the disease on the front line. Poor sleep quality results in inaccuracy, making mistakes, and lower performance.

Iranian HCWs used to experience tough situations and have not been satisfied with their jobs. They report suffering from too much workload, working for long hours, no appropriate salaries, low socioeconomic status in society, no job security, etc. Recently, several studies and news have reported suicides among Iranian HCWs. As there was almost no hope to receive surefire treatment for the disease and also vaccines to get immune, Iranian HCWs were under more psychological distress. However, European HCWs were more positive about receiving vaccines at the time of recording data.

It should be noted that we gathered data during a period when HCWs are vulnerable to fatigue due to social restrictions. This can significantly affect the recorded measures such as the level of anxiety and the quality of life and sleep. As it is mentioned in Manchia et al. (80), fear of COVID-19 and psychological distress (and subscales of fatigue, anxiety, and depression) were reported to be higher among healthcare than non-healthcare workers. In a longitudinal study exploring Japanese healthcare personnel, indices of fatigue, anxiety, and depression showed an increase among health care compared to non-healthcare workers during the COVID-19 outbreak. While some studies like (81) reported a statistically significant relationship between stress, anxiety, fear of COVID-19, and fatigue, other studies such as Kachadourian et al. (82) found that there is no significant correlation between stress and anxiety and fatigue among HCWs. The authors in Kachadourian et al. (82) analyzed post-trauma disorder, major depressive disorder, and generalized anxiety disorder and the association between these psychological disorders and burnout and the occupational difficulties they have faced in 787 HCWs during the pandemic. It is reported that having tiredness/low energy, feeling tired, negative expectations, loss of interest little energy, and feeling easily annoyed or irritable are significantly associated with burnout. Due to social restrictions, it was highly probable that our studied HCWs and their subjective reports for anxiety and stress levels were correlated with fatigue. We are going to analyze the effects of burnout and fatigue on quality of life and sleep in our future study.

As was discussed, we decided to employ the most effective measures suggested by several previous studies like (1–7) to precisely quantify the level of stress and anxiety in HCWs. Previous studies have reported that these measures can appropriately describe psychological distress and anxiety. We also decided to compare the two countries to conduct a comprehensive study.

Despite all the limitations we had in this project, we managed to conduct a comprehensive study with a rich dataset compared to previous studies. For example, the authors in Korkmaz et al. (1) performed a statistical analysis to explore the relationship between anxiety, stress, quality of sleep, and life with problem-solving skills. However, only 140 HCWs participated in this study which might increase the possibility of biased results. In a systematic review and meta-analysis (79), the prevalence of anxiety, depression, acute stress, post-traumatic stress, and sleep disorders was estimated by considering 70 studies including 101,017 HCWs. The estimated prevalence was 30% of anxiety (95%CI, 24.2–37.05); 31% of depression (95%CI, 25.7–36.8); 56% of acute stress (95%CI-−30.6–80.5); 20% of post-traumatic stress (95%CI, 9.9–33.0); and 44% of sleep disorders (95%CI, 24.6–64.5). It was also reported that three factors including the proportion of females, nurses, and location are the sources of heterogeneity. In another meta-analysis (80), mental disorders among nurses were explored previously published studies the overall prevalence of stress was 43% (95% CI, 37–49), and the prevalence of anxiety was 37% (95% CI, 32–41), and the prevalence of depression the prevalence of 35% (95% CI 31–39) was reported in 40, 73, and 62 studies, respectively. In our study, the prevalence of fear of COVID-19, psychological distress, anxiety, poor quality of life, and sleep was about 68–78% according to Table 3.

Considering the results of the present study, it is worth mentioning that Iranian nurses experienced more stressful situations and report more anxiety and stress and lower quality of life and sleep. Due to their insufficient salaries and also economic inflation, Iranian nurses and OHS tend to work in two or even three healthcare centers which play a crucial role in tolerance and the level of anxiety. They are highly exposed to patients and the disease. Some Iranian nurses and OHS have reported that they have not met their family members for months. Iranian physicians reported less anxiety and distress as some of them have quit their jobs in order not to be exposed to the disease.

In pandemics, almost the whole society is affected, and HCWs who work on the front line are more prone to be infected by patients and thus are more stressed out. Intensive workload, several responsibilities, risk of exposure, etc. sharply increase in such crises. Serious actions should be taken by HCWs to protect themselves, and their family members which again leads to more stress and anxiety. In addition, they need to work hard to inform society about the disease and corresponding preventive actions. Moreover, HCWs need to be focused to use medical resources appropriately which, during pandemics and considering a load of patients, might result in more mental pressure. HCWs need to work harder during extended working hours when they witness more death. Several studies such as (1, 2, 5, 7, 34), as well as the present study, have reported that HCWs responsible for the diagnosis, treatment, and care of COVID-19 patients have exhibited sleep disturbance, distress symptoms, lower quality of life, and higher levels of depression. This implies that, in pandemics, it is vital to pay more attention to HCWs' mental health as well as their physical health to manage to be successful in health management. This aspect has been ignored by several governments and organizations. Although they suppose medical resources play the most important role in pandemics, however, human resources are key to success in such crises.

In addition to psychological symptoms and disorders caused by COVID-19, several studies such as (83–86) worked on different aspects which are quite important as well and should not be taken for granted. The authors in (83, 84), for example, assessed the potential consequences of the outbreak on gender equality in Europe. In Gómez-Salgado et al. (85), psychological distress during the COVID-19 pandemic was analyzed through a large size of the sample (4,180 individuals) in Spain. The studied parameters were sociodemographic variables, health conditions, psychological adjustment, physical symptoms, and COVID-19 contact records. Similar to our procedure, General Health Questionnaire (GHQ-12) was also employed in this study suggesting the popularity of this questionnaire to measure general health parameters. In Domínguez-Salas et al. (86), psychological distress caused by the COVID-19 pandemic was studied in a sample of the Spanish population (4,615 individuals). This distress can identify several important factors such as the predictive nature of the information received, the preventive measures taken, level of concern, beliefs, and knowledge about the infection. These studies (85, 86) suggest that more investigation and deeper analysis are required to comprehensively explore this pandemic, its predominant factors, and its side effects. It is highly recommended that future studies focus on this issue.



Limitations of the study

The present study suffers from some limitations. In this study, we focused on the level of self-reported symptoms and just employed online questionnaires and also self-report data which can be questioned. Due to the limitations imposed by the recent pandemic, we did not manage to utilize diagnostic tools or methods. Evaluation by an external and expert observer will result in more accurate and precise results. HCWs filled out the questionnaires online and under no supervision and submitted measures might be doubted since HCWs might have filled out forms in different mental states or when they were stressed out or tired of work. These factors affect HCWs, and they might take sides and fill the forms with mental bias.

In addition, the fact of having a convenience sample should be noted as a limitation in our study. We used several applications to spread the questionnaires, and sometimes, it was a bit difficult to answer our participants' concerns appropriately. Gathering data in such studies like ours is challenging especially in terms of data collection from several districts all over the world. Moreover, there also existed some limitations regarding our methodology such as the short period of time for data collection and also the possibility of getting infected by COVID-19 during the data collection phase. Our proposed method can appropriately describe and compare HCWs in the two target populations; however, more analysis is required to fully explore the causes of low life and sleep quality and the relationship and correlation between the denominators and these important qualities of life and sleep. It is worth mentioning that another significant limitation was regarding the representativeness of respondents who were sometimes difficult to reach out to. Finding eligible participants from our target districts was one of our challenges and took a considerable amount of time. Although we have tried our best to collect as larger datasets as possible but larger datasets will open up new horizons and will result in new findings in future studies.
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The global economy has been hard hit by the COVID-19 pandemic. Many countries are experiencing a severe and destructive recession. A significant number of firms and businesses have gone bankrupt or been scaled down, and many individuals have lost their jobs. The main goal of this study is to support policy- and decision-makers with additional and real-time information about the labor market flow using Twitter data. We leverage the data to trace and nowcast the unemployment rate of South Africa during the COVID-19 pandemic. First, we create a dataset of unemployment-related tweets using certain keywords. Principal Component Regression (PCR) is then applied to nowcast the unemployment rate using the gathered tweets and their sentiment scores. Numerical results indicate that the volume of the tweets has a positive correlation, and the sentiments of the tweets have a negative correlation with the unemployment rate during and before the COVID-19 pandemic. Moreover, the now-casted unemployment rate using PCR has an outstanding evaluation result with a low Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), Symmetric MAPE (SMAPE) of 0.921, 0.018, 0.018, respectively and a high R2-score of 0.929.

KEYWORDS
 sentiment analysis, social media, Twitter data, Google Mobility Index, unemployment rate, labor market, COVID-19, South Africa


Introduction

The novel coronavirus known as “severe acute respiratory syndrome-related Coronavirus type 2” (SARS-CoV-2), responsible for the “Coronavirus Disease 2019” (COVID-19) pandemic, was first detected in the metropolitan city of Wuhan, Hubei Province, mainland China, in late December 2019. Since then, it quickly spread around the globe, causing more than 481 million infections and 6 million deaths, as of March 30, 2022 (1, 2). The World Health Organization (WHO) officially declared the COVID-19 outbreak, initially, as a Public Health Emergency of International Concern (PHEIC) on January 30, 2020, and, later as a global pandemic on March 11, 2020 (3).

Since then, countries have enforced non-pharmaceutical interventions (NPIs) to curb the diffusion of the virus and prevent its spread, including lockdowns and different levels of restrictions. Even though effective both from a clinical and epidemiological perspective, consecutive rounds of NPIs have had devastating effects on the economy and caused bankruptcy to many companies and businesses (4). As a result, many people and individuals have lost their jobs and countries are experiencing economic recession (5). To better manage the economic impacts of the pandemic on the economy and people, it is highly important to have complete, reliable, and real-time information about the effects of the pandemic on the unemployment rate as one of the key macroeconomic indicators (6, 7).

Traditional census methods that are used by most countries to generate unemployment data are often conducted on a seasonal or annual basis (8, 9). While this provides sufficient information for public policies in normal situations, these methods lack the details and urgency that are required for decision-making during a disaster, such as a pandemic. Census data often use questionnaires on a sample of households to collect employment data. Despite using new technologies in data collection (such as online surveys) and analysis, censuses are still expensive, time- and resource-consuming, and difficult to handle. The census method faces many other challenges and limitations such as privacy concerns, low public cooperation, errors caused by response burden, cybersecurity attacks (e.g., denial of service), and missing out on hard-to-reach populations. Migration, homelessness, and nomadism may result in under- or over-registration, making collected data not representative of the entire population. Low levels of literacy and language issues may cause some people to struggle with the census forms and fail to provide correct information.

Due to such difficulties, the unemployment rate in South Africa is also estimated quarterly. In contrast, social media data is readily available. Statistics and demographic information can be easily extracted and processed in real-time. Many of the problems and limitations of the classical census approach do not exist when data are extracted and estimated using social media (10, 11). Twitter data has the potential to present socio-demographics, statistics, and textual information/content that can be exploited to estimate/model macroeconomic indicators, like the unemployment rate (12). Moreover, approximately 82% of the Twitter users in South Africa are of working ages (16–54 years). About half of them are women (56%) and half of them are men (44%) (13). Finally, retrieving data from Twitter is not expensive and time-consuming, and it does not require manpower and administrative personnel. With several lines of code, data can be quickly accessed: with the streaming and full archive search endpoints, data is available in real-time, and in several days at maximum, respectively.

As unemployment increases, it becomes a common concern, and everyone generally talks about it more. On the other hand, as unemployment decreases, everyone is less bothered by it, and it is less talked about on social media. As a result, the aggregated data derived from social media reflects the unemployment situation and can potentially be used to estimate the statistics (14–19). Moreover, applying sentiment analysis which is a way of classifying text for extracting qualitative insights gives additional information that could be further used for machine learning-based prediction (20, 21).

Access to socio-economic data such as unemployment rates is very critical for rapid and effective decision-making and public health policies, during devastating disasters such as the still ongoing COVID-19 pandemic. In the present study, we propose a method for understanding and estimating unemployment rates during COVID-19 using social media, particularly Twitter data (22). As previously mentioned, accessing data extracted from social media is fast, easy, and low-cost. It can be done in real-time and does not have the difficulties and limitations of census-based methods.

Social media provide a large amount of data about users and their interactions about a given subject, thereby, offering researchers new opportunities for research (23–26). Twitter as a pervasive social media is widely used for understanding economic behavior and measuring its metrics (27, 28). It is also one of the most popular social media in South Africa (29, 30). With the implementation of NPIs, such as lockdowns and the closure of workplaces and public areas, people spend even more of their time on social media (31).

In this paper, we aim to examine how Twitter data can be used to collect qualitative and quantitative information about the unemployment rate and how unemployment is lived and experienced in South Africa as a case study. This could be beneficial to policymakers, especially during disasters such as the COVID-19 pandemic as it can capture and report rapid changes in unemployment in real-time rather than seasonally or annually. This work may enable policymakers to understand the current situation of the labor market and react in terms of policies. Accordingly, the main contribution of this study includes:

• Using the quantity of the tweets to understand how people experience unemployment.

• Using the quality of the tweets (or sentiments) to understand how people feel about unemployment.

• Nowcasting and finding the missing data on the unemployment rate using the quantity and quality of the tweets.



Background and literature review

Social media, especially Twitter, has long been used for investigating economic issues. Authors in (32) searched for tweets with hashtags for different keywords on jobs and gathered tweets sent by popular users in the United States. Sentiment analysis showed that most of the tweets had negative sentiments. In (33) a sentiment-based model was designed with 0.6787 accuracies for tweets, news articles and movie reviews and concluded that the sentiment scores were correlated with economic indexes such as the exchange rate. Although social media has long been used for studying economic issues and related concerns, very few studies have considered using social media to understand the unemployment rate. One of the first works that used Twitter to estimate the unemployment rate is presented in (14). In this paper, 19.3 billion tweets were gathered from July 2011 to November 2013 on unemployment in the United States. Principal Component Analysis (PCA) was used to reduce the dimension of the dataset. The unemployment rate of the United States was then estimated using the principal components. A similar approach was proposed in (15) for studying the correlation between the number of unemployment-related tweets and the unemployment rate in Greece. Sentiment analysis has not been considered in these two studies to improve the results further. Ryo in (17) analyzed the sentiments of Korean tweets, blogs, and news articles, and used sentiments to predict the unemployment rate with autoregression analysis (like ARIMAX and ARX). The Twitter dataset was found to have the lowest error. The authors in (18) used Twitter data to study the unemployment and employment rates in the United States. Using sentiment analysis, they found out that negative and positive sentiments peak when people lost or gain jobs. They also used sentiment analysis to predict the unemployment rate of the United States. Authors in (19) built a linear model to predict employment and unemployment rates using tweets from the United States. Although the papers mentioned above have presented novel methods for studying the unemployment rate using social media, they have not investigated unemployment rate changes during a disaster such as the COVID-19 pandemic.

Authors in (16) hydrated a Twitter dataset and used it to study the correlation between the number of unemployment-related tweets and the unemployment rate and track the unemployment rate of the USA during the COVID-19 pandemic. However, because of the limitations in their dataset, they were not able to properly understand how the unemployment rate changed over time.

Some social media-related studies have focused on the labor market flow during the COVID-19 Pandemic. Authors in (34) used Twitter to study the effect of different factors on reopening sentiments. They found that people with low income, low education level, high housing rent, and in the labor force are more positive about reopening. In (35) Twitter was used to study the economy of the United States during the COVID-19 pandemic. In this work, the Area Deprivation Index (ADI) of different geographical locations was used to assess the economic situation of people. It concluded that in low resource areas, people were more concerned with economic hardship while in high resource areas people were more focused on public health. In (36) data from Twitter and newspaper articles were used to study economic uncertainty in the United Kingdom and the United States during the COVID-19 pandemic. Numerical results show that with the COVID-19 pandemic, a huge uncertainty jump was found in economic-related indicators such as business growth, GDP growth, and stock market volatility.

These papers have investigated the effect of the COVID-19 pandemic on the economy. However, they do not consider studying and estimating the unemployment rate using social media. The main contribution of this study is to fill the existing gaps in using social media data to understand, analyze, and estimate the unemployment rate during the pandemic using a combination of methods. This combination has significantly improved the classical method for estimating the unemployment rate.



Materials and methods

Our complete code can be found at (37).

The unemployment rate for South Africa is estimated in four steps. In the first step, relative keywords are selected to collect Twitter data. In the second step, missing unemployment data is estimated using Google Mobility Index (GMI). In the third step, sentiment analysis is performed to achieve further information about the labor market conditions. Finally, in the fourth step Principal Component Regression (PCR) is used to estimate the unemployment rate from the number of unemployment-related tweets. The overall architecture of the project is presented in Figure 1.
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FIGURE 1
 The overall architecture of the research.


We evaluate our method using four different metrics, Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), Symmetric Mean Absolute Percentage Error (SMAPE), and coefficient of determination (R2-score), which are presented in equations 1–4.
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Where n is the number of tested values, A is the actual unemployment rate, is the mean unemployment rate, and P is the predicted values.


Data collection

All the geotagged tweets posted from South Africa, except for retweets, until Nov 30th, 2021, for certain keywords are retrieved using full archive search of the Twitter Academic Researcher account. Tweets are cleaned, i.e. mentions (@username), URLs, and punctuations are removed. Records that include only URLs become null/nan after cleaning and are deleted. Our method requires a dataset of tweets from real and genuine accounts (38). Therefore, we aim to remove as many tweets posted by bots and fake accounts as possible. Since most tweets that are created by bots include URLs, many of them are deleted after removing null/nan records (39). To further take out tweets created by bots and fake accounts we examine the number of followers and followings of the authors. Generally, users that have a very large or small number of followers to followings ratio are broadcasters or spammers, respectively. Genuine users have a followers to followings ratio close to one (40). Therefore, by removing tweets that their authors have a followers to followings ratio greater than t1 = 10 or smaller than t2 = 0.1, more tweets from fake accounts are excluded. It is worth mentioning that decreasing or increasing the thresholds t1 or t2, respectively, degraded the performance of the regression model.

It is worth mentioning that minors are not excluded from the dataset. Since minors can also post how they or their friends and family, e.g., parents, guardians, etc., are experiencing the unemployment, their comments and sentiments could add useful information to the model and increase the accuracy of the PCR. Next, the Term Frequency (TF) of the keywords are found over time using Equation 5.
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Where tweetk is the number of tweets that include keyword k, and tweettotal is the total number of tweets. Using the TF of the keywords, the Pearson correlation of each keyword over time with the unemployment rate is calculated. In the economy, correlations higher than 0.4 and 0.7 are considered moderate and strong, respectively (41). To avoid overfitting our estimation model, we chose the keywords which have a correlation higher than 0.4, before and during the COVID-19 pandemic for training the nowcasting model.

We build our final dataset using the selected keywords that have a correlation higher than 0.4 with the unemployment rate before and during the COVID-19 pandemic. The cleaned tweets are suitable and used for performing Natural Language Processing (NLP) such as sentiment analysis. The dataset is divided into two parts. The first part contains tweets up to March 31st, 2020, and the second part contains tweets from April 1st, 2020 up to Nov 30th, 2021. The first part is used to analyze the tweets and their sentiments before the COVID-19 pandemic and the second part is used for the COVID-19 pandemic period.

To make sure the volume of the tweets truly correlates with the unemployment rate in the long run, we go further into history and gather the tweets as early as possible. Geotagged tweets with our keywords are available from June 2009. However, due to the low volume (lower than ten tweets per month) of tweets between June 2009 and June 2010, we leave out the tweets from this period. The number of tweets have a moderate to high correlation with the quarterly and interpolated unemployment rate of South Africa from July 2010 to Nov 2021, respectively. Moreover, we compared the number of tweets for each province with the unemployment rate of that province since July 2010 and find a moderate to high correlation for all of them. The results are presented in Appendix A, supplementary files. Previous works have used the change in geolocation of the geotagged tweets in a certain time period to identify mobility and travel (42, 43). We find all the geolocations of the tweets sent by each 144,809 users in 1 year to recognize travelers/non-residents. Similar to (43), we used the place field of the json file that is returned by the Twitter API to discover the province of the user when sending the tweet. Users which have posted from multiple provinces are identified as travelers. The most frequent geo-province associated to a user is considered as the primary location of that user, and where the user is residing, or at least working. Thus, the most frequent geo-province associated to each user is assigned to all the tweets sent by that user in that specific year. If more than one province has the greatest number of occurrences, the self-reported location of the user is taken as the primary location of the user (43). The primary province of a few users (2 users on average) that are not identifiable in each year, are taken out from the dataset for that particular year, when nowcasting the unemployment rate of the provinces. By this method the correlation between the volume and sentiment of the tweets and unemployment rate, as well as the estimation using PCR in different provinces increased (see Appendix A, supplementary files).



Data preprocessing

The real unemployment data for South Africa is provided on a seasonal basis (44), and it is calculated in two different ways. In the first method, an individual is considered unemployed during an interview if (1) the individual was not employed in the seven days before the interview, (2) the individual is ready to work within a week of the interview, and (3) has actively taken some steps to look for a job or start a self-employed business, 4 weeks before the interview. In the second method, the third condition is relaxed (45). Since people do not normally look for new jobs or start a business during a lockdown (even if they are jobless), in our work, we use the second definition. This expanded definition of unemployment aligns with the definition in many other countries (45). However, due to on and off rounds of lockdowns the unemployment rate has changed rapidly during COVID-19, and the quarterly unemployment rate is not capable of capturing the rapid fluctuations. We thus use GMI to interpolate the census unemployment rate during the COVID-19 pandemic (46–48). According to the International Labor Organization (ILO), the unemployment rate can be approximated using GMI (47). GMI shows the movement trends over time and space in six different categories of places namely, retail and recreation, grocery and pharmacies, parks, transit stations, workplaces, and residential. It was released to the public on Feb 15th, 2020 and will be removed after the pandemic (46). Since GMI is only temporarily available, it cannot be used to estimate the unemployment rate after the pandemic. However, Twitter data is always available and can be used for understanding, nowcasting, and even interpolating the unemployment rate. Figure 2A shows the indexes of GMI categories over time for South Africa.
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FIGURE 2
 (A) GMI for different categories of places over time for South Africa (28), (B) Unemployment rate of South Africa interpolated with GMI.


Because a residential activity is not a work-related function and its index has a negative correlation with the rest of the indexes, we exclude it from our analysis. We average the indexes of all other categories and used linear regression to interpolate the unemployment rate of South Africa from GMI data. Equation 6 contains the results obtained from fitting a linear regression model to the GMI data.
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GMI represents the GMI averaged over all the categories except for the residential places and unemp is the interpolated unemployment rate. Figure 2B shows the quarterly unemployment rate (26) interpolated using the GMI for South Africa. In this figure, the error bars show that the highest error occurs in the estimation of the unemployment rate for August 2021.

To evaluate the goodness of the fit, we used the SMAPE Metric. This metric which is shown in Equation 3 is a value between 0 and 2, with 0 indicating a perfect fit and 2 showing the worst fit possible. Generally, a SMAPE value lower than 0.1 shows a really good regression fit (49). We found a value of 0.05196 for SMAPE which indicates that our simple linear regression model captures the GMI data quite well.



Data labeling and sentiment analysis

Sentiment analysis is an NLP procedure that classifies text based on its affective states. Sentiment analysis is done using a pretrained Bidirectional Encoder Representations from Transformers (BERT) model (50, 51). The model is trained using a large Twitter dataset (52, 53). We randomly choose 200 tweets from our dataset and manually label them as negative, neutral, or positive. We find that the model has 0.69 accuracy on our dataset. Based on how negative, neutral, or positive a tweet is, the machine assigns a score between−1 and 1 to the tweet. Negative, neutral, and positive tweets have a score close to−1, 0, and 1, respectively (54).

Unemployment has increased during the COVID-19 pandemic, and everybody even the young population that are not in the work force have suffered from it (55, 56). Even in wealthier families, children and adolescents that are not in the working-age have experienced anxiety and depression due to financial and economic crises (57). Their experience may not be as negative and acute as adults, but the economic recession caused by lockdowns and unemployment is reflected in their comments and sentiments, as well (55). In addition, in poorer families, economic crises may cause adolescents to quit school and enter the labor market to supplement their household economy (58). These negative sides and impacts of the pandemic and lockdowns are reflected in the tweets, and we capture them by performing sentiment analysis. The result efficiently increases the performance of the model for nowcasting the unemployment rate.

The normalized sum of the sentiment scores over time is calculated for the two parts of the dataset and compared with unemployment rate, before and during the COVID-19 pandemic. Moreover, the sentiment classes and scores for different provinces are calculated and compared. The two datasets are concatenated to train the PCR model and estimate the unemployment rate. From the 1182,632 different tweets, 289,738 tweets belong to the second part of the dataset (COVID-19 pandemic period), and the rest belong to the first part (pre-COVID-19 pandemic period). Figure A.1 in Appendix A in supplementary files shows the word-cloud generated for our dataset.



Model development and validation

After concatenating our datasets, the number of tweets over time for the whole dataset and different keywords are found and stored in a vector. Next, since the normalized sum of the sentiment scores over time have a negative correlation with the unemployment rate, it is inverted and stored in a separate vector. These vectors which make up the training set, are standardized to improve the performance of the regression model. The unemployment rate is also stored in a different vector and used as labels for the PCR. The PCR method is essentially a linear regression model on the principal components of the training dataset (59). Therefore, PCA is applied to all of the vectors of the training dataset, and twenty-two different principal components are found. According to Figure 3A, the first component accounts for more than 80% of the variance. However, according to Figure 3B, the cross-validation Root Mean Square Error (RMSE) indicates that the least error is obtained when five of the principal components are used for linear regression. Therefore, we use linear regression with the first five principal components in our model.
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FIGURE 3
 (A) The percentage of explained variances for the different principal components, (B) Cross-validation RMSE for linear regression with different number of components.





Results

The method is implemented using Python 3 in Google Colaboratory (60). Using the vectorization feature of python, we are able to process our large dataset in no time. However, the sentiment analysis part which requires Graphics Processing Unit (GPU) takes more than 3 hours to execute (37).


Quantity of the tweets

Table A.1 in Appendix A in the supplementary files shows the keywords used for retrieving tweets (14), their correlations with the unemployment rate, their p-values, and whether they are selected for tracing the unemployment rate and training the PCR model.

The total dataset is 53% and 90% correlated with the unemployment rate and has a p-value of 4 × 10−4 and 3.76 × 10−8 before and during COVID-19 pandemic, respectively. Figures 4A,B show the correlation between the number of tweets in the total dataset and the unemployment rate before and during the COVID-19 pandemic, respectively.


[image: Figure 4]
FIGURE 4
 (A) Correlation between the unemployment rate and the number of employment-related tweets before the COVID-19 pandemic, (B) Correlation between the unemployment rate and the number of employment-related tweets during the COVID-19 pandemic.


According to these results, the employment-related tweets gathered using our selected keywords are significantly correlated with the unemployment rate of South Africa, during and before COVID-19. Next, the two datasets for before and during COVID-19 pandemic are concatenated. Figure A.2A in Appendix A, supplementary files, shows that the number of tweets in the concatenated dataset is also highly correlated with the unemployment rate. Thus, Twitter data may be used to estimate the unemployment rate in real time.



Sentiment classification

Figure 5A shows the confusion matrix of the pretrained model tested on our labeled dataset. The diameter of the confusion matrix indicates that the accuracy of the model is 69%. Table 1 shows the precision, recall, and f1-score of the model. The average of the parameters on different polarities also suggests that the accuracy of the model on our dataset is approximately 69%. Moreover, Figure 5A and Table 1 also show that tweets from negative and positive polarities are better recognized than tweets with neutral polarity. The reason could be that tweets with neutral sentiment may carry a mixture of positive and negative polarity and therefore are more difficult to distinguish.


TABLE 1 Evaluation metrics of the pretrained model tested on our labeled dataset.
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FIGURE 5
 (A) Confusion matrix of the sentiment analysis model, (B) Percentage of tweets from different sentiment classes.


Figure 5B shows the number of negative, neutral, and positive employment-related tweets before and during the COVID-19 pandemic. As shown in Figure 5B, there are more tweets with negative sentiments than with positive sentiments. This is as expected since the dataset is on unemployment-related tweets. Moreover, it can be seen in Figure 5B that sentiment classes are more negative and less positive during the COVID-19 pandemic compared to before. This is in-line with previous research on social media sentiments during COVID-19 (61). As the COVID-19 pandemic started, people found more free time during the lockdowns to spend in social media. In addition, they were able to communicate with friends and family while social distancing (62). However, the microblogging sentiments were not always more positive than before COVID-19 pandemic (61, 63). Authors in (62, 63) found that the most dominant emotion of tweets regarding topics related to COVID-19 were fear, anticipation, and trust. This means that they were scared of the pandemic circumstances, yet hopeful that new solutions will be unearthed for prevention and recovery. Moreover, emotions regarding economy have been very negative during the COVID-19 pandemic (64, 65). The study in (64, 65) show that at the beginning of the pandemic investors became very fearful and uncertain of the stock market trends and trading. The sentiments regarding oil price were dominantly fear at the beginning of the pandemic as well (65). Finally, it is stated in (65) that Twitter sentiments around job and employment continued to be more optimistic in March 2020. People were hopeful that everything will go back to normal after the lockdowns. However, since April 2020, emotions have been increasingly becoming less optimistic and more anxious and annoyed regarding the labor market.

We compare the normalized sum of sentiment scores with the unemployment rate, during and before COVID-19. Figure 6 shows the distribution of the normalized sum of the sentiment scores (A) before and (B) during the COVID-19 pandemic, over time. Table 2 shows the correlation and the p-value of sentiment scores with the unemployment rate for the first and second part of the dataset, i.e., before and during the COVID-19 pandemic, and the correlation between the concatenated dataset and the unemployment rate.


[image: Figure 6]
FIGURE 6
 The distribution of the sum of sentiment scores over time (A) before and (B) during the COVID-19 pandemic.



TABLE 2 The correlation between sentiment scores and the unemployment rate as well as that between the concatenated dataset and the unemployment rate.
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According to Figure 6 and Table 2, the sentiment scores have a high negative correlation with the unemployment rate, during and before the COVID-19 pandemic. This could be interpreted to mean that the higher the unemployment rate, the more negative the sentiments of the employment-related tweets. The sentiments can be used to qualitatively analyze employment-related tweets, to understand how dissatisfied people are with unemployment.



Nowcasting the unemployment rate

The sentiment scores are next inverted to have a positive correlation with the unemployment rate. Two-thirds of the dataset is used for training the PCR model and the remaining portion is used for testing. According to Figure 7, the predicted values of the unemployment rate are very well–correlated with the actual values. The SMAPE, RMSE, MAPE, and coefficients of determination R2 metrics in Figure 7 are calculated using Eq. 1-4 (31). As shown in Figure 7, the trained model has R2-score of 0.93 and SMAPE of 0.01 which is very outstanding.


[image: Figure 7]
FIGURE 7
 Correlation between unemployment rate and estimated values of the whole country with 95 percentiles.


Figure 8A shows that the estimated unemployment rate matches the actual unemployment rate. Figure 8B shows that the estimated unemployment rate is well–correlated with the actual unemployment rate, during the COVID-19 pandemic. The model has an R2-score of 0.51 and SMAPE of 0.03 which shows that it has a good effect size and performs very well (49).


[image: Figure 8]
FIGURE 8
 (A) Estimated unemployment rate, (B) Correlation between the estimated values of the unemployment rate during COVID-19 and the actual unemployment rate for the whole country with 95 percentiles.


We have also used PCR to nowcast the unemployment rate of different provinces. Figure 9 shows the correlation between the actual unemployment rate of Gauteng and the estimated values when about two-third of the data is used for training the PCR model and one-third is used for prediction.


[image: Figure 9]
FIGURE 9
 Correlation between unemployment rate and estimated values of Gauteng province with 95 percentiles.


According to Figure 9, the model for Gauteng has a SMAPE of 0.03 and an R2-score of 0.89 which indicates a pretty good prediction.

Moreover, we use one-third of the data before the COVID-19 pandemic to train the PCR model and then use the trained model to nowcast the unemployment rate during the COVID-19 pandemic for different provinces in South Africa. Figure 10A shows that the predicted values closely follow the actual unemployment rate for Gauteng. Figure 10B shows the correlation between the actual and predicted values of the unemployment rate for Gauteng. We obtain a SMAPE value of 0.03 and R2-score of 0.68, which indicates a good prediction.


[image: Figure 10]
FIGURE 10
 (A) Estimated values of unemployment rate of Gauteng during COVID-19 pandemic matches the actual unemployment rate, (B) Correlation between the estimated values of the unemployment rate during COVID-19 and the actual unemployment rate for Gauteng province with 95 percentiles.


The results for the rest of the provinces can be found in Appendix A in supplementary files.




Discussion

In this paper, we use social media to nowcast the unemployment rate of South Africa. We find that the number of tweets on certain keywords has a high correlation with the unemployment rate in South Africa. Moreover, the social sentiments of the tweets are negatively correlated with the unemployment rate. Social media provide a large amount of data about users and their interactions about a given subject, thereby, offering an unconventional data source for data-driven policy decisions. It is turning into the primary place where people share their thoughts and daily activities. In addition to what people express on social media, an investigation of their underlying attitudes can help inform policies. Some of these conversations on social media are employment-related.

In this study, we show that certain keywords extracted from employment-related tweets can be used to nowcast the unemployment rate. The selected keywords correlate with the unemployment rate for all the years considered. Therefore, it is very likely that the number of tweets gathered with these keywords will keep on correlating with the unemployment rate, in the future. Moreover, the fact that the normalized sum of the sentiment scores of the tweets gathered with these keywords has a strong negative correlation with the unemployment rate verifies that these keywords can reflect the unemployment rate. As the unemployment rate increases, people begin to talk about it on the social media, in a negative way, and the selected keywords can pick this reflection.

Our PCR method for estimating the unemployment rate using the number of tweets on the selected keywords and the normalized sum of their sentiments has an SMAPE and R2-score of 0.01 and 0.93, respectively.

In conclusion, our PCR method can estimate the unemployment rate of a country very well. This is very valuable as it allows us to remove the barriers and difficulties of the census methods and estimate the unemployment rate in real time. Furthermore, to make sure that the dataset gathered truly captures the unemployment rate and can be used to nowcast it in the long run, we find the number of tweets belonging to each province in South Africa and stratify the provinces based on age and industry. Figure 11A shows the number of tweets of each province. Most of the tweets come from urban provinces, namely, Gauteng, KwaZulu-Natal, and Western Cape (66). These provinces contain more than 85% of the tweets. Other provinces which are considered rural account for < 15% of the tweets.


[image: Figure 11]
FIGURE 11
 (A) Number of tweets in each province, (B) Distribution of age population on different provinces.


However, when we study the distribution of age and industry population in different provinces, we find that (1) most of the people of working ages (20–60 years old) live in the urban provinces (Gauteng, KwaZulu-Natal, and Western Cape), and (2) the most populated industries are in the urban provinces. Figure 11B shows the distribution of the age population in different provinces for 2021. We depict this diagram for 2020, 2019, and 2018 and find that they have a similar distribution (67). The diagrams can be found in our complete code (37). As can be seen in this figure, the population of working ages (20–60 years old) for KwaZulu-Natal and Gauteng is almost 2 times and 3 times more than the rural provinces, respectively. Moreover, after these two provinces, working ages are more populated in Western Cape, compared to the rural provinces.

In South Africa specifically, about 82% of Twitter users are of the working ages (16–54 years) (8, 13, 68). Based on the above, we conclude that the tweets that we have gathered are dominantly from people in their working ages, talking about their economic condition and therefore, the volume of the tweets does represent the unemployment situation of the country.

Next, we find the distribution of industry population in different provinces. Figure 12A shows the distribution of industry population in different provinces and Figure 12B shows the population of a given industry divided by the whole population of that industry for different provinces, for 2021. These diagrams for 2020, 2019, and 2018 are very similar to 2021 and can be found in our complete code (37).


[image: Figure 12]
FIGURE 12
 (A) Distribution of industry population on different provinces, (B) Population of industries in different provinces divided by the total population of that industry.


As can be seen in Figure 12B, in all the industries, except for utilities, mining, and agriculture, most of the population live in Gauteng, KwaZulu-Natal, and Western Cape. The population living in Gauteng for these industries is almost 2 times, and even 3 times in some cases, more than that of the other provinces. Among the rural provinces, most of the population for these industries live in Eastern Cape which has the highest number of tweets according to Figure 12B. For utilities, mining, and agriculture, the population in rural provinces is considerable, however, according to Figure 12A the population working in these industries is very small. Therefore, we conclude that the number of tweets is highly attributed to the population working in different industries and reflects the economic situation of different sectors.

In conclusion, what we are capturing by tweet volume is associated with the unemployment rate of the country and considering that it has always correlated with the unemployment rate of the country since the beginning of Twitter, it will most probably represent the unemployment rate of the country in the long run. Results in Appendix A in supplementary files show that the number of Tweets in each province has a moderate to strong correlation with the unemployment of that province which also shows that we have gathered the tweets using the right keywords.

We also calculate the sum of sentiment scores divided by the number of tweets, over time in urban and rural areas of South Africa. Figure 13 shows the sum of sentiment scores divided by the number of tweets in urban and rural areas, since 2017.


[image: Figure 13]
FIGURE 13
 Sum of sentiment scores divided by number of tweets for urban and rural areas.


According to Figure 13 sentiments for urban areas are noticeably lower during COVID-19 pandemic compared to before it. One probable reason could be that during the COVID-19 pandemic, the economy was devastated, and most industries and people from working age groups are located in urban areas. Therefore, the sentiments of urban areas are evidently lower than rural provinces. This is another finding that shows we have gathered the right data from Twitter, and most probably our method can be used to nowcast unemployment rate in the long run.



Limitations

There are many limitations related to Twitter data that prohibit us from training a perfect model. As previously mentioned, generally, only 15% of online adults, which are mostly 18–29 years old and some minorities, regularly use Twitter. Certain populations, urban/suburban residents, affluent householders, and mobile users, and are more likely to use Twitter (69). As a result, a great portion of the public is left out of consideration. Moreover, 95% of Twitter users never geotag. Among those who consider geotagging their tweets, only about 1% allow most of their tweets to be geotagged. Basically, very passive, and very active users who, respectively post <50 and more than 1,000 tweets per year do not allow most of their tweets to be geotagged. Only moderate users who have 50 to 1,000 tweets per year, frequently allow their tweets to be geotagged. Therefore, a vast number of tweets cannot be used (70, 71). Essentially, among geotagged tweets, only those that are in English can be of use. This is especially crucial when studying multilingual countries such as South Africa. Officially, 11 different languages are spoken in South Africa (72). However, we are only able to gather and analyze English tweets for tracing and nowcasting the unemployment rate.



Conclusion

In this paper, social media, particularly, Twitter is traced to estimate the unemployment rate of South Africa in real-time. Since in South Africa the unemployment rate is measured quarterly, this method can be used to find the missing information on the unemployment rate, as well. Moreover, this method can provide the unemployment rate statistics in real-time, and without the difficulties faced using the traditional approach. Finally, this information can be highly valuable for analyzing labor market flow when facing disasters such as a pandemic.

The normalized sum of sentiment scores over time before and during the COVID-19 pandemic has a strong negative correlation with the unemployment rate. We combine the number of tweets on different keywords, and the sentiment scores and use PCR to nowcast the unemployment rate. The results show that the estimated unemployment rate is well–correlated with the actual unemployment rate.

One contribution to the future work of this project is to use social media to estimate other economic metrics such as inflation rate, job vacancy rate, labor force participation rate, and part-time working rate. Another work that can be done is to use social media to forecast economic metrics such as the unemployment rate. Different methods or techniques of time series prediction or data mining and machine learning algorithms can be used to forecast these metrics. This can be extremely useful for disaster management response and recovery. Finally, since other media, especially images and videos make up a large portion of social media, new methods need to be proposed to process social media content further.
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Background: The postponement of the Hangzhou Asian Games has reignited controversy over whether it is necessary and safe to hold. This study aimed to assess its necessity for Asian elite sport and the challenges brought by the COVID-19 pandemic through joint data science research on elite sports and public health Internet big data.

Methods: For necessity, we used seven pre-pandemic Asian Games to investigate its long-term internal balance and six pre-pandemic Olympic Games to examine its contribution to the external competitiveness of Asian sport powers through bivariate Pearson correlation analyses between sport variables and holding year. For challenges, we used Johns Hopkins COVID-19 data and Tokyo 2020 Olympic data to quantify the past impact of the pandemic on elite sport by another correlation analysis between pandemic variables and the change in the weighted score of medal share (CWSMS), built a transferable linear regression model, transferred the model to Jakarta 2018 Asian Games data, and eventually forecasted the possible impact of the pandemic on the results of the Hangzhou Asian Games.

Results: The proportion of gold medal countries in the Asian Games showed a long-term upward trend (Pearson r(7) = 0.849, p < 0.05), and the share of medals won by Asian countries showed a significant increasing process (Pearson r(6) = 0.901, p < 0.05). The cumulative number of COVID-19 deaths (CND) was most significantly correlated to CWSMS (Pearson r(100) = −0.455, p < 0.001). The total Olympic model output of Asian countries was 0.0115 in Tokyo 2020 and is predicted to be 0.0093 now. The prediction of CWSMS in Hangzhou was 0.0013 for China, 0.0006 for Japan, and 0.0008 for South Korea.

Conclusion: We documented that Asian Games played a significant role in the long-term balanced internal structure and the increasing global competitiveness of Asian elite sport. We proved that the COVID-19 pandemic has significantly affected the Olympic performance of countries worldwide, while the competitive performance at the Hangzhou Games would be less affected than the world average level. This study also highlights the importance of interdisciplinary data science research on large-scale sports events and public health.
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1. Introduction

On 6 May 2022, the Olympic Council of Asia (OCA) officially announced the postponement of the Hangzhou Asian Games due to the COVID-19 pandemic (Olympic Council of Asia, 2022). This is not the first time a major sport event has been postponed in the post-pandemic era. Since breaking out in early 2020, the global COVID-19 pandemic has affected global elite sport, so much so (Kemp et al., 2021; Hayes, 2022; Washif et al., 2022) that the Tokyo 2020 Olympics and Paralympics were postponed to 2021 for the first time in Olympic history (Olympic Games Tokyo Committee, 2021). Although both the Tokyo Olympics and the Beijing Winter Olympics were eventually held safely (International Olympic Committee, 2021a, 2022a; Akashi et al., 2022; Liu et al., 2022), public health risks caused by the new Omicron variant (Menni et al., 2022; Tanaka et al., 2022; Tian et al., 2022) and the attendance of spectators will undoubtedly bring new challenges to the Hangzhou Asian Games (Dergaa et al., 2022). As a result, public health and elite sport are more closely linked than ever (Kemp et al., 2021; International Olympic Committee, 2021b, 2022b), which has motivated many assessments on the impact of the pandemic on the Olympics. However, these assessments are either only quantitative from the perspective of elite sport (Csulak et al., 2021; Schipman et al., 2022) or only from the perspective of public health (Zhu et al., 2021; Akashi et al., 2022; Hirata et al., 2022), which cannot assess competitive performance with the dynamics of the pandemic. However, for a successful event, the excitement of the contests and the safety of its participants need to be achieved at the same time. To assess the possible challenges in Hangzhou Asian Games, interdisciplinary data science research that simultaneously quantifies the factors in elite sport and public health is required.

Not only the postponement but also the cancellation of large-scale sport events in the context of a global pandemic has been suggested (Borpujari, 2021; Lancet, 2021). In the case of the Asian Games, the controversy over its necessity began even earlier (Choi et al., 2015). Problems such as excessive scale, fixed mode, and a lack of marketing methods have labeled the Asian Games as “marginalized” (Choi et al., 2015). At the same time, China, Japan, and South Korea dominate the top three in the Asian Games; Hong proposed in his book that East Asian countries have formed a certain degree of “monopoly” in the Asian Games (Hong and He, 2020). Recently, Horne and Takahashi (2022) pointed out that the Asian Games has begun to be dubbed “the East Asian Games”. Before taking the risk, we need to evaluate whether it is necessary to hold the Games. But so far, most of the quantitative research around the Asian Games focuses on a certain event or a specific sport in a specific country (Lhee et al., 2021; Nanda et al., 2021). To assess the necessity of the Asian Games for the development of Asian elite sport, multi-level data science evidence around the overall long-term role of the Asian Games in Asian elite sport is required.

In fact, data science research on large-scale sport events has a long history: the first Olympic data analysis paper in Science (Lietzke, 1954) was published in 1954. In recent years, the rise of big data has led to the emergence of a new trend in Olympic data science research: multi-source and interdisciplinary. The joint analyses of Olympic data and social-economic data (Bernard and Busse, 2004; Forrest et al., 2010; Scelles et al., 2020), socio-demographic data (Smith et al., 2015; Guo et al., 2022), and even Google Trends data (Bauman et al., 2021) have provided quantitative bases for policy-making around elite sport, public economics, and public health throughout the Olympic bidding, preparing, and legacy managing (World Health Organization, 2010; Lee and Kim, 2013; Preuss, 2022; Russo et al., 2022), and have eventually deepened the integration between sport science and other disciplines such as econometrics, psychology, and medicine.

In this article, we aimed to provide quantitative evidence to assess the Hangzhou Asian Games in terms of its necessity for Asian elite sport and the challenges of the COVID-19 pandemic. The first part involved a multi-level investigation into the long-term pre-pandemic internal structure of Asian elite sport based on the historical data of the Asian Games and its external competitiveness based on the historical data of the Olympic Games. The second part also has two aspects. First, we conducted interdisciplinary modeling based on Johns Hopkins COVID-19 data and Tokyo 2020 Olympic data to assess the short-term impact of the pandemic on Asian and worldwide elite sport in terms of competitive performance and to forecast the possible pandemic impact on the contest results of the Hangzhou Asian Games. We also compared the multi-level dynamic pandemic data at the end in terms of infection risk.



2. Methods

Our study did not use any experimental subjects or private data, but mainly utilized big data from the Internet, which means that the institutional review board (IRB) and informed consent statement (ICS) are not involved. However, the collection and analysis of Internet big data are carefully designed.


2.1. Pre-pandemic necessity assessment
 
2.1.1. Data collection
 
2.1.1.1. Data of the Asian Games

Although the Asian Games have a long history, the main participating countries of the Asian Games were not fixed until some Central Asian countries that seceded from the former Soviet Union participated in the Hiroshima Asian Games in 1994. In addition, the last Asian Games before the outbreak of the COVID-19 pandemic were the Jakarta 2018 Asian Games. Therefore, we chose the historical data of the 7 Asian Games from 1994 to 2018 in our pre-pandemic assessment. From the official website of the OCA, we extracted the number of participating countries (NPCs), the number of medal-winning countries (NMCs), and the number of gold-medal-winning countries (NGMCs) in each Asian Games. Furthermore, the data on the number of gold, silver, and bronze medals won by China, Japan, and South Korea in each Asian Games were also collected.



2.1.1.2. Data of the Olympic Games

Corresponding to the time period of the aforementioned Asian Games, we adopted the historical data of the six Olympic Games from 1996 to 2016 in our pre-pandemic assessment. On the official website of the International Olympic Committee (IOC), we extracted the total number of medals and gold medals, together with the total number of gold medals and medals won by 45 Asian National Olympic Committees (NOC) at each Olympic Games. Besides, the number of gold, silver, and bronze medals won by China, Japan, and South Korea in each Olympic Games was also collected.

In this article, data collection was performed using Python version 3.7.1 and pandas version 0.23.4. A summary of the data used in our pre-pandemic assessment is shown in Table 1.


TABLE 1 A summary of the data used in our pre-pandemic assessment.

[image: Table 1]




2.1.2. Statistical analysis
 
2.1.2.1. Internal structure assessment

First, we calculated the proportion of gold-medal-winning countries (PGMC) and the proportion of medal-winning countries (PMC) in each Asian Games, together with the share of gold medals and medals of China, Japan, and South Korea. These variables can quantify the relative distribution of medals in different countries by excluding the interference from changes in the total number of participating countries (TNPCs) and the total number of medals (TNMs) in the Asian Games. Then, we analyzed the bivariate Pearson correlation between the aforementioned Asian Games variables and the year the Games were held by which the long-term development process and trends within Asia elite sport were quantified.



2.1.2.2. External competitiveness assessment

For this problem, we first calculated the share of gold medals won by Asian countries (SGMAC) and the share of medals won by Asian countries (SMAC), together with the share of gold medals and medals of China, Japan, and South Korea in each Olympic Games. These variables can quantify the relative performance of Asian countries relative to the rest of the world by excluding interference from changes in Olympic TNPC or TNM. Then, we analyzed the bivariate Pearson correlation between the aforementioned Olympic Games variables and the year the Games were held. In this way, the long-term development process and trends of Asia elite sport in the global sport landscape have been quantified.

In this article, statistical analysis was performed using SPSS version 26.0 (IBM, NY, USA).




2.2. Post-pandemic challenge assessment
 
2.2.1. Data collection
 

2.2.1.1. Data of the Olympic Games

Since the Tokyo Olympic Games are the only comprehensive global summer sports event held since the COVID-19 breakout, the changes in the competitive performance of various countries during the Tokyo Olympics might reflect the short-term impact of the pandemic on their global competitiveness. Therefore, we chose the data from the Rio 2016 Olympics and the Tokyo 2020 Olympics for our post-pandemic assessment. On the official website of the IOC, we extracted the medal data of 103 medal-winning countries, regions, or organizations in the Rio or Tokyo Olympic Games, including the numbers of gold, silver, and bronze medals won by each of them.



2.2.1.2. Data of the Asian Games

As the Jakarta 2018 Asian Games are the last in the pre-pandemic period, our forecast for the possible short-term impact of the pandemic on the results of the Hangzhou Asian Games is relative to the Jakarta 2018 Asian Games. Therefore, we chose the data from the Jakarta 2018 Asian Games as a control in our post-pandemic forecasting. On the official website of the OCA, we extracted the number of gold, silver, and bronze medals won by each of the 36 medal-winning countries or regions in the Jakarta 2018 Asian Games.



2.2.1.3. Data of the COVID-19 pandemic

We obtained the cumulative number of confirmed COVID-19 cases (CNCCs) and the cumulative number of COVID-19 deaths (CND) in 100 of the Olympic medal-winning countries from the Center for Systems Science and Engineering (CSSE) at Johns Hopkins University (JHU) (Dong et al., 2020). In addition, pandemic-related data for the Democratic People's Republic of Korea and Turkmenistan were obtained from the official website of the World Health Organization (WHO). Particularly, the time point for the Olympic impact assessment data was 16 July 2021 (7 days before the Opening Ceremony of the Tokyo 2020 Olympic Games), and the time point for the Asian impact forecasting data was 1 May 2022.

Subsequently, in the World Population Prospects 2019 released by the United Nations Population Division Department of Economic and Social Affairs in August 2019, we collected the population (2020) data of 100 medal countries or regions in the two Olympic Games. In addition, the population of Serbia and Kosovo was obtained from the Eurostat official website. The delegation of independent Olympic athletes with one national entity is excluded from our analysis.

A summary of the data used in our post-pandemic assessment is shown in Table 2.


TABLE 2 A summary of the data used in our post-pandemic assessment.
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2.2.2. Statistical analysis
 
2.2.2.1. Past impact documenting

To quantify the correlation between the change in the Olympic medal table from Rio to Tokyo and the COVID-19 pandemic, we need to define a variable to quantify the former first. Here, we introduced the weighted score of medal share (WSMS), which can quantify the relative performance of each country by always aligning with its medal table ranking and excluding the interference from changes in TNPC or TNM. Then, using the amount of change in WSMS from Rio to Tokyo (CWSMS), we quantified the change in the global competitive performance of each NOC in the post-pandemic era. The variable design is based on the following three points.

1) Share: The total number of medals is different for each Olympic Games and Asian Games. Therefore, we use the share of medals instead of the number of medals as a variable to compare the different competitions in history.

2) Weight: The ranking in the medal table is a recognized standard to measure the relative competitive performance of a country at the Olympic Games and Asian Games. From the perspective of ranking, the value of gold, silver, and bronze medals is different. First, the ranking of the medal table is determined by the number of gold medals. Second, in the case of the same number of gold medals, it is determined by the number of silver medals and so on. Therefore, we have weighted the share of medals in a way that can ensure that the scores of different countries are consistent with the ranking order of the medal table.

3) Change: In the long run, the competitive performance of countries is relatively stable, and the impact of the pandemic is reflected in the short-term change between the competitive performance of the two Olympic Games before and after the pandemic. Therefore, our dependent variable in the model is CWSMS rather than the original value.
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As Equation 1 shows, g represents the gold medal share won by each country or region in the current Olympic Games, s represents the silver medal share, and b represents the bronze medal share. Besides CNCC and CND, we also calculated the cumulative number of CNCCs per unit population (CNCCP) and the cumulative number of confirmed COVID-19 deaths per unit population (CNDP) in each NOC. Considering the home advantage of host countries (Balmer et al., 2003), Brazil and Japan were excluded from the statistics. With no national entity, the delegation of independent Olympic athletes was also excluded.

Then, we analyzed the bivariate Pearson correlation between the aforementioned COVID-19 pandemic variables (on 16 July 2021) and CWSMS. In this way, the short-term impact of the pandemic on global elite sport at the Tokyo 2020 Olympic time point was quantified.



2.2.2.2. Future result forecasting

Furthermore, taking CWSMS as the dependent variable and the COVID-19 pandemic variable that showed the strongest correlation with it as the independent variable, we trained a regression model on the Tokyo 2020 Olympic data and the pandemic data on 16 July 2021. To achieve the goal of effectively forecasting the results of the Hangzhou Asian Games, the model needs to meet the following three constraints.

1) Since the absolute value of the pandemic data inevitably increases with time, the model validity must not be affected by the increase in the absolute value of the pandemic data.

2) As the NPCs n in the Olympic Games and the Asian Games are different, the model validity must not be affected by changes in the total NPCs.

3) The total number of WSMS in a competition is always equal to 1.001001, so the total output of CWSMS from the model should be 0.

For constraint (1), the original value was replaced by its share form as the independent variable X; for constraints (2) and (3), we designed the following prototype of the model as Equation 2 shows.
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Then, we transferred the Olympic model to the Asian Games by bringing the COVID-19 pandemic data at the Asian impact time point (1 May 2022) of 36 gold-medal-winning countries at the Jakarta Asian Games into it and eventually built the regression model of the possible impact of the pandemic on the relative performance of the gold-medal-winning countries at the Hangzhou Asian Games.

In addition, we compared the dynamic changes of the pandemic variables CNCC and CND between the two time points. Based on this, we discussed the validity of the model outputs on two scales, Asia as a whole, and China, Japan, and South Korea as specific countries. The infection risks that may be caused by the new Omicron variant and the attendance of spectators were also explored.






3. Results


3.1. Pre-pandemic assessment

Within Asia, as shown in Figure 1A, at the continent level, in the 7 Asian Games from 1994 to 2018, PGMC showed a significant increasing process over time (Pearson r(7) = 0.849, P < 0.05), while PMC had no significant upward trend. Conversely, at the particular country level, the medal and gold medal shares of China, Japan, and South Korea showed an overall downward trend but were not significant except for the medal share of Japan (Pearson r(7) = −0.726, P < 0.1).
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FIGURE 1
 The results of the pre-pandemic assessment. (A) The internal trends in the Asian Games from 1994 to 2018 include the proportion of gold-medal-winning countries and the proportion of medal-winning countries, together with the share of gold medals and medals of China, Japan, and South Korea in each Asian Games. (B) The external competitiveness of Asian countries in the Olympic Games from 1996 to 2016 includes the share of gold medals won by Asian countries and the share of medals won by Asian countries, together with the share of gold medals and medals of China, Japan, and South Korea in each Olympic Games.


At the world level, as shown in Figure 1B, in the 6 Olympic Games from 1996 to 2016, SMAC showed a significant increasing process over time (Pearson r(6) = 0.901, P < 0.05), and SGMAC also showed a significant upward trend (Pearson r(6) = 0.742, P < 0.1). In contrast, at the particular country level, neither the share of gold medals nor the share of medals in China, Japan, and South Korea showed a significant correlation with time except for the medal share of Japan (Pearson r(6) = 0.822, P < 0.05).



3.2. Post-pandemic assessment

For the past Olympic impact, at the world level, based on Olympic data and pandemic data at the first time point, the correlation analysis results showed that there were three COVID-19 pandemic variables significantly correlated with CWSMS, namely, CNCC (Pearson r(100) = −0.400, P < 0.001), CND (Pearson r(100) = −0.455, P < 0.001), and CNDP (Pearson r(100) = −0.200, P < 0.05). CND was the most significant pandemic variable, so we adapted the share of CND (SCND) as the independent variable for regression analysis and trained an Olympic regression model as Equation 3 (a significant equation was found (F(1, 99) = 24.006, P < 0.001) with adjusted R2 = 0.187) shows.
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At the continent level, the sum of CWSMS model outputs for Asian countries was 0.0115. As shown in Figure 2A, at the particular country level, the Olympic model output of CWSMS for China was 0.0012, that of Japan was 0.0008, and that of South Korea was 0.0013. Moreover, according to the Olympic model in Equation 3, at the second time point (1 May 2022), the sum of CWSMS outputs for Asian countries was 0.0093, in general, and 0.0013 for China, 0.0006 for Japan, and 0.0008 for South Korea, in particular.
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FIGURE 2
 The results of the post-pandemic assessment. Yellow-red shading shows the CWSMS outputs of the model where darker red identifies countries in which the impact of the pandemic on WSMS is more severe. Light gray shading shows the regions that are not modeled. (A) The Olympic regression model outputs of CWSMS for 102 medal-winning countries from Rio 2016 to Tokyo 2020. (B) The Asian Games forecasting model outputs of CWSMS for 36 Jakarta gold-medal-winning countries in the Hangzhou Asian Games. WSMS, weighted score of medal share; CWSMS, change in the weighted score of medal share.


For the future Asian Games result, by bringing CND data at the second time point in 36 Jakarta gold-medal-winning countries into Equation 3, we built a regression model as Equation 4 shows.
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As shown in Figure 2B, the Asian Games model output of CWSMS for China was 0.0033, that of Japan was 0.0005, and that of South Korea was 0.0013.

Table 3 compares the absolute values and share forms of CNCC and CND for the world, Asia, China, Japan, and South Korea at the two time points.


TABLE 3 The absolute numbers and world shares of CNCC and CND for Asia, China, Japan, and South Korea at the two time points.
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As CNCC increased sharply at the second time point in Table 3, we also built an alternative regression model that takes the share of CNCC (SCNCC) as the independent variable [a significant equation was found (F(1, 99) = 18.556, P < 0.001) with adjusted R2 = 0.149]. The model is as follows.
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At the continent level, the sum of CWSMS alternative model outputs for Asian countries was 0.0008. At the particular country level, the alternative Olympic model output of CWSMS for China was 0.0010, that of Japan was 0.0006, and that of South Korea was 0.0010. Moreover, according to the alternative Olympic model in Equation 5, at the second time point (1 May 2022), the sum of CWSMS outputs for Asian countries was 0.0029, in general, and 0.0009 for China, −0.0007 for Japan, and −0.0030 for South Korea, in particular.

For the future Asian Games result, by bringing CNCC data at the second time point in 36 Jakarta gold-medal-winning countries into Equation 5, we built a regression model as Equation 6 shows.
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The alternative Asian Games model output of CWSMS for China was 0.0022, that of Japan was −0.0041, and that of South Korea was −0.0128.




4. Discussion

Regarding the role of the Asian Games in the overall balance and long-term development of Asian elite sport in the pre-pandemic period, we discussed it from both an intra-Asian perspective and a global perspective. Within Asia, the analysis of the Asian Games from 1994 to 2018 showed a significant increase in the proportion of medal countries and relative stability of the medal shares in China, Japan, and South Korea, which suggests that in the past two decades before the pandemic breakout, the rise of more sports powers has made the long-term development trend of the internal structure of Asian elite sport more balanced, which is inconsistent with the views of the “monopoly” of the 3 East Asian countries (Hong and He, 2020). In addition, the more intense competition also reflects that the Asian Games play a strong role in promoting the improvement of the competitive level of Asian countries to some extent. At the same time, this also overturns the so-called “monopoly” and “East Asian Games” (Horne and Takahashi, 2022).

Externally, in the analysis of Olympic data from 1996 to 2016, we found a significant increase in the share of medals won by 45 Asian countries and relatively stable medal shares in China, Japan, and South Korea in the six Olympic Games. This suggests that in the past two decades before the pandemic breakout, the overall competitiveness of Asian elite sport in the world sports arena has steadily improved. This further implies that the aforementioned emergence of more Asian Games medal-winning countries is not because of the weakening of the major Asian sport powers. On the contrary, at the particular country level, when China, Japan, and South Korea hold a stable position in the world elite sport arena, other Asian sports powers are gradually emerging, which in turn enhances the overall competitiveness of Asian elite sport in the world arena.

Moreover, linking the internal and external trends together, if we consider China, Japan, and South Korea as a frame of reference, the rise of other Asian sports powers is consistent with the overall competitiveness of Asian elite sport in the world arena. According to Figures 1A, B, the upward trend of the Asian Games is ahead of the upward trend of the Olympic Games. In other words, the prosperity of the Asian Games precedes the prosperity of Asian elite sport powers in the Olympic Games. That is to say, in the long-term development process before the pandemic, the balanced inward strength of Asian elite sport embodied by the Asian Games also indirectly enhanced the outward world competitiveness of Asian elite sport, which can hardly be named “marginalized” (Choi et al., 2015).

Here, a possible alternative explanation is that the pre-pandemic statistical analysis did not exclude the host country's advantage, which is also a possible reason for the declining trend in Japan's gold medal share during the selected time range. In fact, we intentionally included it because hosting large-scale comprehensive international events is also one of the effective measures for a country to improve its elite sport systematically and rapidly, for which China has set a good example (Zheng and Chen, 2016). Holding the Asian Games in different countries will promote the rapid rise of more Asian sports powers, for which Qatar has also set a good example (Abdul Razak and Muhamad, 2022). This is another important contribution of the Asian Games to the long-term and balanced development of Asian elite sport.

Regarding the impact of the COVID-19 pandemic on global elite sport, before the Tokyo 2020 Olympics, the number of confirmed cases and deaths in each country was significantly correlated with the change in its ranking in the Olympic medal table. This suggests that the pandemic has indeed affected the overall short-term development of elite sport in various countries around the world, which is consistent with the former discipline-specific conclusions (Schipman et al., 2022) and pre-Olympic reports (Kemp et al., 2021; Washif et al., 2022).

Therefore, the joint modeling of Olympic data and the pandemic data may forecast the impact of the COVID-19 pandemic on the performance of elite sport in various countries to some extent. According to our results, at the continent level, the overall impact on Asian participating countries is lower than the world average in terms of Tokyo Olympic performance, which also implies that Asian countries may present a relatively more exciting post-pandemic event in the upcoming future at the Hangzhou Asian Games. The reason may lie in the fact that Asian sports powers (Wang et al., 2021), especially China (Chen et al., 2021), have taken more effective COVID-19 countermeasures, and the fact that most Asian countries are less urbanized than European and American countries (González-Val and Sanz-Gracia, 2022). Particularly, China, Japan, and South Korea are less affected by the COVID-19 pandemic than the world and Asian average levels no matter from the output of the Olympic regression model at the Tokyo time point or the forecasting of the Asian Games regression model at the second time point. In other words, they may achieve better results in the 2022 Hangzhou Asian Games than in the 2018 Jakarta Asian Games.

The validity of the above predictions can be verified by two of our complementary analyses. On the one hand, bringing the pandemic data in May 2022 into Equation 3, the output of Asia, China, Japan, and South Korea is still positive, which suggests that our judgment based on the Tokyo data is still basically valid for now. On the other hand, the milder symptoms and higher infection rate of the Omicron variant relative to the Delta variant (Menni et al., 2022) resulted in a faster increase in confirmed cases and a slower increase in deaths across all scales in Table 3, which also implies that CNCC may replace CND as the primary factor affecting elite sport due to the pandemic. As the output of the alternative model shows, the CNCC-based predictions for the relative competitive performance of Asia as a whole and China, in particular, remain positive, but the output for Japan and South Korea turns negative. Although this does not affect our prediction of how exciting the Asian Games will be, there are more possibilities for the relative performance of countries in the upcoming Hangzhou Asian Games. If CND remains the primary factor, the pandemic will strengthen the relative performance of China, Japan, and South Korea in Hangzhou; otherwise, if CNCC becomes the leading factor, the relative performance of Japan and South Korea will be weakened due to the sharp increase of CNCC in Omicron wave. Furthermore, the slight increase in CND share in Asia in Table 3 may be due to the fact that Omicron's later arrival in Asia and its slower dispersion there have delayed the variant's impact when compared with Europe and North America (Elliott et al., 2022; Taylor, 2022), which are also leading continents of elite sport.

Besides the impact of the pandemic on competitive performance, the infection risk brought by the attendance of spectators is more complex. The higher infection rate does bring higher public health risks to spectators watching the Games (Dergaa et al., 2022), but it cannot be ignored that the vast majority of the staff and spectators of the Games will come from Asia, especially China. The shares of CNCC and CND in Table 3 on both time points are far lower than the share of the world's population in Asia and China according to the UN population data we collected (58.93%). This implies that even if the Games is open to spectators, the risk is lower than that of recent Games in other countries or continents.

Our study has two major limitations. First, the challenge caused by the attendance of spectators is not included in the prediction model. Nevertheless, our interdisciplinary modeling with the help of dynamic pandemic big data has partially made up for it. Furthermore, we will continue to follow up and investigate the Qatar World Cup (Dergaa et al., 2022), which may provide new evidence for our further research. Second, the impact of the pandemic during the Omicron wave may change (Menni et al., 2022). The comparative analysis of pandemic variables between Delta and Omicron using an alternative model has included more possibilities. Moreover, the current insufficiency is precisely the motivation for our continued interdisciplinary tracking of elite sport and public health big data in the future.



5. Conclusion

Our study shows that during the two decades before the pandemic, the internal structure of Asian elite sport showed a trend of more balanced medal distribution in the Asian Games. Consequently, at the world level, the overall competitiveness of Asian countries shows a significant trend of strengthening in the Olympic Games. The Asian Games play a significant role in the long-term development of Asian elite sport at multiple levels, and its holding is necessary.

About 2 years after the outbreak of the pandemic, the joint modeling on the Tokyo 2020 Olympic Games and the Johns Hopkins COVID-19 data shows that the impact of the pandemic on competitive performance does exist, but its impact on the Asian Games is lower than the world average level. Combined with the dynamic changes of the pandemic, we can forecast that the public health risk to the Hangzhou Asian Games is expected to be more controllable than other mega sport events elsewhere. Particularly, China, Japan, and South Korea, the three dominant sports powers in Asia, are still likely to perform better in Hangzhou than in the 2018 Jakarta Games. In contrast, given the well-documented impact of the pandemic on elite sport performance with high statistical significance but a small effect size, our advice to policymakers is to take different risk management among athletes and spectators while opening live audiences to ensure both excitement and safety, rather than opening them up entirely at once. We hope this can provide a reference for future large-scale sport events to be held in the prolonged post-pandemic era.

Another highlight of our study is the importance of deeper integration between public health and elite sport in the post-pandemic era. Moreover, an effective way to deepen their integration is through interdisciplinary data science research. Today, we can easily obtain data on large-scale sport events and real-time global pandemics through the Internet, but their joint analysis has also put forward new requirements for study design, data acquisition, and data integration. From the perspective of elite sport, data collection should not be limited to a single event or a single sport, but should be analyzed by combining multi-level data from multiple resources; from the perspective of public health, the pandemic data need to be dynamically quantified and modeled simultaneously with the sports data.

On 19 July, the OCA announced that the 19th Asian Games in Hangzhou will be held from 23 September to 8 October 2023. The Asian Games, postponed for 1 year, will bring us exciting sport and provide valuable data for both elite sport and public health for in-depth future assessment. We will continue to follow up on this issue in our future work.
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Objective: To analyze the clinical characteristics and risk factors of viral shedding time in mildly symptomatic and asymptomatic patients with the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) Omicron variant (BA.2 and BA2.2) infection in Shanghai, and the effect of traditional Chinese medicine (TCM) treatment, so as to provide a reference basis for epidemic prevention, control and clinical treatment.

Methods: A total of 6,134 asymptomatic or mildly symptomatic Omicron-infected patients admitted to Tianhua Road fangcang shelter hospital in Jinshan, Shanghai, between April 2022 and May 2022 were included. Demographic characteristics and clinical histories were collected and compared in subgroups according to the different durations of viral shedding. Spearman's correlation analysis was performed to explore the association between virus shedding time and clinical variables. Multiple linear regression was used to evaluate the risk factors for viral shedding time.

Result: Most patients with asymptomatic and mildly symptomatic Omicron infection were male, and more than half of patients had a viral shedding time of 8–15 days. The patients were divided into three groups according to the time of viral shedding: short-duration (≤ 7 days), intermediate-duration (8–15 days) and long-duration group (≥16 days). The proportion of patients aged ≤ 29 years was the highest in the short-duration group (30.2%), whereas the proportion of patients aged 50–64 yeas was the highest in the long-duration group (37.9%). The proportion of patients with the chronic non-communicable diseases among the short-, intermediate- and long-duration groups was 6.2, 9.4, and 14.9%, respectively. Among them, hypertension was the most found (4.9, 7.8, and 11.7%, respectively). By multivariate analyses, we identified that viral shedding time of Omicron variants was independently negatively correlated with male patients, TCM treatment, and manual laborers, while it was independently positively associated with age and hypertension. Additionally, TCM treatment could significantly shorten the length of viral shedding time, especially for men, age ≥30 years, comorbid chronic non-communicable diseases, unemployed people and manual worker.

Conclusions: Our results suggested that age and hypertension were independent risk factors for the duration of viral shedding in asymptomatic and mildly symptomatic omicron infected patients. TCM can effectively shorten viral shedding time.

KEYWORDS
  Omicron, viral shedding time, traditional Chinese medicine, age, hypertension


Introduction

Since the outbreak of the coronavirus disease 2019 (COVID-19) pandemic, there have been several variants of the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), one of which is the Omicron variant (1–5). The Omicron variant was first identified in South Africa and Botswana, and reported to the World Health Organization on November 24, 2021 as a novel variant. It has replaced the Delta strain as the major prevalent strain worldwide, and its high transmissibility and immune evasion capabilities have attracted global concerns (5–9).

In early March 2022, a major outbreak of SARS-CoV-2 Omicron variant spread rapidly throughout Shanghai, China. This SARS-CoV-2 epidemic was the Omicron subtype BA.2 and BA.2.2. To effectively implement the “dynamic zeroing” policy, China established a large number of fangcang shelter hospitals to manage asymptomatic and mildly symptomatic patients infected with Omicron BA.2 and BA2.2 (10, 11). Recently, a report from Chen et al. (12) systematically described the epidemiological features and transmission dynamics of the Omicron epidemic in Shanghai, and revealed that from February 26 to June 30, 2022, the overall infection rate, severe/critical infection rate and mortality rate were 2.74 (95% CI: 2.73 to 2.74) per 100 individuals, 6.34 (95% CI: 6.02–6.66) per 100,000 individuals and 2.42 (95% CI: 2.23–2.62) per 100,000 individuals, respectively. The rate of severe/critical infection and mortality increased significantly with age, with the highest rates among those aged 80 years or older, where the rate of serious/critical infection was 125.29 (95% CI: 117.05–133.44) per 100,000 and the mortality rate was 57.17 (95% CI: 51.63–62.71) per 100,000 individuals, respectively. At that time, the total number of reported infections was 626,811, including 568,811 (90.75%) asymptomatic infections and 58,000 (9.25%) symptomatic cases (12).

A key infected population in this outbreak was the asymptomatic and mildly symptomatic patients, as Omicron tended to infect primarily the upper respiratory tract, not the lungs (13, 14). The insidious symptoms of these patients can easily lead to underdiagnosis, resulting in the continued spread of Omicron in society and making the epidemic difficult to prevent and control (15), which may be one of the main factors in the rapid global spread of Omicron (4, 16). Currently, isolation measures for Omicron-infected individuals and close contacts are used in several countries to cut off the transmission route (4). Inappropriate and excessively prolonged quarantine may place a huge burden on society and affect the psychological well-being of Omicron-infected individuals, whereas too short an isolation period may lead to the spread of the virus. Therefore, assessing the viral shedding time of SARS-CoV-2 and thus determining the optimal duration of isolation is of great practical importance (17). In addition, accumulating evidence has shown that traditional Chinese medicine (TCM) played an important role in alleviating patients' symptoms, shortening the duration of illness, delaying disease progression and reducing mortality (18, 19).

Given the serious public health threat posed by Omicron variants and the potential to undermine global efforts to control the COVID-19 pandemic, in-depth research and comprehensive understanding of Omicron is urgently needed. However, information on the characterization of the duration of nucleic acid turning negative (i.e., virus shedding) in the Omicron outbreak in Shanghai remains limited. Therefore, we aimed to provide a detailed description of the clinical characteristics of asymptomatic and mildly symptomatic patients with SARS-CoV-2 Omicron variants infection (both BA.2 and BA.2.2) during the epidemic period in Shanghai, as well as to analyze the risk factors associated with the timing of viral shedding. In addition, we investigated the efficacy of TCM in order to develop more effective treatment strategies in the future.



Methods


Study design and population

The study was approved by the Ethics Committee of Tongji Hospital, Tongji University School of Medicine (K-W-2022-010). In this retrospective study, we included a total of 6,134 asymptomatic or mildly symptomatic patients admitted to Tianhua Road fangcang shelter hospital in Jinshan, Shanghai, between April 2022 and May 2022.

The definitions of confirmed COVID-19 cases and SARS-CoV-2 infections were based on the Clinical Guidance for the Diagnosis and Treatment of COVID-19 Pneumonia (Trial ninth edition) published by the National Health Commission of China (20). SARS-CoV-2 infections, including asymptomatic infections and symptomatic cases, were ascertained by Reverse Transcription-Polymerase Chain Reaction (RT-PCR). Asymptomatic infections were defined as RT-PCR-confirmed individuals who (1) did not meet any of the following clinical criteria: fever, cough, sore throat, and other self-perceived and clinically identifiable symptoms or signs; and (2) had no radiographic evidence of pneumonia. Symptomatic cases were further categorized by clinical severity as mild, moderate, severe and critical cases. Mild cases were defined as those with mild symptoms such as fever, fatigue, loss of taste/smell, but without radiographic evidence of pneumonia. Moreover, the population was screened for self-administered rapid antigen testing as a complement to nucleic acid testing; any positive antigen test results required nucleic acid testing for confirmation. Routine surveillance was based primarily on symptom monitoring in medical institutions. Patients without a consent form or complete medical history were excluded from this study.

Participants received an oropharyngeal swab for SARS-CoV-2 RT-PCR test once daily during hospitalization, and were considered to be virus cleared when two consecutive SARSCoV-2 RT-PCR tests for nucleic acid were negative [cycle thresholds >35 for both the nucleocapsid protein (N) gene and open reading frame (ORF) 1ab gene], tested at intervals of at least 24 h. The duration of viral shedding was defined as the first day of positive nucleic acid test to the date of the first negative test of consecutive negative results.



Data sources and collection

Baseline information (i.e., sex, age and ethnicity), clinical manifestations, comorbidities (i.e., hypertension, type 2 diabetes mellitus and cardiac-cerebral vascular disease), TCM treatment or not, type of occupation, vaccination status, and nucleic acid test results were recorder. The kinds of TCM treatment include, Jinhua Qinggan Granule, Lianhua Qingwen Capsule, Shufeng Jiedu Capsule, Huoxiang Zhengqi Capsule, Jingyin gubiao Tang, Longyi Fangyi Tang, Longfei zhengqi Tang and Maxing Zhiliao Tang. The main source of information was medical records of the patients (both electronic and paper).



Statistical analyses

All statistical analyses were performed using SPSS software (version 19.0, SPSS Inc). Duration of viral shedding was a continuous variable, conforming to a normal distribution, and expressed as mean ± standard deviation. Independent samples t-test was used for comparison between two groups. Categorical data were expressed as number of cases (percentage), and compared using Pearson's chi-Square test. Spearman's correlation analysis was performed to explore the association between virus shedding time and clinical variables. We evaluated factors affecting viral clearance using multiple linear regression analysis. Covariates included sex, age, different comorbidities, vaccination status, TCM treatment, and type of occupation. P < 0.05 was considered to be statistically significant.




Results


Clinical manifestations of enrolled patients

A total of 6,134 asymptomatic and mildly symptomatic patients were included in the present study. Figure 1 showed the distribution of viral shedding times for the SARS-CoV-2 Omicron variant. The results revealed that more than half of the patients had a viral shedding time of 8–15 days (Figure 1A). Therefore, we divided all enrolled patients into three groups according to the duration of viral shedding: short-duration group (≤ 7 days, 1,249 patients, 20.4%), intermediate-duration group (8–15 days, 3,832 patients, 62.4%) and long-duration group (≥16 days, 1,059 patients, 17.2%) (Figure 1B). The basic characteristics of the three groups were listed in Table 1. In all three groups, the number of Omicron infections was obviously higher in males than in females. The mean age of the participants was 42 years (range 2 to 76 years old). Within the three groups, patients were further divided by age into 5 subgroups: ≤ 29, 30–39, 40–49, 50–64, and ≥65 years. In the short-duration group, the proportion of patients aged ≤ 29 years was the highest among the five age subgroups (30.2%), while for the intermediate-duration group and the long-duration group, the highest proportion was aged 50–64 years (29.2% and 37.9%, respectively). Moreover, the majority of patients in the three groups were Han Chinese (97.1, 97.5, and 98.2%, respectively). With regard to chronic non-communicable diseases, hypertension was the most found, followed by type 2 diabetes mellitus, and cardiac-cerebral vascular disease. Moreover, the longer the duration of the disease, the higher the proportion of comorbidities. For example, in the short-duration group, the proportion of comorbid chronic non-communicable diseases was only 6.2%, however, this proportion increased to 14.9% in the long-duration group.


[image: Figure 1]
FIGURE 1
 Distribution of viral shedding time* for asymptomatic and mildly symptomatic Omicron-infected patients. (A) Distribution of viral shedding times; (B) The proportion of patients in the three groups with different viral shedding times. *The duration of viral shedding was defined as the first day of a positive nucleic acid test to the date of the first negative test of consecutive negative results. Participants received an oropharyngeal swab for SARS-CoV-2 RT-PCR test once daily during hospitalization, and were considered virus cleared when two consecutive SARS-CoV-2 RT-PCR tests were negative for nucleic acid [cycle threshold >35 for both nucleocapsid protein (N) gene and open reading frame (ORF) 1ab gene], tested at intervals of at least 24 h.



TABLE 1 The basic characteristics of enrolled patients.

[image: Table 1]

Some of the infected patients received TCM treatment. Among them, 274 (21.9%) infections were treated with TCM in the short-duration group, 767 (20.0%) cases in the intermediate-duration group, and 128 (12.1%) cases in the long-duration group. Different types of occupation were present among asymptomatic and mildly ill patients, with manual workers predominating, followed by mental workers and finally worker with no employment. Interestingly, the type of occupation may also influence the time of viral shedding. Although the proportion of manual workers was higher than that of mental workers and workers with no employment within the three viral shedding time groups, however, the proportion of manual workers decreased in the long-duration group (71.5%) compared to the short-duration group (76.3%), while the proportion of jobless people increased in the long-duration group (10.6%) compared to the short-duration group (4.2%).

In addition, the largest proportion of patients in all three groups had received a full vaccination plus booster (47.6, 49.9, and 48.4%, respectively), followed by those who had received a full vaccination (28.4, 28.3, and 26.7%, respectively). Although the proportion of vaccination status was not statistically different between the three groups, numerically the highest proportion of unvaccinated in the long-duration group (22%), which was higher than the short-duration group (20.3%) and the intermediate group (18.3%). Mildly symptomatic and asymptomatic patients had received COVID-19 vaccine produced by five Chinese companies, including Sinovac Life Science (CoronaVac), Sinopharm Beijing Bio-Institute of Biological Products (BBIBP), Sinopharm Wuhan Institute of Biological Products (WIBP), CanSinoBio and Zhifei Longcom. Of all three groups, the largest proportion of patients received the CoronaVac vaccine (53.6, 55.4, and 51.5%, respectively), followed by those who received the BBIBP vaccine (18.3, 19.0, and 19.8%, respectively) (Supplementary Figure 1).



Risk factors for time to viral shedding of Omicron variants in asymptomatic and mildly symptomatic patients

We included 6,134 patients with viral shedding time into analysis. Spearman's correlation analysis suggested that the duration of viral shedding in asymptomatic and mildly infected patients with Omicron was negatively correlated with sex, TCM therapy and occupation type, and positively correlated with age, hypertension, type 2 diabetes mellitus and vaccination status (Table 2).


TABLE 2 Spearman's correlation analysis of viral shedding time and clinical characteristics.
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The univariate analyses showed male patients, patients treated with TCM, mental workers, and manual workers were negatively association with viral shedding time of the Omicron variant, while age ≥30 years, and combined with hypertension and type 2 diabetes mellitus were positively correlated to the duration of virus clearance (Table 3). By multivariate analysis, we identified male patients, TCM-treated patients, and manual workers were independently and negatively associated with viral shedding periods of the Omicron variant [male: β, −0.764 (95%CI: −1.023 to −0.505); P < 0.001. TCM therapy: β, −1.167 (95%CI: −1.466 to −0.868); P < 0.001. Manual worker: β, −0.753 (95%CI: −1.293 to −0.213); P = 0.006]. More importantly, we found an independent positive association between age, hypertension and the duration of viral shedding: age 30–39 years [β, 0.403 (95%CI: 0.058–0.748); P = 0.022], 40–49 years [β, 1.689 (95%CI: 1.326–2.052); P < 0.001], 50–64 years [β, 1.718 (95%CI: 1.371–2.065); P < 0.001], ≥ 65 years [β, 2.389 (95%CI: 1.622–3.157); P < 0.001], hypertension [β, 0.872 (95%CI: 0.414–1.330); P < 0.001] (Table 3).


TABLE 3 Risk factors of virus clearance time among asymptomatic and mildly symptomatic patients.
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Effect of traditional Chinese medicinal (TCM) therapy on the duration of viral shedding in different populations

To investigate the effect of TCM therapy on the duration of viral shedding in asymptomatic and mildly symptomatic patients with Omicron infection, we classified patients into non-treatment, and TCM treatment groups according to whether they received TCM therapy or not. As shown in Table 4, the duration of viral clearance was significantly shorter in patients who received TCM treatment compared to the non-treatment group (11.10 ± 4.360 days vs. 12.21 ± 4.847 days, P < 0.001). More importantly, the duration of viral shedding was obviously shorter in asymptomatic and mildly symptomatic Omicron infected patients who were male, age ≥30 years, accompanied by chronic non-communicable diseases, workers with no employment and manual workers in the treatment group compared to the non-treatment group (P < 0.05). Notably, as the age of the infected patients increased, the TCM-treated group showed a more pronounced reduction in viral clearance time compared to the untreated group.


TABLE 4 Effect of treatment with TCM therapy on duration of viral shedding.
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Discussion

This study provides a comprehensive analysis of the characteristics of the timing of viral shedding and associated risk factors in asymptomatic and mildly symptomatic patients infected with the Omicron variant of SARS-CoV-2. Our findings revealed an independent negative correlation between the duration of viral shedding and men, TCM treatment and manual workers, and an independent positive correlation with age and hypertension. Furthermore, TCM treatment significantly reduced the time to viral shedding in asymptomatic and mildly symptomatic patients with Omicron infection, especially in male, aged ≥30 years, with chronic non-communicable diseases, workers with no employment and manual workers. These findings may help health professionals to better understand the characteristics of the Omicron variant and to adjust treatment regimens.

Our study found a higher proportion of males than females were infected with Omicron variant in mildly symptomatic and asymptomatic patients, and men was independently and negatively correlated with the duration of viral shedding. In addition, the duration of viral clearance increased with age, and age was independently and positively correlated with time to virus shedding. We speculate that these differences may be due to the differential effects of age and sex on the immune system. Using single-cell transcriptome sequencing, one study has found that females have more plasma cells in the circulation and a stronger B-cell-activating factor of the tumor necrosis factor family (BAFF)/proliferation-inducing ligand (APRIL) system, which is consistent with a stronger adaptive immune response. In contrast, males have a higher percentage of natural killer (NK) cells in their blood and higher expression of certain pro-inflammatory genes (21). During the COVID-19 pandemic in China, men had higher hospital admission and mortality rates than women (22). Besides, the progressive degeneration of the immune system and the persistence of a chronic inflammatory state in the elderly lead to increased susceptibility to infection and reduced ability to recover (23). Previous clinical studies identified that age was positively associated with disease severity and mortality after SARS-CoV-2 infection in the COVID-19 pandemic and was a strong risk factor (23). A basic study demonstrated that, compared to young mice, aging mice had significantly diminished interferon and adaptive antibody responses to SARS-CoV-2 infection (24). However, the specific mechanisms underlying the age and sex differences in Omicron infection need to be further studied in the future. Interestingly, the type of occupation also influenced the duration of viral shedding. Manual workers, who accounted for the majority of asymptomatic and mildly symptomatic infections, were independently and negatively associated with the duration of viral shedding. This may be related to the fact that manual workers are predominantly males and that the wide range of activities of manual workers leads to a greater chance of being infected by Omicron.

Multiple studies have established that patients with comorbidities such as hypertension, diabetes and cardiac-cerebral vascular disease are more susceptible to SARS-CoV-2 (25, 26). One study included 1099 patients diagnosed with COVID-19, 173 of whom were severely ill with comorbidities of hypertension (23.7%), diabetes mellitus (16.2%), coronary heart diseases (5.8%), and cerebrovascular disease (2.3%) (27). In another study, of the 140 patients who were admitted to hospital for COVID-19, 30% had hypertension and 12% had diabetes (28). A pooled analysis demonstrated hypertension increased the risk of exacerbation and death of COVID-19 by up to 2.5-fold, particularly in the elderly (29). This may be due to the fact that overexpression of the angiotensin-converting enzyme 2 (ACE-2) receptors in hypertensive patients is more likely to mediates viral infections in the lungs, leading to more severe outcome than other clinical conditions (25). Additionally, the use of drugs such as ACE-2 inhibitors and angiotensin receptor blockers (ARBs) in patients with hypertension and cardiovascular disease leads to ACE-2 overexpression in vivo, thereby increasing the risk of SARS-CoV-2 infection (25). Furthermore, elevated ACE-2 expression and cytokines storm in diabetic patients also increase the risk of SARS-CoV-2 infection (25). In the present study, asymptomatic and mildly symptomatic patients with Omicron infection accompanied by chronic non-communicable diseases such as hypertension, type 2 diabetes mellitus and cardiac-cerebral vascular disease had a significantly longer time to viral shedding compared to those without chronic non-communicable disease. However, only hypertension was independently and positively associated with time to viral shedding.

Approximately 19.1% (1,169/6,134) of the asymptomatic and mildly symptomatic patients in this study received TCM treatment. The results showed that the time to viral shedding was significantly shorter in patients who received TCM treatment compared to those without TCM treatment, and there was an independent negative correlation between TCM treatment and time to viral shedding. Notably, as the age of the infected patients increased, the reduction in time to viral shedding was more pronounced in TCM-treated than untreated patients. These demonstrate the effectiveness and importance of TCM treatment for mildly symptomatic and asymptomatic patients infected with Omicron. Clinical evidence has previously shown that TCM can significantly alleviate the clinical symptoms, effectively reduce the incidence of severe illness and decrease all-cause mortality in patients with COVID-19 (18). The mechanism of TCM treatment for COVID-19 may be to prevent SARS-CoV-2 from entering cellular host by reducing viral replication and transcription, interfering with viral binding to ACE-2 receptors, and decreasing the expression of type 2 transmembrane serine protease (TMPRSS2) (18). Besides, TCM also regulates interleukin-6 (IL-6), a cytokine storm mediator, to improve COVID-19 symptoms (18, 19).

Several limitations should be mentioned in our study. Firstly, we only included patients from one fangcang shelter hospital in Shanghai, which is not fully representative of the overall population of Omicron-infected patients. Secondly, due to the retrospective design of this study and the lack of relevant laboratory tests (such as blood indicators), the analysis of risk factors for time to viral shedding may not be comprehensive. Thirdly, the choice of TCM therapies is mainly based on the patient's wish to use the medicine and the experience of the clinician who sees them. As a result, there may be artificial bias in the choice of TCM treatment. Finally, as only mildly symptomatic and asymptomatic infected patients were admitted to this shelter hospital, we were unable to analyze the time to viral shedding and associated risk factors in moderate, severe and critical cases.



Conclusions

Our study describes in detail the clinical characteristics of the period of viral shedding and associated risk factors in mildly symptomatic and asymptomatic patients infected with SARS-CoV-2 Omicron variant (including BA.2 and BA.2.2). We found that the duration of viral shedding was 8–15 days in most patients. Age and hypertension were positively associated with time to viral shedding and were independent risk factors for it. However, males and manual workers were independently and negatively related to the duration of viral shedding. Additionally, TCM treatment was effective in shortening the duration of viral shedding time, especially in males, ≥30 years of age, with chronic non-communicable diseases, workers with no employment and manual workers. This study provides a theoretical basis for clinicians to more rationally determine the time to isolation and provide effective treatment for mildly symptomatic and asymptomatic patients with Omicron infection.
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Objective: This study uses four COVID-19 outbreaks as examples to calculate and compare merits and demerits, as well as applicational scenarios, of three methods for calculating reproduction numbers.

Method: The epidemiological characteristics of the COVID-19 outbreaks are described. Through the definition method, the next-generation matrix-based method, and the epidemic curve and serial interval (SI)-based method, corresponding reproduction numbers were obtained and compared.

Results: Reproduction numbers (Reff), obtained by the definition method of the four regions, are 1.20, 1.14, 1.66, and 1.12. Through the next generation matrix method, in region H Reff = 4.30, 0.44; region P Reff = 6.5, 1.39, 0; region X Reff = 6.82, 1.39, 0; and region Z Reff = 2.99, 0.65. Time-varying reproduction numbers (Rt), which are attained by SI of onset dates, are decreasing with time. Region H reached its highest Rt = 2.8 on July 29 and decreased to Rt < 1 after August 4; region P reached its highest Rt = 5.8 on September 9 and dropped to Rt < 1 by September 14; region X had a fluctuation in the Rt and Rt < 1 after September 22; Rt in region Z reached a maximum of 1.8 on September 15 and decreased continuously to Rt < 1 on September 19.

Conclusion: The reproduction number obtained by the definition method is optimal in the early stage of epidemics with a small number of cases that have clear transmission chains to predict the trend of epidemics accurately. The effective reproduction number Reff, calculated by the next generation matrix, could assess the scale of the epidemic and be used to evaluate the effectiveness of prevention and control measures used in epidemics with a large number of cases. Time-varying reproduction number Rt, obtained via epidemic curve and SI, can give a clear picture of the change in transmissibility over time, but the conditions of use are more rigorous, requiring a greater sample size and clear transmission chains to perform the calculation. The rational use of the three methods for reproduction numbers plays a role in the further study of the transmissibility of COVID-19.

KEYWORDS
 COVID-19, reproduction number (R), definition methods, next generation matrix, serial interval (SI)


Introduction

Ever since the first confirmed case of COVID-19 was reported in December 2019, there have been more than 500 million infections around the world, with a total of over 6 million deaths (1, 2). This pandemic has been a great challenge for not only people's health and the global health-care system but also for the socio-economy. In the last 2 years, multiple mutant variants of SARS-CoV-2 have emerged, which affects the transmissibility and severity of the virus greatly (3, 4). In China, due to the implementation of non-pharmaceutical (NPIs, such as quarantine, nucleic-acid testing, and social distancing) and pharmaceutical interventions (PIs, such as medication as well as vaccination) during the prevention and control of COVID-19, there were some satisfying results (1, 5–7). At the current stage of the pandemic, applying the appropriate quantitative index to describe the transmission dynamics of the disease and evaluating its transmissibility to propose corresponding controlling strategies have been areas of great interest for researchers.

In general, researchers use the secondary attack rate (SAR), the number of susceptible contacts who develop the disease as a percentage of the total number of susceptible contacts between the minimum incubation period and the maximum incubation period of certain infectious diseases, or reproduction numbers (R), the number of cases of second-generation infection caused by an infected individual with an infectious disease in a fully susceptible population without any intervention, to illustrate the transmissibility of the disease. As the modeling studies for infectious diseases are more sophisticated, the application of reproduction numbers has become more compelling, among which, basic reproduction number (R0), effective reproduction number (Reff), and time-varying reproduction number (Rt) are commonly used (8). At the beginning of 2020, researchers calculated R0 of COVID-19 in Wuhan, China with the definition method, to demonstrate the transmissibility of this emerging infectious disease (EID) for the first time (9). Recently, there have been some studies published about obtaining Reff and Rt by applying the next-generation matrix and serial interval (SI) (4, 10, 11). Simultaneously, there are studies about Reff of COVID-19 by establishing transmission dynamics models, such as SEIAR models (1, 12, 13). Now that reproduction numbers are playing an important role in predicting and preventing infectious diseases, especially in COVID-19, it is of significance that we use the optimum reproduction number in an outbreak scenario with appropriate calculation methods.

In most cases, the reproduction numbers are obtained from definition methods, next-generation matrices, or using SI and epidemic curves (14–17). However, there are not enough studies about the optimum scenarios for the above calculation methods or they are misused in some circumstances. Therefore, in this study, we used data from four outbreaks occurring in China during 2021–2022, which were denoted as regions H, P, X, and Z, for assessing the transmissibility of COVID-19, and used reproduction numbers, which are obtained by the definition method, the next-generation matrix-based method, and SI and epidemic curve-based method, to be the indicators for COVID-19 transmissibility (1, 18–20). The epidemiological significance and application considerations of the reproduction numbers calculated using these three ways were also compared to provide a reference for public health departments to use more accurate reproduction numbers to formulate prevention and control measures and quantitatively evaluate the effects of various interventions.



Methods


Study design

There are three major steps involved in this study (Figure 1). First, we collected data and methods for calculating reproduction numbers. Then, we described the epidemiological characteristics of the outbreaks in four regions, H, P, X, and Z. Finally, we obtained reproduction numbers of COVID-19 in those regions through three different methods, which are the definition method, the method based on the next-generation matrix, and method based on SI and epidemic curve, to evaluate transmissibility of the diseases under various circumstances.
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FIGURE 1
 The framework of this study.




Data collection

In this study, data were collected on four COVID-19 outbreaks in China from corresponding studies and open accesses, which comprised of transmission caused by the Delta variant in region H (22 July−15 August 2021) (19), region P (4–23 September 2021) and region X (8–30 September 2021) (1, 20), and the Omicron variant in region Z (13–21 January 2022) (18). The data collected included basic information about the patients (age, sex, occupation, address, whether vaccinated, and doses), clinical typing (asymptomatic infection, minor, ordinary, heavy, and severe), key time points of transmission (date of exposure, date of onset, date of the positive test, and date of confirmation), and transmission chains between cases. Population information for each site was obtained from the 7th National Census data in 2020.



Calculation of COVID-19 reproduction number
 
The definition method

Reproduction number, R, is defined as the average number of infections acquired by an infected person during an infected period in a susceptible population. Thus, the definition method means that the transmission chain of an outbreak is obtained and directly calculates the reproduction number, which is denoted as the basic reproduction number, R0. Specifically, first, we collect the number of second-generation cases caused by the first-generation cases and divide the number of second-generation cases by the number of first-generation cases to calculate the R0.
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The next-generation matrix-based method
 
Model development

According to the natural history of COVID-19 and the epidemiological characteristics of the four regions, we grouped the total population N into Susceptible, S; Exposed, E; Infected, I; Asymptomatic, A; and Recovered/Removed, R. Thereby, a SEIAR (Susceptible—Exposed—Infected—Asymptomatic—Recovered/ Removed) transmission dynamics model was constructed.

The SEIAR model was built under these assumptions:

1) We set the infection coefficient after effective contact between a susceptible person S and an infection with symptoms I as β, also assuming that the transmissibility of an asymptomatic infection A is κ times that of a symptomatic infection I (0 < κ < 1), then the number of new infections at time t is βS(I + κA).

2) At time t, there would be two results for exposed population E, they either become symptomatically infected I or asymptomatically infected A. Assume that a proportion p of E is converted to A, and the proportion of E to I is (1–p). It is generally understood that after a person is exposed to pathogens, there is a time interval between when he/she becomes invaded by the pathogen and when it is emitted, known as the latent period. The rate of transformation from E to A is proportional to the amount of E with a scale factor of pω′E, and ω′ is the latent period coefficient.

3) At time t, the number of transfers to the recovering population R is γI if the time interval between onset and diagnosis from a symptomatic infection I is γ; the number of transfers to R from A, identified as an asymptomatic infection, is γ′I.

4) Since there is a possibility of death in symptomatic infections, the mortality rate is taken as f .

The functions of the SEIAR transmission dynamics model are as follows:
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Parameter estimation

In this SEIAR model, there are various of parameters need to be estimated before modeling. The infection coefficient β is obtained by fitting the actual data in the model. The incubation period of the Delta variant is 3–7 days (4, 21) and that of the Omicron variant is 2 days (18, 22); therefore, we set the incubation period coefficient for the Delta variant as 1/ω = 0.33 and the Omicron variant as 1/ω = 0.4. As there were not any asymptomatic infections during the outbreaks in regions P, X, and Z, we set the proportion of asymptomatic infections as p = 0. While for region H, where asymptomatic infections were reported, we set its proportion of asymptomatic infections as p = 0.15 (23, 24), and we set the latent period coefficient in region H as 1/ω′ = 0.2. Simultaneously, according to the previous studies which illustrate that the infection coefficient of asymptomatic infections compared to symptomatic infections is 0.7 (21), we set κ = 0.7. It is widely accepted that the disease duration of the Delta variant is ~5 days, while it is 4–5 days for the Omicron variant (22), so we set the recovery rate of symptomatic infections as 1/γ = 0.2 and 1/γ = 0.22, respectively. As for the recovery rate for asymptomatic infections, we set 1/γ′ = 0.1 (24, 25). No region reported a fatal case, so the fatality of the disease is f = 0 (Table 1).


TABLE 1 The definition and values of parameters in the SEIAR model of COVID-19.
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This method is an indirect way to calculate the reproduction numbers that use a transmission dynamics model, denoted as effective reproduction number Reff. This refers to the expected number of second-generation cases that can be infected by the first-generation cases with certain effective interventions implemented (1, 11).

The formula for calculating the effective reproduction number Reff is as follows: Refer to Supplementary material for detailed calculations (11).
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SI and epidemic curve-based method

Through the transmission chains, which are obtained from the collected COVID-19 data, we count the standard deviations and means of serial intervals (SI) of onset dates of outbreaks. Then, we calculate the reproduction number, denoted as Rt, by the EpiEstim package in R software. Rt represents the average number of second-generation infections from first-generation cases per unit time in a susceptible population. Refer to Supplementary material for a detailed calculation.
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Statistical analysis

Data entry and organization related to this study were performed in Excel 2019. Continuous quantitative variables were described by median ± interquartile range (IQR) and categorical qualitative variables by percentages. Statistical analysis was performed using SPSS version 22.0, and differences were statistically significant at p ≤ 0.05. Graphs were plotted using Graph Prism 7.0; transmission chains were plotted using OrignPro version 2022; models were fitted using Berkeley Madonna 8.3.18; differential equations were solved using the fourth-order Runge Kutta method; and model convergence was based on the root least mean square (LRMS), further using the coefficient of determination (R2) to determine the goodness of fit. The Rt was calculated using the EpiEstim package in R software.




Results


Epidemiological characteristics of COVID-19 in the four regions

From 22 July to 15 August 2021, there were 129 COVID-19 cases caused by the Delta variant reported in region H, with the highest number of new cases in a single day being 15 on 1 August. In 2021, from 4 to 23 September, in region P, a total of 209 COVID-19 cases caused by the Delta variant were reported. On 10 September, the highest number of new cases in a single day, 42 cases, was reached. At the same time, there was another outbreak in region X from 8 to 30 September, which was an outflow of region P's outbreak. The COVID-19 outbreak in region Z in 2022 was a consequence of the Omicron variant, which had basically replaced the Delta variant and become the dominant variant throughout the world. This outbreak in region Z started on 13 January and lasted for 8 days, with a total of 38 cases.

The spatial distributions of cases in each of those four outbreaks give clues about how the outbreaks occurred. The outbreak in region H was scattered in seven districts in the region, with 58.9% of cases reported in area A of region H. During the outbreak in region P, 96.2% of total cases were from area A of region P, and in region X's outbreak, 88.1% of cases were found in a factory in area A of region X. In the outbreak in region Z, 97.4% of cases were in area A of region Z (Figure 2).


[image: Figure 2]
FIGURE 2
 The temporal distribution for COVID-19 outbreaks in four regions studied in this research. The horizontal axis is the dates when the outbreaks happened, and we used different shades of color for the bars in each figure to show the number of cases in different areas in these regions. (A) Region H, (B) Region P, (C) Region X, and (D) Region Z.


As for the population distribution, it shows that there are no significant differences among gender groups during the outbreaks in all four regions which was 58:71 (χ2 = 1.310, p = 0.252) in region H, 88:121 (χ2 = 3.211, p = 0.22) in region P, 116:120(χ2 = 0.068, p = 0.795) in region X, and 12:25 (χ2 = 3.789, p = 0.052) in region Z. But there are some differences among age groups. The median ± interquartile range (IQR) of regions H, P, X, and Z are 34 ± (15–48.5), 32 ± (9–46), 39 ± (31–47), and 21.5 ± (4–35), respectively. The differences in the age distribution of disease occurrence in the four regions were found to be statistically significant through rank-sum tests of multiple groups of samples (H = 40.9, p < 0.05). Vaccination also varied by region (χ2 = 28.907, p < 0.05). The proportions of the unvaccinated group were 46.5, 45.9, 12.7, and 13.2% in regions H, P, X, and Z, respectively. Disease severity varied in regions as well (χ2 = 10.907, p < 0.05). Nevertheless, it is worth noting that most cases reported in regions comprised of individuals with minor or ordinary symptoms, with fewer asymptomatic, heavy, or critical symptoms occurring (Table 2).


TABLE 2 Population distribution of COVID-19 outbreaks in four regions.

[image: Table 2]



Calculating COVID-19 reproduction number
 
The definition method

After clarifying the transmission chains in the four outbreaks (Figure 3), we directly calculated the reproduction numbers of COVID-19 in those four regions. However, there would have been interventions implemented as soon as the authorities discovered a COVID-19 case, so the effective reproduction number Reff has been used in this case rather than the basic reproduction number R0. Consequently, the effective reproduction number Reff in regions H, P, X, and Z is Reff = 1.20, Reff = 1.14, Reff = 1.66, and Reff = 1.12, respectively. Notably, the reproduction numbers were far less than previous studies on the Delta and Omicron variants, which showed that the reproduction number is R = 5 for the Delta variant and R = 5–7 for the Omicron variant. Reproduction numbers of COVID-19 obtained from the definition method in the four regions were over 1, and although this means there were possibilities that the variants would cause outbreaks or epidemics, the speed of transmission was far lower than a super-spreading scenario. This is significant because the government and other departments would have taken prevention and control measures after detecting the cases for the first time, which ultimately presents a gamma distribution in the transmission chain (Figure 4).


[image: Figure 3]
FIGURE 3
 The transmission chains for COVID-19 outbreaks in four regions studied in this research. The dots in each figure represent the COVID-19 cases during each outbreak, while the bars between dots mean that these cases were on the same transmission chain. (A) Region H, (B) Region P, (C) Region X, and (D) Region Z.



[image: Figure 4]
FIGURE 4
 The gamma distribution for the transmission chains for COVID-19 outbreaks in four regions studied in this research. The horizontal axis in each figure shows the number of transmissions caused by a single case, while the vertical axis is the frequency of the transmission number. The bars present the actual frequency in each outbreak, and the red curves are the curves of fitting, which follow a gamma distribution. (A) Region H, (B) Region P, (C) Region X, and (D) Region Z.




The next-generation matrix-based method

We built a SEIAR transmission dynamics model and used the next-generation matrix to calculate the Reff of COVID-19 in each of the four regions (Figure 5). The model fitted well for all four COVID-19 outbreaks in region H (R2 = 0.782, p < 0.001), P (R2 = 0.712, p < 0.001), X (R2 = 0.837, p < 0.001), and Z (R2 = 0.634, p < 0.001).


[image: Figure 5]
FIGURE 5
 The simulation results of epidemic trends based on the different values of Reff in each region. (A) Region H, (B) Region P, (C) Region X, and (D) Region Z.


For region H, the COVID-19 outbreak by the Delta variant in July 2021 could be divided into the natural transmission stage (July 15–August 1) whose Reff = 4.30 and the effective control stage (August 2–August 15) was Reff = 0.44. We have predicted that without any proper interventions, there would have been a total of 2,226 cases (95% CI: 1,871–2,586), while in fact, region H reported 129 cases, which means that taking effective prevention and control measures helped decrease 94.2% of the potential infections (Figure 5A).

The epidemic curves of outbreaks in regions P and X, which were caused by the Delta variant, could be divided into three stages. The first stage is denoted as the natural transmission stage. In region P, it was from 4 to 10 September, with Reff = 6.5; in region X, it was from 8 to 13 September, with Reff = 6.82. The second stage is the effective containment stage. In region P, it was from 11 to 15 September, with Reff = 1.39; in region X, it was from 14 to 20 September, with Reff = 1.51. The last stage is the effective control stage. In region P, it was from 16 to 23 September; in region X, it was from 21 to 30 September, both with Reff = 0. Our prediction illustrated the significance of effective intervention measures via different effective reproduction numbers of three stages in both regions P and X. In the case of region P, if the public health departments had failed to implement interventions by 10 September and the outbreak had continued to develop with Reff = 6.5, there might have been 14,076 (95% CI: 13,345–14,809) cases by 23 September, or if they had not strengthened the intervention measures at the effective containment stage, there would have been 400 (95% CI: 236–588) cases by 23 September. The actual number of COVID-19 cases in region P was 208, thus, after strict interventions on the disease transmission, 98.51 and 49.02% of potential infections were prevented (Figure 5B). Similarly, in the case of region X, if the government had not taken any measures for prevention and control, there might have been 71,930 (95%CI: 70,301–73,562) cases by 30 September, with Reff = 6.82 for the virus, or if they had not maintained the strict intervention measures, by 30 September, the total number of cases would have been 518 (95%CI: 308–730). However, in fact, there were 236 cases in this COVID-19 outbreak in region X, thus, the effective reproduction numbers show that the prevention and control measures prevented 99.67 and 54.44% of potential cases in the first and second stages of this outbreak, respectively (Figure 5C).

For the COVID-19 outbreak in region Z, which was caused by the Omicron variant, similar to that of region H, we have divided its epidemic curve into two stages, with the first stage being the natural transmission stage from 13 to 15 January, where Reff = 3.99, and the second stage denoted as the effective control stage from 16 to 21 January, where Reff = 0.65. If no cases had been detected in region Z before 15 January and no measures had been taken, there would have been a total of 138 (95% CI: 66–213) cases by 21 January. The actual number of cases reported was 38, which shows that the timely measures taken reduced potential cases by 72.5% (Figure 5D).



The epidemic curve and SI-based method

According to the statistical analysis, we have found that for the COVID-19 outbreaks by Delta variant in regions H, P, and X, the average SI of onset date is 2.3, and the standard deviation is 3.4. For the COVID-19 outbreak by the Omicron variant in region Z, the average SI and its standard deviation are 2.9 and 2.4, respectively. Then, with the combination of the epidemic curve and SI, we obtained Rt for the COVID-19 outbreaks in regions H, P, X, and Z (Figure 6).
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FIGURE 6
 The simulation results of epidemic trends based on the different values of Rt in each region. (A) Region H, (B) Region P, (C) Region X, and (D) Region Z.


In region H, at the beginning of the epidemic (before 29 July), when there were no interventions, and Rt varies from 1.5 to 3, showing a rapidly increasing trend. After 1 August, when prevention and control measures were taken, Rtwas declining, it was below 1 after 3 August, and continued until the end of the outbreak. Though the curve approached Rt = 1 on 8 and 11 August, it did not exceed it, due to the strict policies in place (Figure 6A).

In region P, according to the curve, Rt was between 5 and 6 at the beginning of the epidemic. Interventions had been implemented after detecting the first case on 10 September, which contributed to the rapid decline of the transmissibility of the variant, and it is consistent with the effective containment stage in the epidemic curve. After 14 September, Rt < 1, and it lasted until the end of this outbreak (Figure 6B).

In region X, which experienced the first factory cluster outbreak by the Delta variant of COVID-19 in China, the trend of its Rt curve fluctuates, yet it did not exceed 1.5. Rtand appeared to be declining after the public health department took prevention and control measures. Rt was <1 after 23 September, and it was consistent with the effective control stage (Figure 6C).

Rt of COVID-19 caused by the Omicron variant in January 2022 in region Z was over 1.5 before the administrations took effective measures on 15 January, which is a sign of a potential epidemic. After strict interventions, Rt decreased gradually, and it was below 1 on 19 January, and this outbreak was contained (Figure 6D).





Discussion

Evaluating the transmissibility of COVID-19 is of significance in the prevention and control of the pandemic. In this study, we obtained the reproduction numbers of COVID-19 through the definition method, the next-generation matrix-based method, and the SI and epidemic curve-based method, with outbreak data collected from four different regions of Delta and Omicron variants of SARS-CoV-2. Then, we made a comparison of the reproduction numbers obtained from different methods and looked into the merits and demerits of those calculation methods and their reproduction numbers in actual situations, so as to provide public health departments with a valid and reliable index for evaluating the transmissibility of COVID-19 and a theoretical basis for implementing intervention measures.

In selecting the outbreak data, we have chosen the outbreaks in region H in July 2022, in region P and X in September 2021, and in region Z in January 2022. For the past 2 years, SARS-CoV-2 has undergone mutations, where transmissibility varies with the various strains. Before November 2021, most of the outbreaks in China were caused by the Delta variant. After this, it was the Omicron variant that became the dominant variant worldwide (2, 26). In this study, outbreaks in regions H, P, and X were caused by the Delta variant, while the outbreak in region Z was caused by the Omicron variant. On the scale of the epidemic, outbreaks in regions H and P were observed to have a similar scale as the previous epidemics in China. As for the outbreak in region X in September 2021, this was the first factory cluster outbreak caused by the Delta variant in China. However, as for the outbreak in region Z in January 2022, though it was on a small scale, it is informative in relation to small outbreaks that may occur.

For the time distribution, it is concluded that outbreaks in all four regions showed a multi-phased characteristic, which is similar to most of the epidemics previously. As for the population and spatial distribution of the outbreaks in the four regions, it is confirmed that the population is susceptible to all COVID-19 variants, with no differences between Delta and Omicron variants. There was no difference in gender, although the age of the infected patients was mainly in the range of 20–39 years old. As for the disease severity, it is noteworthy that during the outbreaks caused by the Delta variant, there were cases of heavy symptoms, while in the outbreak of the Omicron variant, there were no heavy symptoms or serious cases; however, this may not be significant considering that there was only one data set of the Omicron variant in this study.

By obtaining the reproduction numbers through three different approaches, namely, the definition method, the next generation matrix-based method, and the SI and epidemic curve-based method, which is the main purpose of this study, we made comparisons between the different reproduction numbers (Table 3).


TABLE 3 Reproduction numbers in four regions.
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For the effective reproduction number, Reff, obtained from the definition method, it is calculated that Reff = 1.20, 1.14, 1.66, and 1.12 in regions H, P, X, and Z, respectively. The first three Reffs were caused by the Delta variant, and via the Reff, which is relatively low, it showed that one infection could infect at least one susceptible individual. In previous studies, it was indicated that R0 for the Delta variant was usually 5, and for the Omicron variant it was 5–7 (22, 27), which is significantly different from that in this study. Although we obtained Reff that is consistent with the condition of transmission of the virus through the definition method, it is much slower than the real scenario. According to our analysis, it was found that the transmission chain in the cases was incomplete; in addition, as soon as the first case was reported, the government would have taken strict interventions against the epidemic, which may have resulted in bias in the results. Thus, it is concluded that the reproduction number obtained through the definition method cannot perform well in illustrating the transmissibility of the disease after interventions have been implemented; that is, it is considered that the definition method for calculating the reproduction number should be conducted in the early stages of the epidemic when there are clear transmission chains to predict the trend of the infectious disease (28).

Driven by the Chinese policy of preventing and controlling the transmission of SARS-CoV-2, appropriate interventions would have been implemented by the local government soon as a case was reported. Therefore, calculating the reproduction number, which is denoted as Reff, through the next generation matrix method by using the transmission dynamics models is effective, because it can provide us with references for the trend of the epidemic and evaluate the effects of the conducted measures (8). The reproduction numbers in the outbreak of region P are taken as an example. According to the fitting curve, the outbreak could be divided into three phases. The first phase was the natural transmission phase, where Reff = 6.5, and it explains the rapid increase of cases in the early stage of the outbreaks. When relevant interventions were taken, this was the second phase, where Reff = 1.39, and although it shows that the transmissibility of the virus is slower than phase I, the virus was still able to transmit in region P and the outbreak continued. With the implementation of intervention measures were strengthen, this was the third phase, where Reff = 0, and it showed that the outbreak was under control and there was no way that the disease would still spread in the city. In conclusion, it was found that the reproduction number from the next-generation matrix method was able to forecast and simulate the trend of the epidemic to evaluate the prevention and control measures more validly and offer significant references for future epidemics.

The time-varying reproduction number, obtained via epidemic curve and SI, presents the dynamic change of the epidemic and is now used more frequently (27, 29). However, the condition required for calculating Rt is more complicated: we have to recognize a clear transmission chain and obtain the SI between the first-generation cases and second-generation cases. In this study, we found that the SI of onset date for the Delta variant of the outbreaks in regions H, P, and X was 2.4 ± 3.4, which is smaller than that in Guangdong Province. The reason for this bias may be due to the lack of transmission chain in this study. While for the Omicron variant, whose onset date SI in region Z is 2.9 ± 2.4, in this outbreak, the transmissibility of the variant is less strong. However, because the total number of cases in region Z was much smaller, it is unrealistic to generalize the result in this case. As Rt is a real-time index, it is more instructive to use it as a reference when assessing the trend of epidemics to focus on prevention and controls. However, lacking transmission chains or losing the partial case data would lead to biases in calculating Rt, and, worse, could mislead decision-makers in connection to implementing intervention measures.

According to the above discussion, we have summarized with a decision tree to assist researchers to choose an optimal method for calculating reproduction numbers when there is a COVID-19 epidemic and to provide references for intervention implementation (Figure 7).
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FIGURE 7
 The decision tree for choosing the optimal reproduction number as an index for the transmissibility of SARS-CoV-2 during a COVID-19 epidemic.




Limitations

Due to technical conditions and data limitations, this study has the following limitations. First, the data used in this study are one provincial Delta variant outbreak, two municipal Delta variant outbreaks, and one municipal Omicron variant outbreak. As a comparative study, data information on the corresponding scale of the two types of variants should be guaranteed. Second, there are several ways to calculate the reproduction number, but in this study, only three methods were used for the calculation of the reproduction number, which can be further calculated by different methods and further compared to draw more reliable conclusions.



Conclusion

In this study, we calculated the reproduction numbers of four Chinese COVID-19 outbreaks by using the definition method, the next-generation matrix-based method, and the epidemic curve and SI-based method, then analyzed and compared the best applicable scenarios for each of these methods. The definition method is generally used in the early stages of an epidemic, when the number of cases is small, to be able to assess the virus transmissibility and the effectiveness of initial prevention and control measures and to be able to predict the trend of the epidemic, but the results may be biased when the transmission chain is unclear and the number of cases is too large. The method based on the next-generation matrix is mostly used in situations where there are more cases, and the transmission chains are unclear. The index incorporates a variety of factors to control transmission, which can well evaluate the measures taken for epidemic prevention and control, to make a judgment on the scale of the epidemic, but for larger-scale epidemic outbreaks, this method has some limitations. For the calculation of the reproduction number obtained using the method based on the epidemic curve and SI, Rt can give the real-time spread of COVID-19, making it easier and more efficient for decision-makers to take intervention measures, but the method is more complex and requires harsh conditions, and it needs enough clear generational relationships to calculate the SI so that the reproduction number can be calculated. Through the rational use of different reproduction number methods, the benefits of prevention and control measures can be maximized, and a good basis for further clarifying the epidemiological significance of disease transmission can be created.
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The coronavirus disease of 2019 (COVID-19) constitutes a serious threat to pregnant women. One of the key strategies for preventing and managing the COVID-19 epidemic is vaccination. Herd immunity is significantly hampered by COVID-19 vaccine reluctance, which poses a potential threat to population health. Therefore, the present work intends to ascertain the incidence and severity of COVID-19 vaccine hesitancy among Pakistani pregnant women, the determinants driving their decision, and a comparative assessment with non-pregnant participants. This cross-sectional survey was carried out from November 2021 to February 2022. The validated vaccination attitude examination (VAX) scale about vaccination reluctance was undertaken by participants, who were also required to indicate whether they would be inclined to acquire the COVID-19 vaccine along with the reasons for reluctance. In comparison to the non-pregnant category with 353 participants, the group of 372 pregnant participants who responded to the questionnaire had a much greater proportion of hesitant respondents. Likewise, contrasted to 31% of non-pregnant participants, about 40% of them attributed their willingness to get vaccinated against coronavirus to social media. They also demonstrated a considerably stronger mean score on all subcategories of the VAX measure. The adjusted odd ratio findings showed that the independent factors for vaccine reluctance appeared to be trusting rumors on social media (adj OR: 2.58), not being afraid of covid-19 (adj OR: 2.01), not believing in COVID-19 existence (adj OR: 2.53), and not believing in vaccines (adj OR: 4.25). Uncertainty about the COVID-19 vaccine is very prevalent among expectant mothers. The investigation accentuates the pressing need to administer COVID-19 vaccination to the general public, including expectant mothers who might be anxious about the vaccine.
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Introduction

Thousands of casualties have occurred as a result of the coronavirus disease pandemic of 2019 (COVID-19), which has also triggered public health challenges, overwhelmed healthcare infrastructures, disrupted supply chains, and the economic systems, and ended up causing a mental illness epidemic (1–3). Epidemiological evidence demonstrated that expectant women have a higher tendency for contracting COVID-19 infection (4, 5). The rate of hospitalization in intensive care departments and the need for mechanical respiration have been reported far higher in pregnant women than in non-pregnant women. They are also more susceptible to dying from COVID-19 and encounter challenges during pregnancy, such as premature delivery (6, 7). Differential stages of anxiety and depression were also found linked to the ongoing pandemic (8), significantly raising the incidence of pregnancy-related abnormalities like preeclampsia, nausea, vomiting, distress, low birth weight, premature births, and low Apgar scores (9). Henceforth, COVID-19 vaccinations for pregnant women are timely warranted to combat the unpleasant outcomes (10, 11). Unfortunately, this vulnerable population was not enrolled in any of the COVID-19 vaccination trials that have been conducted so far. Also, there is a lack of evidence and some degree of ambiguity regarding the COVID-19 vaccine's consequences on gestation (12, 13).

A widely productive public health approach for preventing contagious diseases is immunization, which has been demonstrated to drastically lower infection-related morbidity and mortality worldwide (14, 15). While vaccines are widely adopted, it is feasible to limit and even eliminate diseases that can be prevented by vaccines. Consequently, in order to manage these infections, a significant immunization rate must be attained. The World Health Organization's Strategic Advisory Group of Experts on Immunization (SAGE) working group defines vaccine hesitancy as postponing or rejecting immunization services irrespective of their availability which hampers efforts to combat diseases that can be prevented through vaccination (16, 17). In accordance with all applicable legislation, several COVID-19 vaccines have been manufactured and approved for use in the wider population across the world. In the COVID-19 vaccination developmental phases, pregnant women were not included though, they have had access to all the manufactured vaccines after the FDA allowed the inoculation of Pfizer/BioNTech for the pregnant subjects at the beginning of 2021. The European Medicines Agency then responded in a similar manner (18, 19). The American College of Obstetricians and Gynecologists (20) and the Society for Maternal-Fetal Medicine have persistently espoused the accessibility of the COVID-19 vaccine to expectant and breastfeeding mothers, and both healthcare communities, along with the Center for Disease Control (CDC), presently propose inoculation of coronavirus vaccine for this population (21). This recommendation was based on the grounds that none of the proposed vaccines consist of activated viruses or adjuvants- that may endanger an unborn fetus.

Several absurd conspiracy ideas emerged on media platforms as soon as COVID-19 was declared a plague. Such conspiracy theories have caused polio vaccination campaigns to fail in Pakistan, a country that is particularly susceptible to them. Following the epidemic, rumors began to emerge in the country that the COVID-19 vaccine is a hoax and part of a conspiracy against Muslim nations. This notion, which supports COVID-19 vaccination reluctance, was widely debated in the local communities. It is believed that COVID-19 infection in Pakistan may lead to several complications in expectant women who have not gotten vaccinated. It was discovered that COVID-19 had an 8% mortality rate in pregnant women when local data was gathered and discussed at a webinar on the COVID-19 vaccine among pregnant women conducted by a public medical university in collaboration with the American Society of Microbiology (22–24). These unfavorable pregnancy risks highlight the significance of vaccinating expectant mothers. In recent investigations, the effectiveness of the COVID-19 vaccines in the population of pregnant women has been evaluated, and the findings have been encouraging. According to UK research, immunizations did not affect perinatal outcomes since women who got at least one shot of the COVID-19 vaccine in the time of pregnancy had equal rates of all unfavorable pregnancy results to unimmunized women (25, 26). Additionally, recommendations for immediate vaccination of expectant women have been established, emphasizing that the vaccine's advantages outweigh any possible risks (27). Pregnant women are not allowed to participate in clinical trials, which makes it challenging for them to develop faith in vaccinations and has hampered the practice of vaccinating pregnant women. Moreover, the effectiveness of the vaccination campaign for pregnant women has been further hampered by the widespread conspiracy beliefs in Pakistan concerning vaccination campaigns, which claim that they are a part of a Western stratagem to render Muslim women sterile (23, 28).

Henceforth, related institutions and healthcare professionals must identify vaccine hesitancy and its causes to implement targeted measures to reduce it and increase vaccine uptake, particularly during the times of pandemic when the willingness of pregnant women to acquire the vaccination may get affected. Owing to the paucity of evidence on the acceptance, awareness, and constraints of vaccination among pregnant women in the COVID-19 context, we carried out a hospital-based cross-sectional survey among pregnant and non-pregnant participants in a public hospital in Pakistan to evaluate the determinants that influence vaccine acceptability the acceptance of influenza vaccination and associated factors in the context of COVID-19 pandemic.



Materials and methods


Data source and study population

From November 2021 to February 2022, cross-sectional research was carried out in the outpatient setting of the Obstetrics and Gynecology department of the Benazir Bhutto Hospital affiliated with the Rawalpindi Medical University, Rawalpindi, Pakistan.

To obtain data more conveniently, an Urdu-translated VAX (Vaccination Attitude Examination) index was designed to assess anti-vaccination beliefs, and it has been verified in 2017 (29). The questionnaire consisted of four sub-categories with a total of 12 items. A scale of 1–6 is used to score each item, with 1 denoting a “strongly disagree” response and 6 denoting a “strongly agree” response. When examining vaccination intentions for COVID-19 infection, prior research has demonstrated that the subject survey approach has a high degree of reliability (30). Overall, a higher VAX score indicates a more intense level of anti-vaccine attitude. The VAX scales may be further divided into categories based on the item numbers: items # 1–3 deal with mistrust of vaccine benefits, items # 4–6 deal with the concerns about unforeseen future effects, items # 7–9 deal with commercial profit concerns, and item# 10–12 deal with the preference for natural immunity.

During the study period, the optimal sample size was estimated to be at least 369, employing a convenient sampling approach with ~5% marginal error at a 95% confidence level and a 60% estimated vaccination rate. Among 416 study participants who consented to partake in the survey and respond to the questionnaire, 44 were disqualified owing to incomplete survey responses, retaining 372 pregnant individuals. For non-pregnant women participants, the sample size was estimated following similar criteria. To evaluate if pregnancy exclusively is the primary rationale for denying the COVID-19 vaccination, a similar survey was given to 399 reproductive-age non-pregnant women (in the outpatient department), and 353 of them responded. With a total of 725 responses, the present investigation comprised both pregnant and non-pregnant women of reproductive age who had not received the COVID-19 vaccine during the research period. Respondents may review a questionnaire that was virtually identical to the paper form in terms of queries, language, and presentation chronology to maintain physical distance and avoid the spread of coronavirus infection. Study participants were provided web links to questionnaires by the research team, but each participant was only permitted to electronically respond to a single query since the electronic database's content sorting process was fully mechanized. The survey questionnaire was designed to gather data on the demographic trends of the respondents, comprising age, place of origin, marital status, income level, educational attainment, and occupational status. By adding a few more items to the VAX survey, we also asked respondents about their comfort with the COVID-19 vaccination and other common vaccines. These additional questions included not believing in vaccines, believing in social media rumors, prior unpleasant vaccine side effects, receiving inadequate evidence about vaccines, not being afraid of COVID-19, not believing in the existence of SARS-CoV-2, and not being afraid of COVID-19. All items in the questionnaire included a categorical “Yes” or “No” response option.



Ethical considerations

Each study subject completed a written informed consent form after receiving a detailed description of the research's objectives and potential outcomes. Our study was carried out in accordance with the Benazir Bhutto Hospital's Scientific Ethics Committee and the Helsinki Declaration Guidelines for Human Subjects in Scientific research (Ref: BBH-2022/006052).



Statistical analysis

Descriptive and inferential statistics were performed using IBM SPSS software, version 26.0. The mean (X) and standard deviation (SD) were adopted to illustrate continuous data, whilst absolute values and percentages (%) were utilized to represent categorical variables. The average values of the data evaluated in the investigation were compared using the ANOVA and the Student's t-testing. Applying the non-parametric SPSS Median test and the pregnancy status as the grouping variable, the findings of the VAX scale were given as median values and interquartile range (IQR). The Pearson correlation coefficient was adopted to assess parametric data, whereas Spearman's correlation coefficient was determined for non-parametric variables. In a multivariate backward stepwise logistic regression model, all variables determined in the univariate investigation to have a statistically significant relationship with vaccination reluctance were included. The Chi-square and Fisher's exact tests were used to compare the proportions of reluctant, uncertain, and confident respondents. The level of significance for statistical analysis was set at α = 0.05.




Results

Overall, 372 pregnant and 353 non-pregnant women of childbearing age answered the survey's questionnaires. The findings demonstrated comparable outcomes in terms of age (32.5 ± 8.6 vs. 29.6 ± 8.9), place of origin (In rural case: 43.28% vs. 41.36%; In urban case: 56.72% vs. 58.64%), marital status (Married: 93.82% vs. 90.37%; single/divorced/widowed: 6.18% vs. 9.63%), and educational level (undergraduate: 25.81% vs. 29.18%; graduate: 51.61% vs. 55.81%). However, the similarities were not relatively significant. Given the higher ratio of pregnant participants who were unemployed (21.1% vs. 11.2%, with p = 0.012), we discovered that participants who were pregnant had much lower income levels than their non-pregnant counterparts (58.33% below average income, vs. 50.01%, with p = 0.011). Further, both groups of participants showed comparable opinions about trusting the COVID-19 vaccination (pregnant cases: 33.33% vs. non-pregnant cases: 30.31%) and other vaccines (pregnant cases: 82.53% vs. non-pregnant cases: 89.52%), with around 67% of all the pregnant participants not trusting the COVID-19 vaccinations and ~69.99% in non-pregnant cases (Table 1).


TABLE 1 Baseline characteristics of pregnant and non-pregnant study participants.

[image: Table 1]

The VAX questionnaire and six additional items about variables that might influence COVID-19 vaccination denial were distributed among the study's pregnant and non-pregnant subjects. Table 2 represents the outcomes of VAX questionnaire assessments and the vaccine hesitancy reasons of the selected study participants. We found that pregnant participants exhibited considerably greater levels of distrust in the vaccinations against COVID-19 infection (32 vs. 28 with p < 0.001) while comparing the overall VAX average score. In every category of the VAX survey's questions, pregnant study participants outscored non-pregnant study participants. More precisely, compared to the other group, pregnant participants expressed greater levels of negative attitudes against immunizations in essence (VAX item# 1–3). In comparison to non-pregnant subjects, pregnant participants expressed greater concerns about unforeseen vaccination adverse outcomes (VAX item #4–6), held more unfavorable attitudes on COVID-19 vaccines (VAX item #7–9), and showed increased health knowledge (VAX item#10–12). Broadly speaking, the VAX survey revealed that considerably pregnant cases are much more apprehensive than non-pregnant cases (51.34% vs. 38.24%, with p < 0.001). Contrarily, non-pregnant participants were more inclined to have reservations about receiving the vaccination (32.29% vs. 7.80%). Further, we also discovered that, of the six survey questions that addressed concerns about vaccinations that weren't covered by the VAX survey, believing rumors on social media showed the strongest effect on hesitation to get vaccinated. Approximately 40% of the pregnant cases responded positively to those questions compared to 31.16% of the non-pregnant participants.


TABLE 2 VAX assessments and reasons for the hesitancy of the study participants.
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Table 3 summarizes the variations among pregnant study participants depending on the other reasons for hesitancy criteria i.e., decision factors. We discovered that out of the 372 pregnant women, 152 (40.86%) were confident, 29 (7.80%) were unsure, and 191 (51.34%) were hesitant about getting the COVID-19 vaccination. Among 195 (52.42%) cases, believing in social media rumors was the most prevalent trigger. While compared to confident pregnant study subjects (57.24%), hesitant pregnant study subjects (63.35%) showed statistically significant higher trust in social media. Furthermore, having previously experienced unpleasant vaccine adverse reaction was a key contributor to COVID-19 vaccination hesitation. Only 28 (7.52%) pregnant participants identified this rationale, while 17.24% of the pregnant participants were unsure.


TABLE 3 Assessment of pregnant study participants based on decision factors.
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Table 4 summarizes the outcomes of the risk factor analysis of pregnant study participants against COVID-19 vaccine hesitancy. The risk variables we discovered for vaccination reluctance in pregnant and non-pregnant study participants were rural background, poor income, embracing social media rumors, not trusting the occurrence of coronavirus disease or vaccinations, and not being scared of COVID-19 infection. Furthermore, the hesitation was exacerbated by prior exposure to adverse vaccination effects, but only in non-pregnant participants. Last but not least, it was discovered that trusting the COVID-19 vaccine served as a resilience factor against immunization reluctance in expectant mothers [OR = 0.55, CI (0.31–1.46)].


TABLE 4 Risk factor analysis of pregnant women against COVID-19 vaccination.
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We discovered that the rural settings were a negligible independent risk factor (adjusted OR:1.47 with p-value = 0.053) after controlling for risk variables linked to vaccine hesitation among the group of pregnant participants. According to the outcomes based on the odd ratio analysis, the statistically significant independent risk variables were not being afraid of COVID-19 infection, having a poor income status, trusting social media rumors, not believing the coronavirus disease existence, and not trusting the vaccines (Table 5).


TABLE 5 Analysis for adjusted odd ratios of the potential factors associated with hesitancy among pregnant women.
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Discussion

For all we know, the present work offers significant evidence of the underlying causes of COVID-19 vaccine reluctance among pregnant women in the Pakistani populace. Inconsistent with prior evidence, perceptions against COVID-19 vaccination have been more negative than those of other vaccine-preventable diseases. In comparison to developed nations, the acceptability of the COVID-19 vaccine among healthcare professionals is relatively lower in emerging economies than it is for the seasonal influenza vaccine (31). According to a recent survey conducted in the United States, 20% of Canadians and 25% of Americans exhibited a propensity to decline the coronavirus vaccine, which is congruent with generalized resistance to immunizations (32). Likewise, uncertainties about the COVID-19 vaccine's safeness, effectiveness, and usefulness were the main reasons why nurses in Hong Kong were reluctant to receive it, yet concerns about the flu vaccine's importance were the primary grounds (33).

Pregnant women's intention to acquire the COVID-19 vaccine and its major contributors were investigated in a multi-national, cross-sectional study by disseminating an online questionnaire across some European economies (Belgium, Ireland, Norway, the Netherlands, Switzerland, and the United Kingdom) in the first wave of the pandemic. Low-educated and unemployed participants had a lower likelihood of receiving the COVID-19 vaccine (34). A cross-sectional online questionnaire was performed in sixteen regions to assess the acceptability level of COVID-19 vaccination among pregnant women along with their prospective determinants. Approximately 52% of the participants who were pregnant planned to get the vaccination, anticipating that it could be 90% efficacious. The most important determinants of acceptance of the COVID-19 vaccine included feeling more confident in the reliability and safety of the COVID-19 vaccine and regular vaccines, understanding the importance of vaccination, having concerns about COVID-19, adhering to COVID-19 guidelines, and having faith in the public health care system (35). It can be suggested that the information sources had a significant influence on the apprehensive decisions of pregnant participants since they were more inclined to consider social media sources. This result is found aligned with another work done in Italy with similar findings (36). The study discovered that sources of information and confidence in healthcare professionals are the most important determinants of the acceptability of mandatory vaccination.

We exclusively evaluated vaccination reluctance in women in our investigation, therefore the influence of gender on vaccine reluctance could not be identified. However, the female gender has been identified as a significant predictor of vaccine hesitancy in a wide range of investigations (37–40). Consequently, the coronavirus outbreak has highlighted the necessity for addressing the gender disparity in vaccine aversion, which has mostly been disregarded, except for pregnant cases. Conforming to an investigation on sexual differences in vaccine hesitancy, men were reported more inclined to undergo coronavirus vaccines (41, 42). A research investigation conducted on six hundred and seventy-two study participants exhibited a ratio of 67% to the corona vaccination acceptability overall whereas elderly, males, Asians, and graduates were more inclined toward getting vaccinated when compared to their peers (43). Conversely, considerable demographics and geographical discrepancies in the COVID-19 vaccine acceptance were discovered, stressing the importance of evidence-based community outreach to encourage acceptance and combat the pandemic. Taking into consideration these outcomes and doubts regarding the COVID-19 rapid assessment and authorization procedures, the most subsequent conclusion may be understood (44). Particularly, the rapid manufacture of the vaccine against COVID-19, which might lead to vaccine reluctance in both populations, overall and pregnant cases, may account in part for the discrepancies in perceptions regarding immunizations overall and the corona vaccination in particular. The digital and social networking channels, including Facebook and Instagram the most popular social media platforms in Pakistan, allow anti-vaccination activists to promote false facts despite institutional backing for the COVID-19 vaccine's efficiency and tolerability.

In our investigation, pregnant participants appeared to be more impacted by social factors including education and income level, along with misleading facts from social networks than other groups that were susceptible to the vaccination against COVID-19 infection. In line with other research done in various regions (45, 46), our research demonstrated that poorer educational and income levels were significant predictors of vaccine hesitancy (47, 48). Contrary to other findings on vaccination, this association suggests that people with higher levels of education and income are more concerned about the efficacy and safety of vaccines (49, 50).

The breadth of the present investigation is confined to a population-based survey. Consequently, the outcomes may not be comparable to women in other communities, where reliance on electronic media and uptake of COVID-19 vaccinations could vary considerably. Rural background, poor income status, and inadequate educational attainment are additional country-based attributes that may influence vaccine reluctance. These attributes are more frequent in the Pakistani population than in those of other developing economies. Further limitations include an online survey approach and insufficient sample size estimation for each category.



Conclusion

Based on the considerable evidence supporting the safety of the COVID-19 vaccine, the overall population, including expectant mothers who could have concerns related to vaccine safety, urgently needs the vaccination against COVID-19. In Pakistan, pregnant women are reluctant to receive vaccinations due to the significant part played by social and electronic networking. Therefore, we recommend the enactment of targeted measures to combat reluctant factors as well as policy instruments that approach pregnant women to promote COVID-19 immunization.
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Background: The COVID-19 pandemic has impacted many facets of life. This study focuses on undergraduate and postgraduate students in China to explore how the pandemic has affected health status, daily life, learning situations, graduation-related situations, and their studies or work planning.

Methods: This study sent online questionnaires to 2,395 participants to investigate the extent to which they were affected by the epidemic in the various aspects mentioned above and to understand what help they tend to get in the face of these effects.

Results: A total of 2,000 valid questionnaires were collected. The physical health of 82.90% of the respondents was affected to varying degrees, with male students, non-medical students, and graduates being more affected than female students, students with medical majors, and non-graduates, respectively. The proportion of students affected by mental health, the total amount of physical exercise, emotional life, and interpersonal communication was 86.35, 88.65, 80.15, and 90.15%, respectively. Compared with medical students and non-graduates, non-medical students and graduates were more affected. In addition, students’ learning and graduation conditions have also been affected to a certain extent: 13.07% of students may not be able to graduate on time, and the proportion of postgraduate students’ graduations affected was higher than that of undergraduate students.

Conclusion: The COVID-19 pandemic has affected the health status of students, their daily lives, learning situations, and so on to varying degrees. We need to pay attention to the issues, provide practical solutions, and provide a basis for better responses to similar epidemics in the future.

KEYWORDS
COVID-19, physical and mental health, daily life, learning situation, graduation, undergraduate and postgraduate students


1. Introduction

Since the outbreak of the Coronavirus disease 2019 (COVID-19) epidemic, many countries have implemented relatively strict blockades or curfews, such as regional blockades and mask wearing. Since January 2021, China’s domestic epidemic situation has been effectively controlled, adhering to the general strategy of “guarding against imported cases and preventing a resurgence of the outbreak at home,” and carrying out “centralized isolation” of close contacts. On December 7, 2021, China formally put forward the “dynamic zero-COVID policy,” which is to take effective and comprehensive measures when a local case occurs under the premise of “one case found, one case cured” (1), these control measures have gradually become the norm, and people in this environment have been affected in many ways.

As a densely populated area, schools have suspended offline teaching activities. In view of the prevalence of the epidemic and the obstacles to academic progress, the psychological state of many students has also changed to various degrees. A previous study surveyed 612 college students at the University of California, Los Angeles, and found that they were prone to psychological problems such as depression, anxiety, and stress during the pandemic (2). Anxiety symptoms were positively correlated with adverse effects on daily life and delays in academic activities, but the level of anxiety was negatively related to social support (3). Interestingly, some studies have found differences in the psychological state of medical and non-medical students affected by the outbreak. One study found that medical students were exposed to greater pressure and negative emotions than non-medical students because of their familiarity with the COVID-19 epidemic (4). However, medical students refuse to seek psychological help due to professional stigma (5), distance constraints, and the costs of counseling services (6). Another study reported the contrary finding. When they examined the immediate psychological effects of medical students and non-medical students, they found that medical students’ assessment of the epidemic was more severe and catastrophic than that of non-medical students, but also that medical students reported fewer mental health problems than non-medical students, showing that accurate and transparent information about the epidemic is helpful for mental health (7).

To avoid interfering with student learning processes, many schools have introduced e-learning, primarily to provide distance learning for students in the form of recorded classes or online meetings. A study found that 62.2% of 456 medical students were more satisfied with online courses than offline courses (8), and the prevalence of depression and burnout syndrome decreased after the transition from traditional to online learning, but this transition had a negative impact on students’ communication and interpersonal relationships (9). Additionally, most of the students surveyed opposed the use of webcams in the classroom for privacy reasons (10), which suggests that we should also pay attention to protecting students’ privacy when conducting online education.

The impact of the normalized prevention and control of the epidemic has penetrated all aspects of students’ lives, and it is far from sufficient to focus on the above problems. Today’s college students are facing an increasing number of problems, such as food insecurity (11), lack of belonging (12), uncertainty about the future (13), etc.; and the COVID-19 epidemic is likely to exacerbate these issues. Currently, there is a lack of research for undergraduate and postgraduate students. Hence, this survey aims to conduct a cross-sectional study on the above aspects to understand the extent to which the epidemic has affected students in these areas, to provide some measures for solving these problems, and to put forth certain theories to find solutions to the difficulties that students face during similar pandemic events.



2. Participants and methods


2.1. Participants

An online survey was sent to Chinese undergraduate, master’s and doctorate students between March 12, 2021 and April 12, 2021. Participants provided written informed consent (see Supplementary Text 1) to participate in the study, which they read before completing the online questionnaire. If they accepted this notification, they would continue to respond to the survey, otherwise the survey was terminated. In addition, this survey is anonymous, the information that identifies individual participants will not be obtained during or after data collection, and the original survey information will not be disclosed.



2.2. Questionnaire contents

In this study, an online survey was conducted using a self-created questionnaire. This questionnaire consists of four parts: (1) the basic demographic information of the respondents, which includes gender, age, academic degree, major, graduation situation, and the risk level of the epidemic at their school over the past 3 months (Selecting the highest risk level for the school location during this period); (2) the effect of the epidemic on respondents in the following areas: the health status of undergraduate and postgraduate students (including physical health, mental health, and the total amount of physical exercise), students’ daily life (including leisure and entertainment activities, emotional life, and interpersonal communication), and the students’ learning situations (including learning style, learning time, and learning efficiency) were each rated by the respondents on a scale from 0 (no impact at all) to 10 (very large impact); (3) the specific changes in physical health, daily life and learning situations of the respondents during the COVID-19 epidemic were rated with a score of 1–5; and (4) the respondents’ graduation-related situations (including internship and research topic) and the degree of impact those items had on their further study or work planning.



2.3. Data collection

The survey was entered and approved via the Questionnaire Star platform. Before the questionnaire was officially distributed, a preliminary investigation was conducted and the content of the questionnaire was adjusted to reflect respondent feedback. When collecting the questionnaire, we restricted access to the device’s IP address to ensure that each respondent completed the questionnaire only once; additionally, we filtered out questionnaires with obvious errors.



2.4. Statistical analysis

IBM Spss Statistics 22 software was used to analyze the data, while GraphPad Prism 8.0 and R-4.1.1 were used to draw the associated graphics. In this questionnaire, measurement data are expressed as an Median (M) and Inter-Quartile Range (IQR) and qualitative data are expressed as frequencies or percentages. Differences among students with different demographic backgrounds affected by the epidemic were analyzed using the Mann–Whitney U test, the Kruskal–Wallis H test, or the chi-square test. Multiple-choice questions were analyzed through a multiple-answer analysis. In this study, the variance was statistically significant at P < 0.05 (P = 0.05).




3. Results


3.1. Basic information of the participants

A total of 2,395 online questionnaires were collected, and 2,000 valid questionnaires were analyzed after excluding 379 questionnaires from non-students and 16 incorrect questionnaires, resulting in a valid rate of 83.51%. Participants’ basic demographic information is presented in Table 1.


TABLE 1    The basic information of the participants (N = 2,000).
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3.2. The impact of the COVID-19 epidemic on physical health, mental health, and the total amount of physical exercise

In this survey, the frequency distribution of scores for the impact of the COVID-19 epidemic on physical health, mental health, and the total amount of physical exercise of undergraduate and postgraduate students are shown in Figure 1A; the higher the score, the greater the impact. By using the Mann–Whitney U Test (see Supplementary Table 1) and the Kruskal–Wallis H Test (see Supplementary Table 2), we found that: (1) males, non-medical students, and graduates were more affected in terms of physical health than females, medical students, and non-graduates, respectively, but there was no statistically significant difference between undergraduate and postgraduate students (P > 0.05) (Figure 1B); and (2) non-medical students and graduates were more affected in terms of mental health and the total amount of physical exercise than medical students and non-graduates, respectively (Figures 1C, D). In addition, the results of the statistical analysis of the extent to which the health status of students in different risk-level areas has been described in Supplementary Text 2.
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FIGURE 1
The impact of the COVID-19 epidemic on physical health, mental health, and amount of physical exercise (A) The frequency distribution of the scores for the impact of the pandemic on physical health, mental health, and amount of physical exercise in undergraduate and postgraduate students (0–10 points). (B–D) The Mann–Whitney U Test results of the health status of students with different demographic backgrounds affected by the COVID-19 epidemic. (E) Changes in the physical health, mental health, and the total amount of physical exercise of undergraduate and postgraduate students during the COVID-19 epidemic. (F) The proportion of mental health problems among students during the epidemic. (G) The causes of psychological problems among students. [a: There were many inconveniences in life (e.g., it is inconvenient to buy everyday necessities). b: Worried about the control of the epidemic. c: Cannot be with friends, family or lovers. d: The COVID-19 epidemic had an impact on my academic progress. e: The epidemic increased the uncertainty about future work or further studies. f: Spending too much time at home during the epidemic. g: Non-epidemic effects. h: Others]. (H) The student’s way of dealing with negative psychological problems. (i: Self-adjustment. j: Communicating with friends, family, etc. k: Easing my mood through physical exercise and listening to music. l: Using diary alleviation. m: Helping myself to properly understand these negative emotions by attending psychological lectures, courses, etc. n: Seeking help from a professional psychological counselor. o: Others).


Five levels of health status were presented to and completed by the participants to clarify how students’ physical and mental health changed due to the COVID-19 epidemic. The percentages of students who indicated each level with regard to their change in physical and mental health were shown in Figure 1E. Regarding the mental state of undergraduate and postgraduate students during the COVID-19 epidemic, the results of the multiple response analysis showed that boredom (response rate = 27.18%) and anxiety (response rate = 15.33%) were the main mental health problems. The remaining reported issues are shown in Figure 1F.

To determine the respondents’ reasons for their negative mental health states (all other than joy), we listed seven possible reasons for them to choose. The response rates were as follows: spending too much time at home during the epidemic (20.25%); the COVID-19 epidemic had an impact on their academic progress (17.69%); for other reasons, please see Figure 1G. And to understand how students deal with these psychological problems, we have created corresponding survey content. The results showed that 36.66% of students tended to self-adjust, 27.45% tended to ease their mood through physical exercise and listening to music, and only 1.91% of students chose to seek help from a professional psychological counselor (Figure 1H).



3.3. The impact of the COVID-19 epidemic on daily life

We also investigated the impact of the epidemic on the daily lives of undergraduate and postgraduate students. The frequency distributions of the impact scores are shown in Figure 2A. Through the Mann–Whitney U Test (see Supplementary Table 3) and the Kruskal–Wallis H Test (see Supplementary Table 4), we found that non-medical students’ leisure and entertainment activities were more affected by epidemics than those of medical students (Figure 2B). In terms of emotional life and interpersonal communication, non-medical students were more affected than medical students, and graduates were more affected than non-graduates, but there was no statistically significant difference between students of different genders, undergraduate students versus postgraduate students (Figures 2C, D). And the results of the statistical analysis of the extent to which daily life in different risk-level areas was affected by the epidemic were described in Supplementary Text 3. In addition, 55.25% of students reported that their leisure and entertainment activities decreased or significantly decreased during the COVID-19 epidemic compared with those of the previous period, and 50.45% of students reported that their time with family or lovers increased or significantly increased during the epidemic, while 52.45% of students reported that their interpersonal activities were essentially unchanged (Figure 2E).
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FIGURE 2
The impact of the COVID-19 epidemic on daily life (A) The frequency distribution of the scores for the pandemic on the daily lives of undergraduate and postgraduate students (0–10 points). (B–D) The Mann–Whitney U Test results of the daily life of students with different demographic backgrounds affected by the COVID-19 epidemic. (E) Changes in the daily lives of undergraduate and postgraduate students during the COVID-19 epidemic.




3.4. The impact of the COVID-19 epidemic on learning situations

This study also examined how the learning situations of undergraduate and postgraduate students were affected by the pandemic (Figure 3A). Statistical analysis showed that there was no significant difference between groups as to the degree of impact of the epidemic on student learning situations (all P > 0.05). A total of 73.80% of the students’ learning styles changed during the epidemic (Figure 3B), and 25.75% of the students could not adapt to the change in learning styles (Figure 3C). Forty percent of the students preferred offline teaching, 30.95% preferred online and offline hybrid teaching, and the preferred proportions for other learning methods are shown in Figure 3D.
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FIGURE 3
The impact of the COVID-19 epidemic on learning situations (A) The frequency distribution of the scores for the pandemic on learning situations in undergraduate and postgraduate students (0–10 points). (B) Whether the students’ learning styles had changed during the epidemic? (C) Whether students can adapt to the change in learning styles? (D) The proportion of students’ preferences for different teaching methods. (a: Offline teaching. b: Interactive online lessons. c: Online and offline hybrid teaching. d: Self-learning through the recording of videos and course materials from the teachers. e: Independent learning through Massive Open Online Course (MOOC), rain classes, wisdom trees, and other online class platforms. f: Self-study by reading the paper version of the textbook. g: Problem-based Learning. h: Others). (E) Changes in students’ learning efficiency and learning time during the pandemic. (F) The change in students’ learning time before and after the epidemic.


Students’ learning efficiency and study time also changed to some extent after the epidemic began (Figure 3E). Before the outbreak of the epidemic, the percentages of students’ learning time (expressed as “T”) were 4 h < T ≤ 7 h (46.10%), T ≤ 4 h (31.55%), 7 h < T ≤ 10 h (17.05%), and T > 10 h (5.30%). During the epidemic, 67.05% of the students reported that their learning time had changed, and the proportion of the above-mentioned learning time was 40.57, 40.94, 14.62, and 3.88%, respectively (Figure 3F), the overall study time is less than before.



3.5. The graduation-related situations and the further study or work plans of the students affected by the epidemic


3.5.1. The impact of the COVID-19 epidemic on research topic

Of the 2,000 respondents, 30.50% had research topics in progress. The frequency distribution of research progress affected by the epidemic was presented in Figure 4A. The results suggested that graduates’ research topics were more affected by the epidemic than those of non-graduates (P = 0.001); however, there was no statistically significant difference in the impact degree of the epidemic on research topics between students of different genders, undergraduate students versus postgraduate students, and medical students versus non-medical students (all P > 0.05).
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FIGURE 4
The impact of the COVID-19 epidemic on research topics and internships (A) The frequency distribution of the scores for the pandemic on research topics in the undergraduate and postgraduate students (0–10 points). (B) The reasons that affect the research progress. (a: Cannot enter the laboratory. b: There was a bad psychological state during the epidemic. c: There was physical discomfort during the epidemic. d: Without a learning environment at home, I cannot devote myself to research. e: During the epidemic, personal self-control decreased and laziness appeared. f: My mentor’s guidance and supervision decreased during the epidemic. g: Non-epidemic causes. h: Others). (C) The possible measures to solve the problem that research progress was hampered. (i: I hope the school will improve the scientific research equipment, establish a scientific research system and strengthen the scientific research management. j: I hope the school will extend laboratory opening hours while doing a good job of preventing and controlling the epidemic. k: I want to adjust the research design and reduce the difficulty of the project with the help of the instructor. l: I want to reach the conclusion directly based on the available research. m: I hope to improve the professional level of project instructors. n: I need to increase the time I invest in scientific research and improve the efficiency of related work. o: I hope my home will offer me a good learning environment. p: I am willing to abandon the subject). (D) The frequency distribution of the scores for the pandemic on internships in the undergraduate and postgraduate students (0–10 points). (E) Interruption solution for the internship. (q: I hope the school will offer other alternative internship programs to continue completing the internship. r: I hope the school will reduce our internship requirements. s: I hope the internship requirement will be eliminated. t: I am an independent internship unit, and the internship interruption has little impact on me. u: Others).


Among the eight reasons listed in the questionnaire that affected the research progress, a lack of access to the laboratory or research location (23.73%) and a lack of a family learning environment leading to an inability to focus on research (22.77%) were chosen as the main reasons. Other reasons for this and their response rates are shown in Figure 4B. To solve the problem that research progress was hampered during the epidemic, we gave the students some possible measures to choose from: 20.67% of students hoped that their school would extend laboratory hours while still doing a good job of preventing and controlling the epidemic; 19.08% of students hoped that their school would improve the scientific research equipment, establish a scientific research system and strengthen scientific management, and the selection of other measures were shown in Figure 4C.



3.5.2. The impact of the COVID-19 epidemic on internship

In this study, 35.30% of the students had internship requirements at their current learning stage, and the frequency distribution of the scores representing the impact of the COVID-19 epidemic on their internships was shown in Figure 4D. Through analysis, we found that the internships of graduates were more affected by the epidemic than those of non-graduates (P = 0.003). In addition, there was no statistically significant difference in the degree to which the epidemic impacted internships between other demographic backgrounds (all P > 0.05).

In this study, 28.90% of students’ internships were interrupted because of the epidemic. Faced with this problem, 52.94% of students hoped that the school would offer alternative internship programs for completing their internship requirements, and 26.47% hoped that the school would reduce their internship requirements, other hopes could be found in Figure 4E.



3.5.3. The impact of the COVID-19 epidemic on graduation and further study or work planning

This study also aimed to determine whether the graduation of the students was affected by the epidemic. Among the respondents, 574 undergraduate students or postgraduate students were scheduled to graduate at the end of the school year, but 13.07% of those students indicated that the COVID-19 epidemic may affect their graduation (Figure 5A). We found that the proportion of males and postgraduate students affected by the epidemic was higher than that of females and undergraduate students (Figures 5B, C). Among the students whose graduation was affected by the epidemic, a survey of undergraduate and postgraduate students about the factors that affected their graduation and the corresponding response rates were shown in Figures 5D, E.
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FIGURE 5
The impact of the COVID-19 epidemic on graduation and further study or work planning (A) Whether the epidemic affected the graduation of the students? (B,C) The chi-square test analysis results of the demographic background of the students affected by the epidemic at graduation. (D) The reasons that affected undergraduate students’ graduation. [a: Specialized courses did not meet the requirements of graduation credits (grade points). b: The requirements of graduation internships have not been completed. c: The participating research topics could not be concluded on time due to the impact of the epidemic. d: Did not complete the graduation project (thesis). e: Others]. (E) The reasons that affected postgraduate students’ graduation. [f: Failure to meet graduation credit requirements. g: Due to the impact of the epidemic, the graduation project was not completed within the specified time. h: Due to the influence of marriage and childbirth. i: Own behavior (such as less time invested in scientific research, unclear academic planning, low efficiency of scientific research output, etc.). j: Did not complete the graduation thesis. k: My tutor’s guidance was not of high quality. l: Others]. (F) The proportion of students’ further studies or work plans affected by the epidemic. (m: No effect. n: I had planned to continue my studies, but now I plan to look for a job directly after graduation. o: I had planned to look for a job directly after graduation, but now I intend to continue my studies).


Facing the problem that they may not be able to graduate on time, 32.95% of undergraduate students and 30.00% of postgraduate students hoped that the school would reduce their graduation requirements, 22.73% of undergraduate students hoped that their school would strengthen their guidance regarding graduation theses, and 20.00% of postgraduate students hoped that their mentors would strengthen their guidance and supervision. Other measures that students would like to receive can be found in Supplementary Text 4.

With regard to whether the COVID-19 epidemic had an impact on further studies or work plans of the students, our survey found that 82.00% of students reported no effects, 9.90% of students indicated that they had planned to continue their studies originally but now plan to look for jobs immediately after graduation, and 8.10% of students indicated that they originally intended to find a job directly after graduation but now plan to continue their studies (Figure 5F).





4. Discussion

Up to now, there is still a rebound in the epidemic in some parts of China, and students will continue to be affected by the epidemic under the “dynamic zero-COVID policy.” The findings of this study can provide some academic value for studying the impact of COVID-19 and other epidemics on students in China and other countries with the same severity of the epidemic.

This study found that the proportion of Chinese students whose mental health was affected was higher than that of students whose physical health was affected. A study found similar results: Americans reported more physical symptoms (including cough, fever, etc.), while Chinese reported more acute traumatic stress symptoms (14). Mental health is affected by social connections, online classes, and physical activity (15), and students with less physical exercise were significantly more stressed, while physical exercise may relieve stress (16). This study showed that, compared with pre-epidemic levels, the total amount of physical exercise in 48.05% of students decreased, and mental states in 21.90% of students were weakened. Whether there is a link between the two is not yet known, but improving physical exercise guidance for students during the pandemic may help them maintain good physical and mental health. In addition, this survey found that boredom and anxiety were the main mental health problems faced by Chinese undergraduate and postgraduate students during the pandemic, but 36.66% of students tended to self-adjust, and only 1.91% of students chose to seek help from a professional psychological counselor. We do not know why students rarely seek professional help, but we should provide them with platforms and services relevant to a student’s perspective, including sending emails and text messages to students to encourage them to communicate related issues (17).

One study found that younger groups (18–25 or 26–45) were most involved in social activities and were most negatively affected in terms of social and leisure aspects during the pandemic (18). In addition, one study showed that interpersonal communication has been severely affected by epidemic prevention and control measures (e.g., wearing masks) (19). In this study, non-medical students were more affected by the epidemic in their leisure and entertainment activities than medical students; non-medical students and graduates were more affected by the epidemic in their emotional life and interpersonal communication than medical students and non-graduates. This discrepancy is intriguing, and we need to explore the specific contributing factors further.

The level of emotional investment in online education is significantly lower than in traditional learning environments. This decline in emotional investment is mainly due to the decreased level of interaction between students or between students and teachers in the new learning environment (20). In this study, 25.75% of students indicated that they could not adapt to the change in learning styles, and 40.00% indicated that they preferred offline teaching. Furthermore, students’ study time showed an overall decreasing trend compared with that before the epidemic. Therefore, exploring sensible and effective forms of education in the context of the pandemic is an issue that needs to be addressed. This survey also found that the research progress of students was affected, it is particularly important to explore new methods to solve this problem. During the blockade of the epidemic, students in an institution use virtual laboratories to study more frequently and rely less on teachers, suggesting that virtual laboratories may play a prominent role in student education (21) and may be used as an online tool for students to practice during the pandemic.

In this study, 13.1% of the students expressed that the COVID-19 epidemic may affect their graduation. Among them, the proportion of males and postgraduate students affected was higher than those of females and undergraduate students, respectively. This result suggests that we should pay more attention to the difficulties encountered by males and postgraduate students in graduation. Faced with graduation problems, 20.00% of postgraduate students hoped that their mentors would improve their guidance and supervision. One university established a partnership with another university to help students who had already met their graduation requirements graduate early (22). Therefore, at both the school and teacher levels, we should be mindful of the academic pressures facing students and attempt to strengthen academic guidance to help them graduate without complications.

In conclusion, the results of this study show that COVID-19 has indeed affected the physical and mental health, daily life, and learning plan of students, and the impacts on different groups are inconsistent. We need to further explore its influencing factors and seek appropriate solutions, which will help students better cope with the impact of the epidemic.
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Background: The aim of our study was to externally validate the predictive capability of five developed coronavirus disease 2019 (COVID-19)-specific prognostic tools, including the COVID-19 Spanish Society of Infectious Diseases and Clinical Microbiology (SEIMC), Shang COVID severity score, COVID-intubation risk score-neutrophil/lymphocyte ratio (IRS-NLR), inflammation-based score, and ventilation in COVID estimator (VICE) score.

Methods: The medical records of all patients hospitalized for a laboratory-confirmed COVID-19 diagnosis between May 2021 and June 2021 were retrospectively analyzed. Data were extracted within the first 24 h of admission, and five different scores were calculated. The primary and secondary outcomes were 30-day mortality and mechanical ventilation, respectively.

Results: A total of 285 patients were enrolled in our cohort. Sixty-five patients (22.8%) were intubated with ventilator support, and the 30-day mortality rate was 8.8%. The Shang COVID severity score had the highest numerical area under the receiver operator characteristic (AUC-ROC) (AUC 0.836) curve to predict 30-day mortality, followed by the SEIMC score (AUC 0.807) and VICE score (AUC 0.804). For intubation, both the VICE and COVID-IRS-NLR scores had the highest AUC (AUC 0.82) compared to the inflammation-based score (AUC 0.69). The 30-day mortality increased steadily according to higher Shang COVID severity scores and SEIMC scores. The intubation rate exceeded 50% in the patients stratified by higher VICE scores and COVID-IRS-NLR score quintiles.

Conclusion: The discriminative performances of the SEIMC score and Shang COVID severity score are good for predicting the 30-day mortality of hospitalized COVID-19 patients. The COVID-IRS-NLR and VICE showed good performance for predicting invasive mechanical ventilation (IMV).

KEYWORDS
COVID-19, SEIMC score, mortality prediction, IRS-NLR score, VICE score


1. Introduction

In December 2019, there was an emerging viral infection outbreak in Wuhan, China. The pathogen was later identified as a new strain of coronavirus, severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2), and the disease it caused was named coronavirus disease 2019 (COVID-19). The disease rapidly spread from Wuhan to the rest of the world (1).

The disease severity ranged widely, from asymptomatic or minor symptoms, such as rhinorrhea, productive cough, anosmia, ageusia, and fever, to more severe conditions, such as pneumonia, acute respiratory failure, and even acute respiratory distress syndrome (ARDS). It can progress rapidly (2, 3) and advanced life support with intensive care, such as oxygen therapy, non-invasive ventilation (NIV), and invasive mechanical ventilation (IMV), may be warranted. Excessive demand on healthcare services overwhelmed healthcare systems worldwide (4–7). Administration triage for optimized patient care became essential.

Clinical evaluation alone may lead to misjudgment, under- or overestimation of disease severity and result in suboptimal medical treatment and admission to an inappropriate setting (8). Disease severity scores have been proposed since the early 1980s to help physician decision-making and predict outcomes. For instance, the CURB-65 (confusion, uremia, respiratory rate, BP, age ≥ 65 years) score and qSOFA (quick sepsis-related organ failure assessment) score are clinically relevant predictive tools for community-acquired pneumonia and sepsis, but their risk prediction performance in COVID-19 is not satisfactory (9, 10).

Several predictive scores had been published (11–20), but only a handful of them had ever been validated externally (10). The first wave of the COVID-19 pandemic in Taiwan occurred with a delay of several months in comparison with the first waves in other countries; nevertheless, the waves had similar viral characteristics. During the first wave, all COVID-19 patients had to be admitted to a hospital for quarantine according to the Taiwan Centers for Disease Control (CDC) regulation (21), regardless of the severity. Therefore, our cohort may be more representative of the spectrum of COVID-19 disease and be a good cohort to validate the accuracy of the previous predictive scores. The Spanish Society of Infectious Diseases and Clinical Microbiology (SEIMC) score (11) and the Shang COVID severity score (12) were developed to predict mortality, while the COVID-intubation risk score-neutrophil/lymphocyte ratio (IRS-NLR) score (13), inflammation-based risk score (14), and ventilation in COVID estimator (VICE) (22) score were designed to predict the need for IMV. All five predictive scores are useful since only clinical parameters and commonly available laboratory results were included, but the accuracy of these scores has been uncertain. Herein, the primary aim of the present study was to validate these severity scores and predictive models to predict mortality and the need for IMV.



2. Materials and methods


2.1. Study design and patient selection

We retrospectively studied all COVID-19 adult patients admitted for COVID-19 from 1 May 2021 to 30 June 2021, the first wave of COVID-19 infection in Taiwan with low COVID-19 vaccination coverage, to MacKay Memorial Hospital, a tertiary referral center in Taipei, Taiwan. All patients were confirmed to be diagnosed by a polymerase chain reaction using a nasopharyngeal sample. Patients who were under 20 years of age or identified as “do not intubate (DNI)” were excluded. The patients’ medical records and laboratory results were reviewed. Five different kinds of predictive scores were calculated, including the Shang COVID severity score (12), SEIMC score (11), COVID-IRS-NLR score (12), inflammation-based risk scoring system (14), and VICE score (22). The Institutional Review Board of MacKay Memorial Hospital approved this study with approval number 21MMHIS330e.



2.2. Outcome measurement

Our primary outcome was 30-day mortality. The secondary outcome was intubation with IMV support. Of note, non-IMV and high-flow nasal cannula were not included in the secondary outcome. The patients were followed until they expired or were discharged, depending on which developed first.



2.3. Definitions

The severity of COVID-19 scores was calculated by laboratory tests performed on or within 24 h of hospital admission. The patients were assessed for the presence of diabetes mellitus, coronary artery disease (CAD), and home statin medication history, and these factors were extracted from the electronic medical records. The estimated glomerular filtration rate (eGFR) was defined as the modification of diet in renal disease [Modification of diet in renal disease (MDRD) equation, which was 186 × (creatinine) (−1.154) × (age) (−0.203) for males and 186 × (creatinine) (−1.154) × (age) (−0.203) × 0.742 in females].



2.4. Statistical analysis

Categorical variables are presented as numbers (percentages). The frequencies of categorical variables were compared using the chi-squared test or Fisher’s exact test. Continuous variables are reported as the mean ± standard deviation (SD). The means of two continuous variables were compared by the independent samples t-test. We used a univariable logistic regression model to determine variables that would be included in our predictive risk score algorithms for mechanical ventilation needs and in-hospital death. In addition, variables with p < 0.05 were considered statistically significant and then were entered into a multivariate logistic regression model to determine independent predictors. We built receiver operating characteristic (ROC) curves to assess the predictive performance of all scores for the primary and secondary outcomes. We calculated pooled areas under the curve (AUCs) and 95% confidence intervals (CIs). The Hosmer–Lemeshow test was used to evaluate the goodness of fit for logistic regression models. For all tests, a two-sided p-value less than 0.05 was considered significant. Data were analyzed using SPSS software (version 22; IBM Corporation, Armonk, NY, USA).




3. Results

A total of 311 patients were enrolled in this study period and were followed until they were discharged from our hospital or died. A total of 26 patients who refused intubation during respiratory failure with DNI orders were excluded, leaving 285 patients for inclusion in the analysis.


3.1. Patient characteristics

The patient characteristics are shown in Table 1. The mean age was 61.5 ± 14.8 years, and 156 patients (54.7%) were male. Additionally, patients with the comorbidity of diabetes accounted for 29.8% of the cohort, and CAD patients accounted for 7.4% of our cohort. The lowest SpO2 level recorded within 24 h of admission was 93.7 ± 6.2%, and the SpO2/FiO2 ratio was 402.4 ± 106.2. A total of 65 patients (22.8%) were intubated with ventilator support, and 25 patients died with an 30-day mortality of 8.8%. Only 4.6% (13/285) of our cohort received one dose of a COVID-19 vaccine at the time of admission. The majority of our population were not vaccinated.


TABLE 1    Baseline characteristics and laboratory findings among survivors and non-survivors among hospitalized COVID-19 patients.
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Clinical and laboratory parameters that were associated with 30-day mortality and the need for IMV were identified (Tables 1, 2). The factors on admission were consistently predictive of both mortality and a requirement for IMV, and these factors included age, lowest SpO2, D-dimer, albumin, and C-reactive protein (CRP) level. Comorbid CAD is a predictor of mortality only. The odds ratio (OR) of age in mortality was 1.07 (95% CI: 1.03–1.11) and 1.03 (95% CI: 1.01–1.05) in IMV requirement. The CRP level is the most predictive laboratory parameter in both mortality and IMV need, with ORs of 1.13 (95% CI: 1.07–1.19) and 1.14 (95% CI: 1.09–1.19), respectively.


TABLE 2    Baseline characteristics and laboratory findings with and without ventilator use with COVID-19 infection.
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3.2. Comparison of mortality and intubation rate by risk class

Figure 1 shows the mortality rate and ventilation rate across different scoring system risk classes, including the COVID-19 SEIMC score, COVID-IRS-NLR score, inflammatory score, Shang COVID severity score, and VICE score. There was a significant difference in the mortality rate and intubation rate among the lowest- to highest-risk classes in all five scoring systems. The 30-day mortality increased steadily according to higher COVID-IRS-NLR, Shang COVID severity score, and SEIMC score. The intubation rate exceeded 50% in the patients stratified by higher VICE score and IRS-NLR score quintiles, which revealed 76.2 and 90.9% in the 4th and 5th quintiles in the VICE score and 56.8, 100, and 100% in the 3rd–5th quintiles in the IRS-NLR score, respectively.
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FIGURE 1
Distribution of the SEIMC, IRS-NLR, inflammatory, Shang et al., and VICE scores by risk class in our patients. (A) The mortality rate was plotted against five score stratifications. (B) The intubation rate was plotted against five score stratifications. The correlation between each of the five scoring systems and the increase in severity. *p < 0.001; SEIMC, Spanish Society of Infectious Diseases and Clinical Microbiology; IRS-NLR, intubation risk score-neutrophil/lymphocyte ratio; VICE, ventilation in COVID estimator.




3.3. Performance of risk prediction and modeling for COVID-19 mortality

The area under the ROC curves (AUC) for 30-day mortality for each prognostic score for COVID-19 is shown in Figure 2A and Table 3. The Shang COVID severity score showed the highest prediction of mortality, with an AUC of 0.836. The AUCs for the SEIMC score and VICE score were 0.807 and 0.804, respectively, suggesting good predictive performance for 30-day mortality. The performance of the DICE score was not validated because of missing values in our cohort and loss of statistical power.
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FIGURE 2
(A) The receiver-operator characteristic (ROC) curve (with AUC) for predicting mortality among patients with coronavirus disease 2019 (COVID-19) in our cohort. (B) The ROC curve for predicting mechanical ventilation requirements among patients with COVID-19 in our cohort. HR, hazard ratio; AUC, area under the curve; SEIMC, Spanish Society of Infectious Diseases and Clinical Microbiology; IRS-NLR, intubation risk score-neutrophil/lymphocyte ratio; VICE, ventilation in COVID estimator.



TABLE 3    Summary of the prognostic performance of different severity scores for mortality/intubation in hospitalized patients with COVID-19.

[image: Table 3]

Sex and other reliable mortality-associated variables, including age, lowest SpO2, CRP, albumin, and D-dimer, were selected. Logistic regression models were generated by combining the scoring systems with the above variables (Table 4). The risk predictive model with the VICE score, Shang COVID severity score, and IRS-NLR score showed significant prognostic accuracy for mortality [OR: 19.6; (3.06–126.0); 1.71 (1.09–2.69); 1.31 (1.06–1.62), respectively]. The Hosmer–Lemeshow test of all the models yielded a non-significant statistic, indicating that there was no departure from perfect fit.


TABLE 4    Models of predictors of mortality.
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3.4. Performance of risk prediction for intubation and further modeling

The ROC curves for the IMV requirement for each scoring system in COVID-19 patients are shown in Figure 2B and Table 3. The IRS-NLR and VICE scores showed the strongest prediction of mortality, with AUCs of 0.82 for both.

Logistic regression models were generated by combining scoring systems with sex, age, lowest SpO2, CRP, albumin, and D-dimer (Table 5). The risk predictive models with the VICE score and IRS-NLR score showed the greatest prognostic accuracy of intubation [OR: 84.9 (14.6–492.4) and 1.62 (1.33–1.99), respectively]. The Hosmer–Lemeshow test of all the models yielded a non-significant statistic, indicating that there was no departure from perfect fit.


TABLE 5    Models of predictors of ventilation use.
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4. Discussion

This study evaluated the performance of the COVID-19 SEIMC score, the COVID-IRS-NLR score, the inflammatory-based risk score, the Shang COVID severity score, and the VICE prediction rule in predicting 30-day mortality and IMV requirements in hospitalized COVID-19 patients. In our cohort, the SEIMC score and Shang COVID severity score were good models for predicting 30-day mortality. For intubation prediction, the IRS-NLR, and VICE score prediction rules showed the best performance.

Our results reinforce the results of several previous studies that found specific initial parameters to be significant predictors of poor outcome in patients with COVID-19. Age (23, 24), lower SpO2 (25), higher D-dimer, higher CRP, and hypoalbuminemia (26) increased the chances of mortality and ventilation requirements in our study. Previous studies found that an increase in D-dimer and fibrinogen is associated with an increase in COVID-19 severity and mortality (27–30). Increased D-dimer represents activation of coagulation cascades secondary to systemic inflammation and causes microthrombi formation inside the blood vessels that can induce disseminated intravascular coagulation (DIC) (31). CRP levels are reliable markers for prognostic factors (32). Taken together, these results indicate that COVID-19 virus-induced inflammatory and hypercoagulation responses drive the severity of disease (33).

Hundreds of prognostic scoring systems have been developed and studied during the COVID-19 pandemic to predict different outcomes, including mortality (11, 12, 15), severe illness (16–18), critical illness (34), intensive care unit (ICU) admission (19, 20, 35), or IMV use (13, 14). The definition of severe COVID-19 varies across different studies, and the hospitalization criteria may differ by disease prevention policy across countries. The complexity of the ICU admission criteria may fluctuate and be affected by demography and ICU bed scarcity (10). Therefore, the outcomes used in our study, 30-day mortality and IMV, are the most clinically relevant, while they have objective and reduced diversity.

Clinical scoring systems are designed to aid decision making and add to clinical judgment in different healthcare services. Some simplified scoring methods are designed to frequently assess dynamic requirements for escalating levels of respiratory support and to rescore after interventions, such as the Brescia-COVID respiratory severity scale (BCRSS) (36) and the Quick COVID-19 Severity Index (qCSI) (37). These kinds of scoring systems are practically applicable in emergent department settings, which allows quick triage. Most COVID-19 risk scores aimed to predict ultimate outcomes by using the initial evaluation, while some scores use parameters that have not been routinely collected in our cohort [such as CT scan (38) or red cell distribution width (39)]. Further prospective studies are needed for further validation.

To date, the largest, multicenter cohort of 14,343 patients to validate systematically selected prognostic scores for 30-day in-hospital mortality had been demonstrated that 4C mortality (15) and ABCS score had modest utility (AUC > 0.75) (10). The SEIMC scores had low prediction in that French cohort but good prediction in our cohort. The Shang et al. (12) severity score possesses the highest AUC-ROC curve in our patient population. The mortality rate observed within our cohort was much lower than expected in the Shang et al. (12) cohort. The mortality rate was 81.1% among the high-risk group (above 2 points), and the observed mortality rate of the high-risk group in our cohort was only 19.6%. The differences between the two cohorts may be because they faced the first wave of COVID-19, and there were no well-established treatment strategies. In contrast, the SEIMC score predicted the mortality rate in our cohort more precisely (11), while incremental risk stratification represented increased mortality.

The COVID-IRS-NLR and VICE score showed the strongest prediction and greatest accuracy of IMV among our patient population. The intubation rate of the high-risk and very high-risk patients based on the COVID-IRS-NLR score and those who were in quintiles 4th and 5th based on the VICE score was high (13, 22), and these factors may warrant intubation. Early intubation could prevent patient self-inflicted lung injury (40). However, IMV is also associated with complications, such as prolonged sedation and paralysis, infection, and barotrauma (41), and it was reasonable to treat the patients in the low-risk group using a high-flow nasal cannula or awake proning rather than early intubation.

Triage is important in the face of the COVID pandemic (42). If we can foresee the possible progress of the patient’s condition during the first episode, different approaches, treatment options, and patient relocation can be arranged accordingly (43, 44). Patients who are predicted to be less likely to worsen can be treated with a step-down approach and at home without consuming medical resources (45). Patients with a high risk of death or requiring mechanical ventilation support should be admitted to the hospital ward or even the ICU. Therefore, we can reduce the possibility of missed diagnosis of severe COVID-19 and mortality (43).

The underlying reasons for the performance differences among these severity scores could be multifactorial. Patient characteristics (46), vaccination status (47), healthcare system (48), and the variables included in each of the score all contribute to the performance differences. Table 3 shows the different variables used in each scoring systems. The variables could be categorized into patient characteristics, symptoms/signs, laboratory data, and clinical parameters, such as respiratory rate, SpO2/FiO2. Age was included both in the SEIMC score and Shang COVID severity score which were the better predictive scores of 30-day mortality. These finding implied the importance of age in driving severity among hospitalized COVID-19 patients (49). The good predictive scores for IMV in our study were the COVID-IRS-NLR and VICE score, and the common variables were lactic dehydrogenase (LDH) and SpO2/FiO2. Elevated LDH was associated with poor outcome in COVID-19 patients (50). SpO2/FiO2 may substitute for PaO2/FiO2 as a diagnostic and prognostic marker in COVID-19 patients (51). The performance differences do exist in different race/ethnicity and regions; external validation is needed (52). Multi-center, cross-country studies to verify the accuracy of these severity scores need to be conducted.



5. Limitations

This study had several limitations. First, it was conducted at a single center, and the results may not be generalizable worldwide. Second, the retrospective design with some missing values for several important variables, such as body mass index (BMI) and statin use, results in an inability to validate more scoring systems. Third, due to the small number of cases in our cohort, it may not be significant to identify new cut-off points in each score. Finally, our cohort was composed of COVID-19 alpha variant patients and most of them were unvaccinated. COVID-19 vaccination status is associated with the severity of COVID-19 illness. The prediction ability of the five risk scores for other variants or vaccinated populations is unknown. Further well-designed prospective studies are needed to validate these findings in the future.



6. Conclusion

The discriminative performance of the SEIMC score and Shang COVID severity score were good for 30-day mortality in COVID-19 hospitalized patients. For intubation prediction, the COVID-IRS-NLR, and VICE score prediction rules showed the best performance.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

The studies involving human participants were reviewed and approved by the Institutional Review Board of MacKay Memorial Hospital. Written informed consent for participation was not required for this study in accordance with the national legislation and the institutional requirements.



Author contributions

C-JW contributed to the conception and study design. H-PC and Y-HT were in charge of execution, acquisition of data, interpretation, and drafting. C-YC took charge of data analysis. C-HC, W-KC, K-CK, and Y-TC were in charge of execution, acquisition of data, analysis, and interpretation. J-CW and C-YL took charge of drafting, revising, and critically reviewing the article. All authors gave final approval of the version to be published, had agreed on the journal to which the article has been submitted, and agreed to be accountable for all aspects of the work.



Acknowledgments

We would like to thank Prof. Rajeev Malhotra for providing equations to calculate the VICE and DICE scores.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Abbreviations

SARS-CoV-2, severe acute respiratory syndrome coronavirus-2; COVID-19, coronavirus disease 2019; ARDS, acute respiratory distress syndrome; NIV, non-invasive ventilation; IMV, invasive mechanical ventilation; DNI, do not intubate; CAD, coronary artery disease; SD, standard deviation; AUC, areas under the curve, CIs, confidence intervals; CRP, C-reactive protein; ROC, receiver-operator characteristic, DIC, disseminated intravascular coagulation.


References

1. Lu R, Zhao X, Li J, Niu P, Yang B, Wu H, et al. Genomic characterisation and epidemiology of 2019 novel coronavirus: implications for virus origins and receptor binding. Lancet. (2020) 395:565–74. doi: 10.1016/S0140-6736(20)30251-8

2. Guan W, Ni Z, Hu Y, Liang W, Ou C, He J, et al. Clinical characteristics of coronavirus disease 2019 in China. N Engl J Med. (2020) 382:1708–20. doi: 10.1056/NEJMoa2002032

3. Huang C, Wang Y, Li X, Ren L, Zhao J, Hu Y, et al. Clinical features of patients infected with 2019 novel coronavirus in Wuhan. China. Lancet. (2020) 395:497–506. doi: 10.1016/S0140-6736(20)30183-5

4. Cavallo J, Forman H. The economic impact of the COVID-19 pandemic on radiology practices. Radiology. (2020) 296:E141–4. doi: 10.1148/radiol.2020201495

5. Shang Y, Li H, Zhang R. Effects of pandemic outbreak on economies: evidence from business history context. Front Public Health. (2021) 9:632043. doi: 10.3389/fpubh.2021.632043

6. Martin B, Brodke D, Wilson F, Chaiyakunapruk N, Nelson R. The impact of halting elective admissions in anticipation of a demand surge due to the coronavirus pandemic (COVID-19). Med Care. (2021) 59:213–9. doi: 10.1097/MLR.0000000000001496

7. Romani G, Dal Mas F, Massaro M, Cobianchi L, Modenese M, Barcellini A, et al. Population health strategies to support hospital and intensive care unit resiliency during the COVID-19 pandemic: the Italian experience. Popul Health Manag. (2021) 24:174–81. doi: 10.1089/pop.2020.0255

8. Capelastegui A, Espana P, Quintana J, Areitio I, Gorordo I, Egurrola M, et al. Validation of a predictive rule for the management of community-acquired pneumonia. Eur Respir J. (2006) 27:151–7. doi: 10.1183/09031936.06.00062505

9. Lim W, van der Eerden M, Laing R, Boersma W, Karalus N, Town G, et al. Defining community acquired pneumonia severity on presentation to hospital: an international derivation and validation study. Thorax. (2003) 58:377–82. doi: 10.1136/thorax.58.5.377

10. Lombardi Y, Azoyan L, Szychowiak P, Bellamine A, Lemaitre G, Bernaux M, et al. External validation of prognostic scores for COVID-19: a multicenter cohort study of patients hospitalized in greater Paris University Hospitals. Intensive Care Med. (2021) 47:1426–39.

11. Berenguer J, Borobia A, Ryan P, Rodriguez-Bano J, Bellon J, Jarrin I, et al. Development and validation of a prediction model for 30-day mortality in hospitalised patients with COVID-19: the COVID-19 SEIMC score. Thorax. (2021) 76:920–9. doi: 10.1136/thoraxjnl-2020-216001

12. Shang Y, Liu T, Wei Y, Li J, Shao L, Liu M, et al. Scoring systems for predicting mortality for severe patients with COVID-19. Eclinicalmedicine. (2020) 24:100426. doi: 10.1016/j.eclinm.2020.100426

13. Garcia-Gordillo J, Camiro-Zuniga A, Aguilar-Soto M, Cuenca D, Cadena-Fernandez A, Khouri L, et al. COVID-IRS: a novel predictive score for risk of invasive mechanical ventilation in patients with COVID-19. PLoS One. (2021) 16:e0248357. doi: 10.1371/journal.pone.0248357

14. Amezcua-Guerra L, Audelo K, Guzman J, Santiago D, Gonzalez-Flores J, Garcia-Avila C, et al. A simple and readily available inflammation-based risk scoring system on admission predicts the need for mechanical ventilation in patients with COVID-19. Inflamm Res. (2021) 70:731–42. doi: 10.1007/s00011-021-01466-x

15. Knight S, Ho A, Pius R, Buchan I, Carson G, Drake T, et al. Risk stratification of patients admitted to hospital with covid-19 using the ISARIC WHO clinical characterisation protocol: development and validation of the 4C Mortality Score. BMJ. (2020) 370:m3339.

16. Gong J, Ou J, Qiu X, Jie Y, Chen Y, Yuan L, et al. A tool for early prediction of severe coronavirus disease 2019 (COVID-19): a multicenter study using the risk nomogram in Wuhan and Guangdong. China. Clin Infect Dis. (2020) 71:833–40. doi: 10.1093/cid/ciaa443

17. Chen Y, Zhou X, Yan H, Huang H, Li S, Jiang Z, et al. CANPT score: a tool to predict severe COVID-19 on admission. Front Med. (2021) 8:608107. doi: 10.3389/fmed.2021.608107

18. Kodama T, Obinata H, Mori H, Murakami W, Suyama Y, Sasaki H, et al. Prediction of an increase in oxygen requirement of SARS-CoV-2 pneumonia using three different scoring systems. J Infect Chemother. (2021) 27:336–41. doi: 10.1016/j.jiac.2020.12.009

19. Statsenko Y, Al Zahmi F, Habuza T, Gorkom K, Zaki N. Prediction of COVID-19 severity using laboratory findings on admission: informative values, thresholds, ML model performance. BMJ Open. (2021) 11:e044500. doi: 10.1136/bmjopen-2020-044500

20. Ozpolat C, Altunbas E. Diagnostic utility of the covichem score in predicting COVID-19 disease. Am J Emerg Med. (2022) 60:50–6. doi: 10.1016/j.ajem.2022.07.025

21. Lin C, Braund W, Auerbach J, Chou J, Teng J, Tu P, et al. Policy decisions and use of information technology to fight COVID-19, Taiwan. Emerg Infect Dis. (2020) 26:1506–12. doi: 10.3201/eid2607.200574

22. Nicholson C, Wooster L, Sigurslid H, Li R, Jiang W, Tian W, et al. Estimating risk of mechanical ventilation and in-hospital mortality among adult COVID-19 patients admitted to Mass General Brigham: the VICE and DICE scores. Eclinicalmedicine. (2021) 33:100765. doi: 10.1016/j.eclinm.2021.100765

23. Chung H, Wu K, Lin C, Tang Y, Chen C, Wu J, et al. Characteristics and outcomes of hospitalized geriatric patients with COVID-19 infection in Taiwan. Int J Gerontol. (2022) 16:207–12.

24. Zhou F, Yu T, Du R, Fan G, Liu Y, Liu Z, et al. Clinical course and risk factors for mortality of adult inpatients with COVID-19 in Wuhan, China: a retrospective cohort study. Lancet. (2020) 395:1054–62. doi: 10.1016/S0140-6736(20)30566-3

25. Marin B, Aghagoli G, Lavine K, Yang L, Siff E, Chiang S, et al. Predictors of COVID-19 severity: a literature review. Rev Med Virol. (2021) 31:1–10.

26. Wei W, Wu X, Jin C, Mu T, Gu G, Min M, et al. Predictive significance of the prognostic nutritional index (PNI) in patients with severe COVID-19. J Immunol Res. (2021) 2021:9917302. doi: 10.1155/2021/9917302

27. Saurabh A, Dey B, Raphael V, Deb P, Khonglah Y, Tiewsoh I. Role of coagulation profile in predicting disease severity among patients of COVID-19. Cureus. (2021) 13:e19124. doi: 10.7759/cureus.19124

28. Yao Y, Cao J, Wang Q, Shi Q, Liu K, Luo Z, et al. D-dimer as a biomarker for disease severity and mortality in COVID-19 patients: a case control study. J Intensive Care. (2020) 8:49. doi: 10.1186/s40560-020-00466-z

29. Di Micco P, Russo V, Carannante N, Imparato M, Cardillo G, Lodigiani C. Prognostic value of fibrinogen among COVID-19 patients admitted to an emergency department: an Italian cohort study. J Clin Med. (2020) 9:4134. doi: 10.3390/jcm9124134

30. Lu H, Chen M, Tang S, Yu W. Association of coagulation disturbances with severity of COVID-19: a longitudinal study. Hematology. (2021) 26:656–62. doi: 10.1080/16078454.2021.1968648

31. Luo H, You C, Lu S, Fu Y. Characteristics of coagulation alteration in patients with COVID-19. Ann Hematol. (2021) 100:45–52. doi: 10.1007/s00277-020-04305-x

32. Yue-Liang X, Jiang-Lin W, Hui-Qin Y, Ge Z, Hongyu D, Wei-Jin F, et al. The risk factors for severe patients with COVID-19 in China: a systematic review and meta-analysis. Eur J Inflamm. (2021) 19:1–13. doi: 10.1177/20587392211000890

33. An H, Zhang J, Zhou T, Li T, Li S, Huang C, et al. Inflammation/coagulopathy/fibrinolysis: dynamic indicators of COVID-19 progression in patients with moderate COVID-19 in Wenzhou, China. Clin Immunol. (2021) 232:108852. doi: 10.1016/j.clim.2021.108852

34. Liang W, Liang H, Ou L, Chen B, Chen A, Li C, et al. Development and validation of a clinical risk score to predict the occurrence of critical illness in hospitalized patients with COVID-19. JAMA Intern Med. (2020) 180:1081–9. doi: 10.1001/jamainternmed.2020.2033

35. Rodriguez-Nava G, Yanez-Bello M, Trelles-Garcia D, Chung C, Friedman H, Hines D. Performance of the quick COVID-19 severity index and the Brescia-COVID respiratory severity scale in hospitalized patients with COVID-19 in a community hospital setting. Int J Infect Dis. (2021) 102:571–6. doi: 10.1016/j.ijid.2020.11.003

36. Duca A, Piva S, Foca E, Latronico N, Rizzi M. Calculated decisions: brescia-COVID respiratory severity scale (BCRSS)/algorithm. Emerg Med Pract. (2020) 22(Suppl. 5):CD1–2.

37. Haimovich A, Ravindra N, Stoytchev S, Young H, Wilson F, van Dijk D, et al. Development and validation of the quick COVID-19 severity index: a prognostic tool for early clinical decompensation. Ann Emerg Med. (2020) 76:442–53. doi: 10.1016/j.annemergmed.2020.07.022

38. Rahimi E, Shahisavandi M, Royo A, Azizi M, El Bouhaddani S, Sigari N, et al. The risk profile of patients with COVID-19 as predictors of lung lesions severity and mortality-development and validation of a prediction model. Front Microbiol. (2022) 13:893750. doi: 10.3389/fmicb.2022.893750

39. Cubukcu H, Topcu D, Bayraktar N, Gulsen M, Sari N, Arslan A. Detection of COVID-19 by machine learning using routine laboratory tests. Am J Clin Pathol. (2022) 157:758–66. doi: 10.1093/ajcp/aqab187

40. Marini J, Gattinoni L. Management of COVID-19 respiratory distress. JAMA. (2020) 323:2329–30. doi: 10.1001/jama.2020.6825

41. Tobin M. Principles and practice of mechanical ventilation. New York, NY: McGraw Hill (2013).

42. Mallah S, Ghorab O, Al-Salmi S, Abdellatif O, Tharmaratnam T, Iskandar M, et al. COVID-19: breaking down a global health crisis. Ann Clin Microbiol Antimicrob. (2021) 20:35. doi: 10.1186/s12941-021-00438-7

43. Peng Z, Chen X, Hu Q, Hu J, Zhao Z, Zhang M, et al. Prediction of severe outcomes of patients with COVID-19. Zhonghua Liu Xing Bing Xue Za Zhi. (2020) 41: 1595–600.

44. Xu J, Zhao F, Han M, Ma L, Zhang T. Analysis of the clinical characteristics and early warning model construction of severe/critical coronavirus disease 2019 patients. Zhonghua Wei Zhong Bing Ji Jiu Yi Xue. (2020) 32:401–6.

45. Tsui E, Lui C, Woo P, Cheung A, Lam P, Tang V, et al. Development of a data-driven COVID-19 prognostication tool to inform triage and step-down care for hospitalised patients in Hong Kong: a population-based cohort study. BMC Med Inform Decis Mak. (2020) 20:323. doi: 10.1186/s12911-020-01338-0

46. Roth G, Emmons-Bell S, Alger H, Bradley S, Das S, de Lemos J, et al. Trends in patient characteristics and COVID-19 In-hospital mortality in the united states during the COVID-19 pandemic. JAMA Netw Open. (2021) 4:e218828. doi: 10.1001/jamanetworkopen.2021.8828

47. Rustagi V, Bajaj M, Tanvi Singh P, Aggarwal R, AlAjmi M, et al. Analyzing the effect of vaccination over COVID cases and deaths in asian countries using machine learning models. Front Cell Infect Microbiol. (2022) 11:806265. doi: 10.3389/fcimb.2021.806265

48. Neogi S, Pandey S, Preetha G, Swain S. The predictors of COVID-19 mortality among health systems parameters: an ecological study across 203 countries. Health Res Policy Syst. (2022) 20:75. doi: 10.1186/s12961-022-00878-3

49. Bonanad C, García-Blas S, Tarazona-Santabalbina F, Sanchis J, Bertomeu-González V, Fácila L, et al. The effect of age on mortality in patients with COVID-19: a meta-analysis with 611,583 subjects. J Am Med Dir Assoc. (2020) 21:915–8. doi: 10.1016/j.jamda.2020.05.045

50. Malik P, Patel U, Mehta D, Patel N, Kelkar R, Akrmah M, et al. Biomarkers and outcomes of COVID-19 hospitalisations: systematic review and meta-analysis. BMJ Evid Based Med. (2021) 26:107–8. doi: 10.1136/bmjebm-2020-111536

51. Carvalho E, Leite T, Sacramento R, Nascimento P, Samary C, Rocco P, et al. Rationale and limitations of the SpO2/FiO2 as a possible substitute for PaO2/FiO2 in different preclinical and clinical scenarios. Rev Bras Ter Intensiva. (2022) 34:185–96. doi: 10.5935/0103-507X.20220013-en

52. Meijs D, van Kuijk S, Wynants L, Stessel B, Mehagnoul-Schipper J, Hana A, et al. Predicting COVID-19 prognosis in the ICU remained challenging: external validation in a multinational regional cohort. J Clin Epidemiol. (2022) 152:257–68. doi: 10.1016/j.jclinepi.2022.10.015












	 
	

	TYPE Original Research
PUBLISHED 08 February 2023
DOI 10.3389/fpsyt.2023.1129794





Personality traits and mental distress after COVID-19 testing. Prospective long-term analysis in a Viennese cohort

Claudia Guttmann-Ducke1†, Sonja Klinger1,2†, Rolf Ziesche1, Bernd Otzelberger3, Marco Idzko1, Armin Ponocny3, Simon Gabriel Prantl2 and Elisabeth Ponocny-Seliger2*

1Division of Pulmonary Medicine, Department of Internal Medicine II, Medical University of Vienna, Vienna, Austria

2Faculty of Psychology, Sigmund Freud Private University, Vienna, Austria

3Faculty of Psychology, University of Vienna, Vienna, Austria

[image: image]

OPEN ACCESS

EDITED BY
Reza Lashgari, Shahid Beheshti University, Iran

REVIEWED BY
Gniewko Wiêckiewicz, Medical University of Silesia, Poland
Saeid Komasi, Mind GPS Institute, Iran

*CORRESPONDENCE
Elisabeth Ponocny-Seliger, [image: image] office@gender-research.at

†These authors have contributed equally to this work

SPECIALTY SECTION
This article was submitted to Public Mental Health, a section of the journal Frontiers in Psychiatry

RECEIVED 22 December 2022
ACCEPTED 13 January 2023
PUBLISHED 08 February 2023

CITATION
Guttmann-Ducke C, Klinger S, Ziesche R, Otzelberger B, Idzko M, Ponocny A, Prantl SG and Ponocny-Seliger E (2023) Personality traits and mental distress after COVID-19 testing. Prospective long-term analysis in a Viennese cohort.
Front. Psychiatry 14:1129794.
doi: 10.3389/fpsyt.2023.1129794

COPYRIGHT
© 2023 Guttmann-Ducke, Klinger, Ziesche, Otzelberger, Idzko, Ponocny, Prantl and Ponocny-Seliger. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

Background: Symptoms of mental stress are a hallmark of the COVID-19 pandemic. We hypothesized that just testing for COVID-19 could act as an effective stressor for persisting symptoms of mental distress including posttraumatic stress disorder. Our study aimed to determine whether personal beliefs on individual control and competence (locus of control, LoC) correlate with symptoms of mental distress and positive screening for post-traumatic stress disorder during a 9-month observational period.

Methods: Between March and December 2021, we applied online versions of the Questionnaire on Competence and Control Expectations (FKK), the Depression, Anxiety, and Stress Score (DASS), the Short Screening Scale for DSM-IV Posttraumatic Stress Disorder (PTSD), and a medical history questionnaire for COVID-19 symptoms (visit 1). 48 hours after negative COVID-19 testing, DASS was repeated to address relief effects on mental distress (visit 2). Following 90 days (visit 3), development of mental distress was addressed by a combination of DASS and PTSD, while the possible long-term manifestation of PTSD was evaluated 9 months later (visit 4).

Results: At visit 1, 7.4 percent of the total sample (n = 867) demonstrated a positive screening for PTSD, while after nine months (at visit 4), 8.9 percent of the remaining sample (n = 204) had positive screening results. The mean age was 36.2 years; 60.8% were women, 39.2% men. In contrast to individuals with negative PTSD screening, these participants demonstrated a significantly different LoC personality profile. This was confirmed by the results of both DASS and the COVID-19 medical history questionnaire.

Conclusion: Following testing for COVID-19, individuals with positive long-term PTSD screening present with significantly different personality traits than those w/o suggesting that self-confidence and effective control over one’s own actions serve as a protective function against mental distress.

KEYWORDS
anxiety, COVID-19 pandemic, depression, internal-external control, stress disorders - posttraumatic, stress psychological


Background

Rooted in individual experience and continuous adaptation in life, personal convictions about competence and control hold a vital impact on self-consciousness, self-assurance, and risk management (1). Owing to these deeply rooted personal feelings, individual beliefs can exert a lasting impact on behavior and communication within social groups. However, personal convictions and control strategies are challenged throughout periods of lasting oppressive stress (2, 3), such as the still ongoing COVID-19 pandemic. Systematic research on personal convictions commencing with the work of Rotter and his successors in the 1950s and 1960s (4, 5) introduced the perception of a “Locus of Control” [LoC; (6)]. It defines individual self-positioning based on two conditions: (a) the extent of a person’s control over its life and (b) the possibility to act effectively upon it. In line with this, LoC describes two general manifestations of personal conviction: individuals with high internal control capable of exerting close control over the majority of events in life, and those who believe in a predominantly external control rendering them susceptible to the control by others (7, 8). In line with this, a predominantly external LoC may predispose to repeated episodes of mental distress, anxiety, depression, or post-traumatic stress disorder (PTSD) (9, 10) precluding effective coping strategies. Thus, the effectiveness to cope with negative events depends on individual control flexibility. According to the metacognitive model of PTSD (11), this kind of flexibility is rooted in personal beliefs corresponding to a largely internal LoC. As a result, the development and, in particular, maintenance of long-term PTSD is likely to depend on self-consciousness and self-assurance.

The SARS-CoV-2 pandemic commencing in late 2019 and spreading throughout the world until now represents a prototypical example for a lasting and oppressive series of events challenging self-control, risk perception, communication, and social coherence (12). In line with this, numerous effects on behavior, development of mental distress, anxiety and depression have been described during this pandemic (13–15). Nonetheless, limited attention has been given to the possible influence of self-competence and control beliefs on self-assurance (16), and particularly on the possibility to develop symptoms of PTSD. Studies performed during the first SARS epidemic in 2003 and 2004 have reported that, for example, up to 10 percent of medical personnel developed PTSD (17). However, compared with the first SARS epidemic, both the time scale as well as the number of individuals affected during the current COVID-19 pandemic is by far more pronounced suggesting an even greater impact on psychological stability and well-being. Given the impact of LoC on control and coping strategies, we hypothesized that development and maintenance of symptoms characteristic for PTSD relate to individual beliefs about personal competence and control. Thus, in a Viennese cohort of 1,556 individuals, following mandatory COVID-19 testing with exclusively negative results, we conducted a prospective survey for symptoms suggestive of PTSD combined with an independent assessment of stress, anxiety, depression over a period of nine months.


Hypothesis

Individual personality traits based on domains of competence and control beliefs (LoC) correlate with positive screening results for PTSD.


Additional questions


(1).What is the influence of domains of competence and control beliefs on mental health factors assessed using the standardized questionnaire ‘depression, anxiety and stress score’ (DASS)?

(2).Does a negative COVID-19 test result relate to development of anxiety, depression, and stress as assessed by DASS?

(3).Do people experiencing symptoms of COVID-19 and people who are subjectively symptom-free at visit 1, differ significantly concerning their DASS results?

(4).Is there a significant change in personal depression, anxiety, or stress experience between the three visits that DASS is applied?

(5).Do the results of PTSD screening at visit 1 differ significantly between clients subjectively experiencing COVID-19 symptoms and those who do not?







Materials and methods


Study design

We conducted a prospective questionnaire survey addressing the influence of personality traits on the development of stress, anxiety, depression, and posttraumatic stress disorder (PTSD) after COVID-19 testing. The study protocol was approved by the Ethics Committee of the Medical University of Vienna (EK1535/2020). The following validated inventories were used:


(a)Competency and Control Beliefs Questionnaire (FKK) (7);

(b)Depression Anxiety Stress Scales (DASS) (18); and

(c)German version of the Short Screening Scale for DSM-IV PTSD (19).



At study begin, the third general lockdown had just ended and the rate of COVID-19-associated deaths in Austria was close to 10,000 (20). The permanent mask requirement had been in place since November; the vaccination campaign for medical staff and at-risk groups had started in December 2020. Randomization took place March 15-19, 2021, at the COVID-19 testing center, Wiener Stadthalle (Vienna; Figure 1). German-speaking subjects aged 18 years or more were recruited at the COVID-19 testing site.


[image: image]

FIGURE 1
Timing of the Vienna post-traumatic stress disorder (PTSD) questionnaire survey during the COVID-19 pandemic in Austria.


After written informed consent, all test persons underwent pseudonymization and received a link via mail on their mobile phones. This approach provided the opportunity to complete the initial questionnaires during visit 1 at the test site while still waiting for the COVID-19 test results. Only fully completed inventories were evaluated; likewise, further participation in the survey was only possible if all inventories were completed. In case of missing answers, a reminder email was sent after 24 h.

At visit 1 (day 0), three validated tests (FKK, DASS, PTSD) and a medical history questionnaire addressing the major symptoms of COVID-19 infection (see Supplementary Table 2) were administered.

At visit 2 (two days after visit 1), DASS was applied. At visit 3 (90 days after visit 1), both DASS and the Short Screening Scale for PTSD were provided.

For the final investigation at visit 4 (270 days after visit 1), only the Short Screening Scale for PTSD was used.



Survey instruments

Validated questionnaires:

Questionnaire on Competence and Control Beliefs (FKK) (7).

The FKK represents an enhancement of Rotter’s social learning theory developed by G. Krampen. The questionnaire records generalized expectations with regard to scope for action; these expectations and attitudes relate to personal experience, learned competence and the subjective evaluation of the given situation (7). It can therefore be expected that there is a connection between personal ideas of control and the development of PTSD and that this is generally true for anxiety, stress as well as depressive mood.

The seven scales of the FKK include four primary scales: (a) - (d); two secondary scales: (e) - (f); and one tertiary scale (g). These capture the following personality traits:


(a)Self-concept of one’s own abilities (FKK-SK) in the sense of recording possibilities for action against the background of self-confidence (Cronbach α = 0.72-0.82),

(b)Internality in the sense of having the power to determine one’s own life (FKK-I, Cronbach α = 0.65-0.76),

(c)Social externality or “powerful others control” as an expression of the dependence of an individual on the social environment (FKK-P, Cronbach α = 0.67-0.76), and

(d)Fatalistic externality or “chance control” (FKK-C) as a measure of the external determination of one’s own convictions (Cronbach α = 0.75-0.81).



The two secondary scales are calculated as follows:


(e)Self-efficacy = sum SK + I (FKK-SKI) and

(f)Externality = sum P + C (FKK-PC),



The tertiary scale is calculated as follows:


(g)Internality vs. externality (SK + I) - (P + C) (FKK-SKI-PC) serve as a criterion of self-efficacy without personal dependency vs. helplessness and external determination.



Depression-Anxiety and Stress-Score (DASS) (18), German version, which operationalizes the dimensions depression (α = 0.88), anxiety (α = 0.76), and stress (α = 0.86) with seven items each and is established in international research and clinical settings due to high user economy. The DASS shows high validity compared to the ADS and has higher sensitivity than the HADS (18). The DASS was used to screen for potential differential diagnoses of PTSD, i.e., depression, anxiety, and stress.

Short Screening Scale for PTSD (German version of the Short Screening Scale for DSM-IV posttraumatic-stress disorder). The scale includes nine validated items on thought and emotion avoidance consisting of: loss of interest, sense of alienation, numbness/deafness, unfulfilled plans for the future, sleep disturbances, distressing memories and distressing dreams/nightmares. Cut off value was ≥ 4. The procedure has a high internal consistency (α = 0.90), validity, and economy (19). Thus, it may be safely assumed that a possible PTSD development, even after negative COVID-19 testing, could be detected with sufficient accuracy (19). PTSD can only be diagnosed if symptoms persist for a minimum of 9 months, as described in the literature (21).

The test procedure allows for an additional self-categorization of mental traumata. In our study, five categorized traumata could be discerned: No trauma, anxiety, isolation, feeling of loss, and illness.

A categorized medical history questionnaire was used to collect the sociodemographic characteristics of the participants (see Supplementary Table 1) and individual symptoms of COVID-19 including concomitant and previously detected diseases.



Data management and protection

All data were pseudonymized to avoid inference to individual persons; sensitive data are stored access-protected on the server of the MUW. ICFs are only accessible to authorized persons. After completion of the study, data were archived in the data management system according to legal requirements. Participants did not face any risk or individual benefit.



Statistical analysis

Descriptive and inferential statistical analyses of the collected online data were performed using IBM SPSS 27 statistical software. The significance level was set at α = 5% and Bonferroni correction was applied to avoid alpha accumulation. Standardized effect size measures Cohen’s-d as well as η2 [partial eta-squared; (22)] and the relative risk according to odds ratio (OR) were used to interpret the content relevance of results.

In the context of descriptive statistics, mean (M) and standard deviation (SD), minimum (min), maximum (max) as well as median (Md) and interquartile range (IQR) were determined and quoted for characterization of metric parameters. The distributional assumption of the scores was tested and, in addition, the normal distribution of metric data can be assumed based on the validity of the central limit theorem for sample sizes n ≥ 30 (23, 24). Line plots with error indicators (± 1 SD) were created to illustrate the distribution of metric data. Absolute and relative frequencies and 95% confidence intervals, where appropriate, were calculated for categorical variables (gender, concomitant disorders, posttraumatic stress disorder).

Differences in the FKK profile with respect to PTSD (present vs. unremarkable) were tested using t-tests and Welch- test depending on the heterogeneity of variance (25). 95% confidence intervals were created for the probability of occurrence of PTSD at the survey time points. Assessment of distributional differences in two nominal scaled variables was based on cross-tabulations using chi-square tests (26). To examine change in depression, anxiety, and stress over time from three time points (day 0, 2, 90), multivariate mixed analysis of variance (mixed rmANOVA) was used to compare trends, when subjects tested positive for PTSD symptoms. Stepwise binary logistic regression was used on the FKK primary scales to predict a positive PTSD screening at visit 1 (27) and multiple linear regression models were finally used to examine the explanatory value of the FKK on the three DASS criteria. For feasibility, the premises of homoscedasticity, no multicollinearity, and normal distribution of the standardized residuals were tested for this purpose.




Results


Study population

Throughout a five-day period between March 15 and March 19, 2021, we recruited 1556 subjects (Figure 2). Sixty-four of these 1556 individuals (4.1%) were COVID-19 positive. For one participant, the test result could not be determined, leaving 1491 COVID-19-negative subjects to be included in the study. 577 survey protocols (38.7%) were incompletely processed resulting in 914 surveys for full analysis at visit one. Of these, 556 (60.8%) were women (Md 31 years, IQR 24-47), and 358 (39.2%) were men (Md 32 years, IQR 25-48). The median BMI was 23.04 (IQR 20.95-25.79) kg/(cm/100)2. Almost all test persons needed a negative test result to be able to pursue their professions; 56.9% were postgraduates, and 33.9% undergraduates. Almost half of the participants (48.2%) were employed as service professionals, 19.5%, and 12.3% as medical and technical professionals, respectively. 6.1% were retired, and in 13.9%, no information on occupation was available (Supplementary Table 1). At visit 1, 914 participants completed the medical history (for details, see Supplementary Table 2), as well as the FKK and DASS questionnaires. At visit 1, 867 participants completed the PTSD screening test. At visit 2, 627 completely processed PTSD test were received (72.3%), while at visits 3 and 4, 360 (41.5%) and 204 (23.5%), respectively were completed (see Figure 2).
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FIGURE 2
Case numbers and drop-out rates in the Vienna post-traumatic stress disorder (PTSD) survey.




Subjectively perceived COVID-19 symptoms and mental state

Among the subjectively perceptible symptoms frequently reported during COVID-19 infection are symptoms of respiratory tract infection, such as fever, cough, and shortness of breath, as well as sore throat, head and muscle pain, eye pain, and diarrhea (see Supplementary Table 2). As a result, we classified the study participants dichotomously as symptom-free or symptomatic when at least one of these symptoms was reported. In total, 249 (27.3%) of 912 subjects with a complete protocol reported at least one of the symptoms. When testing for differences between these classified COVID-19 symptoms and the results of DASS at visit 1 using Welch tests, we found significant differences with higher scores for subjectively symptomatic participants with small effect sizes (Welch test: p ≤ 0.001; depressive states. d = 0.26, stress: d = 0.34, anxiety: d = 0.30). In line with this, testing the distributional difference of PTSD (yes vs. no) using cross-tabulation and chi-square testing showed a significantly higher rate of 11.1 percent for symptomatic vs. 6.0 percent for asymptomatic participants, p = 0.011; OR 1.95, 95% CI [1.16; 3.30].



PTSD and DASS trajectories and self-reported assessment of competence and control (FKK) after COVID-19 test

Of the questionnaires returned at the start of study (n = 914), 47 (5.1%) PTSD questionnaires were not or only partially completed and thus not further processed. Of the remaining 867 PTSD questionnaires, 64 (7.4%; 95% CI [5.6%; 9.1%]) had a positive screening for PTSD (Figure 3). At day 90, 360 PTSD questionnaires were complete, with 22 subjects (6.1%; 95% CI [3.6%; 8.6%]) showing a positive PTSD screening. At day 270, we received 204 complete PTSD questionnaires, with 20 (9.8%; 95% CI [5.7%; 13.9%]) showing a positive screening for PTSD. When testing the stability of PTSD symptoms over time, five (2.4%) of the 204 participants showed a positive PTSD screening throughout the entire survey period. For a further 22 (10.8%) of the test persons, an inconsistent PTSD pattern was recorded. As a result, a total of 27 individuals (13.2%), PTSD was registered at least at one time point during the 9-month survey Figure 3.
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FIGURE 3
Post-traumatic stress disorder (PTSD) screening results during the survey.


The change in depression, anxiety and stress was tested on the basis of the DASS surveys (18) on day 0, after 2 days, and after 90 days, taking into account the PTSD status (cut off ≥ 4) by means of two-factor (3 × 2) mixed ANOVA. The limited sphericity using the ε-factor according to Huynh-Feldt had to be taken into account as a test requirement. The analyses were performed using the complete protocols with n = 354 (no PTSD) and n = 23 (PTSD) per protocol. The interaction of PTSD groups x time showed significant results (p’s < 0.05) for all three symptoms with small effects (η2 ≥ 0.01), so that the two main effects had to be interpreted differentially post hoc. The results for all three scales of the DASS showed significantly higher scores for PTSD (p’s < 0.001), each with significant effects for depression (η2 = 0.26), anxiety (η2 = 0.26) and stress (η2 = 0.19). The increase in depression scores for those with PTSD over 90 days was steady but not significant (p = 0.252, η2 = 0.06). Similarly, a non-significant increase was observed for anxiety (p = 0.166, η2 = 0.08) and stress (p = 0.532, η2 = 0.03).

The trajectories of depressive states, anxiety and stress for participants with and without PTSD symptoms are illustrated in Figure 4.
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FIGURE 4
Results of the depression, anxiety and stress score in cases w/o post-traumatic stress disorder (PTSD). **p < 0.01 and ***p < 0.001.


When comparing the personality profiles according to FKK with the PTSD scores at baseline, a significantly different personality profile was observed between individuals with (n = 62) and without positive PTSD screening (n = 782). Figure 5 (upper panel) demonstrates the FKK results as T-scores for all scales of FKK (μ = 50, σ = 10). Using t-test with Bonferroni adjustment (α* = 0.0071), the differences between the two PTSD groups was found significant for all scales (p ≤ 0.007) including the differences between PTSD groups with small to moderate effect sizes (d between 0.36 (for FFK-I) and 0.79 (for FKK-SKI-PC).
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FIGURE 5
FKK profile in cases w/o post-traumatic stress disorder (PTSD). **p < 0.01 and ***p < 0.001.




Predictive power of LoC

On the basis of n = 844 protocols for visit 1 (day 0), the predictability of the criterion occurrence of PTSD was tested using binary logistic regression on the basis of the 4 FKK primary scales SK, I, P, C. The model fit was assumed using the non-significant Hosmer-Lemeshow test, p = 0.466. The model fit could be assumed based on the non-significant Hosmer-Lemeshow test, p = 0.461. By means of stepwise backward selection, FKK-SK (p = 0.001, OR = 0.92, 95%-KI [0.87; 0.97]) remained as a protective factor and FFK-C (p = 0.009, OR = 1.08, 95%-KI [1.02; 1.36]) as a risk factor with significant explanatory value for the occurrence of PTSD in the last model step. The coefficient of determination for the explained proportion of variance according to Nagelkerke’s R2 reached 10.4%.

Similarly, in order to assess the explanatory value of the four primary FKK domains FKK-SK, FKK-I, FKK-P, FKK-C for the three DASS criteria, multiple linear regressions were performed based on 872 cases. By means of stepwise backward selection, the predictors for the prognosis of depressive states, stress and anxiety were used accordingly. The results suggest that FKK-I should be excluded as a non-significant predictor for prognosis of depressive states, stress, and anxiety. For prediction of depressive states, the predictors FKK-SK (β = −0.30), FKK-P (β = 0.21) and FKK-C (β = 0.14) have small to moderate effect sizes. The same is true for prediction of stress using FKK-SK (β = −0.26), FKK-P (β = 0.22) and FKK-C (β = 0.09) as predictors. For anxiety, FKK-SK (β = −0.32), FKK-P (β = 0.22) and FKK-C (β = 0.10) each have a comparable predictive power (p’s < 0.01). The explained variance ratio R2adj. reached 30.5% for depressive states, 23.8% for stress and 28.6% for anxiety.




Discussion

The present long-term study took place from mid-March 2021 until December 2021 at the Wiener Stadthalle, the largest COVID-19 test site in Vienna, shortly after the advent of the α-variant of the SARS CoV-2 virus in Austria. This was a time characterized by widespread media coverage of rising morbidity and mortality rates in Austria. Since November 2020, it had been mandatory to wear FFP2 masks at any location outside the immediate living areas. Frequent, even daily, testing for COVID-19 by nasal swabs was obligatory to participate in professional and social life. Presuming that (a) COVID-19 testing, independent of its outcome, might act as a trigger for psychological stress, and (b) following the hypothesis that individual beliefs about self-competence and action control would significantly contribute to this kind of negative stress, randomly chosen individuals with negative COVID-19 test results were invited to participate in the study.

Locus of Control (LoC) is considered central to individual personality and as such, part of the theory of metacognition (28–30). Ongoing research on LoC has confirmed the influence of personality traits on different fields of psychology, such as health psychology, clinical psychology, and differential psychology (31, 32). It represents a dualistic concept of self-perception, self-control, and self-efficacy ranging from a predominantly internal LoC capable of exerting effective self-assessment and control to an external LoC largely depending on the beliefs and actions of others (33). Given these effects, it is feasible that the long-term restrictions imposed by the COVID-19 pandemic can trigger psychological effects based on the manifestations of LoC. In line with this, it has already been demonstrated that personality traits could pose a significant risk for COVID-19-associated mental stress (12, 34).

The study addressed the questions whether personality traits according to Rotter’s Locus of Control (LoC) would correlate with (a) symptoms indicative of stress, anxiety, and depression, and (b) with a positive screening for post-traumatic stress disorder (PTSD). To this end, we applied the advanced questionnaire on competence and control beliefs (FKK) by Krampen et al. (7, 33).

The FKK profiles [(7); primary scales: SK, I, P, C; secondary scales: SKI, PC; tertiary scale: SKI – PC] observed in participants with positive screening results for PTSD indicate a low ability self-concept, low internality, high social externality, and high fatalistic externality in this group. The test’s primary scales demonstrate the missing alternatives for action, low self-confidence, and self-awareness (SK), the poor representation of personal interests, efficacy of action and success rates (I), the extreme dependency on powerful others combined with personal helplessness as well as an overwhelming acceptance of external control (P) with low rationality and an intense belief in fate (C). The secondary scales of FKK emphasize both passivity, insecurity in action and low self-confidence (SKI), as well as socially conformist behavior combined with high helplessness, dependency from others and intense fatalism (PC), while the tertiary scale (internality vs. externality) in persons with positive PTSD screening stresses their extreme external LoC, their exceptionally low autonomy, passivity, and dependency on chance. This is in line with previous results demonstrating that low control beliefs and insufficient coping strategies related to it have a high impact on both development and maintenance of PTSD (35). This concept was confirmed by model tests in our setting, where the FKK-SK scale (p = 0.001, OR = 0.92, 95%-KI [0.87; 0.97]) can be regarded as a protective factor and the FFK-C scale (p = 0.009, OR = 1.08, 95%-KI [1.02; 1.36]) as a risk factor for the criterion occurrence of PTSD. The results of our study indicate that personality traits favoring low self-confidence and high externality could act as a precondition for the development of a post-traumatic stress disorder in the COVID-19 pandemic. This state of mind has already been encountered during the pandemic (36), reflecting a situation characterized by the continuous media presence of infection rates, mortality rates and challenges to access the health system (37), likely evoke feelings of utter helplessness (38).

The fact that participants with low internality scores and positive screening results for PTSD were also significantly more likely to report symptoms of a COVID-19 infection, without being ill may demonstrate the metacognitive power of self and external perception (11). This notion is further evidenced by the significantly varying scores for depression, anxiety, and stress (DASS) between individuals with and without positive PTSD screening (Figure 4; p < 0.001). Given the tendency of PTSD to stabilize over longer time intervals, it may be noteworthy that all DASS scores increase in PTSD screening positive individuals, in particular the scores for depression and anxiety, albeit not significantly (Figure 4). This corresponds with the observation that governmental action and media coverage is capable of generally increasing feelings of anxiety, depression, and stress (35, 36).

In this study, 14 men (3.9%) and 50 women (9%) of the total sample described PTSD symptomatology at study entry. Trauma defines that the affected person experiences a threatening situation, which is assessed as vital threatening and is accompanied by the feeling of helplessness and being at the mercy of the situation, as well as the shaking of the self and world view. Statistically, two-thirds of the world’s population experience trauma in their lifetime, with one-third developing PTSD and two-thirds coping with trauma through their own experiential and competence mechanisms and social systems (39). Traumatic experiences related to the COVID-19 pandemic were described by 43.2% of women and 32.2% of men with fear and isolation factors having the highest response. Psychological distress from the COVID-19 pandemic is shown in a nationwide study that generalized anxiety, depression, and distress increased significantly over the course of the pandemic (36). In this study individuals with positive PTSD screening results had significantly higher scores (p > 0.001) at all three time points in the three scales of depression, anxiety, and stress, but no significant differences for depression, anxiety, and stress. PTSD screening negative subjects had no depression, anxiety, and stress symptoms during the nine-month study period. Furthermore, the results suggest that the predictors of the primary scales FKK-SK, -P, and -C of the locus of control are suitable for predicting depressive states, anxiety, and stress with small to moderate β-weightings for prediction, respectively, p < 0.01.



Limitations

The main weakness of this study is our lack of knowledge if psychological or psychiatric help in any form had been used by the participants. Furthermore, the cut-off scoring procedure in the DSM IV screening test for PTSD may not correspond to the latest DSM V convention. In addition, it was not possible to assess the influence of COVID-19 coverage in the media on the mental state of the participants.
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Background: Oxidative stress plays an important role in the pathogenesis of many diseases. This study aimed to investigate the relationship between nuclear factor kappa B (NF-κB) and oxidative stress and the severity of the disease in new COVID-19 patients, and, to compare the levels of NF-κB, oxidized LDL (oxLDL), and lectin-like oxidized-LDL receptor-1 (LOX-1) with oxygen saturation, which is an indicator of the severity parameters of the disease in COVID-19 patients.

Methods: In this prospective study, 100 COVID-19 patients and 100 healthy subjects were selected.

Results: LOX-1, NF-κB, and oxLDL were found to be higher in COVID-19 patients compared to the healthy subjects (p < 0.001 for all). According to the results of correlation analysis, it was found that there was no significant relationship between oxygen saturation and LOX-1, NF-κB and oxLDL parameters. There was significant relationship between oxLDL with LOX-1 and NF-κB in patients with COVID-19 disease. ROC analysis results of the highest discrimination power were oxLDL (AUC: 0.955, CI: 0.904–1.000; sensitivity: 77%, and specificity: 100%, for cutoff: 127.944 ng/l) indicating COVID-19.

Conclusion: Oxidative stress plays an essential role in COVID-19. NF-κB, oxLDL, and LOX-1 seem to represent good markers in COVID-19. Our study also showed that oxLDL has the highest power in distinguishing patients with COVID-19 from the healthy subjects.
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Introduction

The virus, which emerged in late 2019 and called SARS-CoV-2 by the World Health Organization, spread rapidly around the world, causing a pandemic. While the disease called corona virus disease 2019 (COVID-19) progressed with asymptomatic or mild symptoms in some people, severe disease findings requiring hospitalization were observed in approximately 20% of the cases. The morbidity and mortality of COVID-19 is mostly associated with acute viral pneumonia and associated severe acute respiratory distress syndrome (ARDS) (1, 2).

Oxidative stress and inflammation cause oxidation of lipids and lipoproteins, and play an important role in the pathogenesis of many diseases (3). Oxidized LDL (oxLDL) formation is seen in various diseases resulting in oxidative stress and the presence of reactive oxygen species (ROS) (4). OxLDL leads to the progression of lesions in atherosclerosis, diabetes mellitus (DM), aging, non-alcoholic fatty liver, metabolic syndrome (MS), cardiovascular diseases (CVD) and cerebrovascular diseases, nephrotic syndrome, chronic renal failure, diabetic nephropathy, nephrosclerosis, and acute renal failure. It causes and plays an important role in the pathogenesis of the disease (5–7). It is expressed by pro-inflammatory and pro-oxidative stress in lectin-like oxidized-LDL receptor-1 (LOX-1) cells and endothelium, monocyte, macrophage, smooth muscle cells, cardiomyocytes, fibroblast, adipocyte, airway epithelial cells, dendritic cells, and thrombocytes (8–10).

LOX-1 expression increased by oxLDL stimulates the growth and proliferation of smooth muscle cells (SMC) with nuclear factor kappa B (NF-κB) and JNK signaling pathways, causing SMCs to move from the media to the subendothelial area. LOX-1 plays an important role in fibroblast growth and collagen synthesis stimulated by angiotensin II and transforming growth factor beta (TGF-β). The presence of LOX-1 in activated platelets is associated with thrombus formation (7).

In this respect, our aim in this study is to investigate the relationship between NF-κB and oxidative stress and the severity of the disease in new COVID-19 patients, and, to compare the levels of NF-κB, oxLDL, and LOX-1 with oxygen saturation (SO2), which is an indicator of the severity parameters of the disease in COVID-19 patients.



Materials and methods

The study was designed prospectively. All procedures in our study comply with the 1964 Declaration of Helsinki and any subsequent amendments or comparable ethical standards. The study was approved by the Mehmet Ali Aydinlar University Faculty of Medicine Ethics Committee and informed consent was obtained from all participants (ATADEK-2020/17).

Of two hundred subjects who were admitted to Atakent Hospital emergency department between 15 March 2020 and 15 November 2022, 100 subjects with COVID-19 were included in this study. The recommended criteria established by the Scientific Committee of the Ministry of Health were used for the selection of possible COVID-19 patients. These criteria are having at least one sign or symptom of fever or acute respiratory illness (cough and respiratory distress); the presence of clinical features that cannot be explained by any other disease; the patient or a relative has a history of traveling to another country for 14 days prior to the onset of symptoms; and close contact with a patient confirmed to be COVID-19 positive by reverse transcription polymerase chain reaction (RT-PCR). Their diagnoses were confirmed by radiologist. The patients were selected from those over the age of 18 who applied to Acibadem Atakent Hospital with positive COVID-19 PCR and/or Thorax CT (100 cases) and 100 healthy subjects. Studies show that thorax CT has higher sensitivity than RT-PCR. RT-PCR false negatives can be quite high due to the immature development of nucleic acid detection technology, differences in detection rate from different manufacturers, low patient viral load, or inappropriate clinical sampling (11). In our study, 33 patients (33%) had positive RT-PCR results, 67 patients (67%) had negative RT-PCR results, and thorax CT results of all 89 patients were typically compatible with COVID-19 pneumonia. Patients were classified as uncomplicated, mild–moderate pneumonia, and severe pneumonia. Patients with symptoms such as fever, muscle/joint pain, cough, and sore throat, without respiratory distress (respiratory rate <24 per minute, SpO2 >93% in room air) and with normal chest X-ray and/or lung tomography were classified as uncomplicated. Patients with symptoms such as fever, muscle/joint pain, cough and sore throat, respiratory rate <30/min, SpO2 >90 in room air, and mild–moderate pneumonia findings on chest X-ray or tomography were classified as mild–moderate pneumonia. Patients with symptoms such as fever, muscle/joint pains, cough, and sore throat, with tachypnea (≥30/min), with SpO2 level below ≤90% in room air, and bilateral diffuse pneumonia findings on chest X-ray or tomography were classified as severe pneumonia. Control subjects were selected from individuals who were confirmed by PCR and clinical evaluation as not having COVID-19 disease and had no additional disease. All patients were of Turkish descent.


Inclusion criteria

Age of COVID-19 diagnosis: ≥18 years. Patients who presented with positive SARS-CoV-2 RNA finding in throat swab samples and were diagnosed with COVID-19 according to the World Health Organization guidelines or having positive RT-PCR test with oxygen saturation rate below 90%.



Exclusion criteria

Patients aged <18 years, cancer, obesity, diabetes, smoking, pregnant, and still hospitalized but not yet discharged from the hospital were excluded from this study.

After being diagnosed with COVID-19, treatment was given to all patients in line with the recommendations of the Scientific Board of the Turkish Ministry of Health. All patients were started on hydroxychloroquine loading 2*400 followed by 2 × 200 mg for a total of 5 days/azithromycin (500 mg on the first day followed by 250 for a total of 5 days) plus oseltamivir 75 mg given twice. Favipiravir was reserved for severe cases with dyspnea and SpO2 <90%. It was given in the dose of 1,600 mg twice on day one followed by 600 mg for the next 4 days.

The chest CT examinations were reported in accordance with the Radiological Society of North America (RSNA) Consensus Statement on Reporting Chest CT Findings Related to COVID-19.

Combined pharyngeal and nasopharyngeal swab samples were obtained for RT-PCR assay.

Samples were drawn into plain tubes with no additive, in the morning after an overnight fasting (10–12 h) from patients with COVID-19 and their respective controls. Serum samples were separated from cells immediately after centrifugation (4,000 rpm, 10 min at 4°C), aliquoted, and stored at −80°C until assayed for NF-κB, oxLDL, and LOX-1.

Routine biochemical parameters were measured by the autoanalyzer (Siemens Dimension, Germany). Serum C-reactive protein (CRP) levels were measured by a photometric method (Siemens Dimension, Germany). Complete blood count parameters were obtained with automatic hematology analyzer (Sysmex XN-2000, Germany).

Oxygen saturation (SO2) levels were measured by blood gas analyze (Siemens Rapid 500, Germany).



Measurement of serum NF-κB p65 levels

Serum NF-κB levels were measured by a commercially available competitive enzyme-linked immunoassay kit (R&D Systems, Minneapolis, MN, United States). The coefficients of intra- and inter-assay variations were 4.6% (n = 20) and 5.4% (n = 20), respectively.



Measurement of serum oxidized low density lipoprotein (oxLDL) levels

Serum oxLDL levels were measured by a commercially available competitive enzyme linked immunoassay kit (R&D Systems, Minneapolis, MN, United States). The coefficients of intra- and inter-assay variation were 4.5% (n = 20) and 5.3% (n = 20), respectively.



Measurement of serum lectin-like oxidized-low density lipoprotein receptor 1 (LOX-1) levels

Serum LOX-1 levels were measured by a commercially available competitive enzyme linked immunoassay kit (R&D Systems, Minneapolis, MN, United States). The coefficients of intra- and inter-assay variation were 4.7% (n = 20) and 5.8% (n = 20), respectively.



Statistical analysis

In the statistical analysis of the study, the criteria discussed were defined by mean, standard deviation, frequency, and percentage values. The distribution of all analyzed parameters was confirmed using the Kolmogorov–Smirnov test. Results for normally distributed continuous variables were expressed as means ± standard deviations. Chi-Square test was used to compare frequencies and percentages between the groups. Student’s t-test was used for comparisons of two groups. One-way ANOVA and Tukey test as post-hoc were used in the comparison of three groups. Correlation analysis was performed using Spearman’s correlation analysis. In the study cases, receiver operating characteristic (ROC) curve analysis was used to investigate the performance of important criteria in determining disease diagnosis. As a result of the ROC analysis, cutoff points were determined by using the Youden Index. A p value below 0.05 was expressed as significant. Post-hoc power analysis was performed for the study, and the power of the study was found to be 100% at α = 0.05, for all three parameters (LOX-1, NF-κB, and oxLDL). All statistical analyses were carried out using Statistical Product and Service Solutions (SPSS) v. 21.0 (IBM, Armonk, NY, United States) package program.




Results

Both groups were selected from patients and healthy subjects matched for gender and age (no statistically significant difference). Dot graph of population age distribution was also shown in Figure 1. When the clinical results of the patients were evaluated, no significant difference was found between diastolic blood pressure (DBP), systolic blood pressure (SBP), and SO2 levels. However, PCR and radiological findings were found to be significantly positive in patients with COVID-19 (both p < 0.001). No significant difference was found between the groups in terms of survive status (Table 1). Clinical parameters of the COVID-19 patients are also shown in Table 2.
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FIGURE 1
 Dot graphs of population age distribution.




TABLE 1 Demographic data and clinical data results at admission to hospital.
[image: Table1]



TABLE 2 Clinical parameters of the COVID-19 patients.
[image: Table2]

Hematological values and routine biochemical tests of the patients were evaluated, and no significant difference was found (Tables 3, 4). There was no significant difference in total cholesterol, high density lipoprotein (HDL), LDL, and triglyceride levels between the groups (p > 0.05 for all; Table 4). All three parameters LOX-1, NF-κB, and ox-LDL were found to be higher in COVID-19 patients compared to the healthy subjects (p < 0.001 for all) (Table 5). There was significant relationship between oxLDL with LOX-1 (r: 0.921; p < 0.0001) and NF-κB (r: 0.712; p < 0.0001) in patients with COVID-19 disease. The TC scanning of these patients was evaluated and no correlation was found between the change in TC and biomarker levels.



TABLE 3 Hematological parameters of the subjects included in examined groups.
[image: Table3]



TABLE 4 Biochemical parameters of the subjects included in the study.
[image: Table4]



TABLE 5 Oxidative stress-related biomarkers of the subjects included in the study.
[image: Table5]

In the subgroups formed according to disease severity, LOX-1 levels in patients with severe pneumonia were found to be statistically significantly higher than both uncomplicated COVID-19 patients (p < 0.01) and mild–moderate pneumonia patients (p < 0.05). While oxLDL levels were found to be higher in patients with severe pneumonia than only uncomplicated COVID-19 patients (p < 0.05), no significant difference was found between NF-κB values according to disease severity. In Ex patients, LOX-1, NF-κB, and oxLDL levels were all found to be higher compared to the healed patients (p < 0.05 for all), (Table 6).



TABLE 6 Oxidative stress-related biomarkers of the subgroups according to severity grading and survival status.
[image: Table6]

ROC analysis results for important biochemical parameters showed that all three parameters (LOX-1, NF-κB, and oxLDL) had high discrimination power from patients with COVID-19 (Figure 2). Accordingly, LOX-1 was found to be the parameter with the lowest discrimination power (AUC: 0.787, CI: 0.722–0.852; sensitivity: 88%; and specificity: 62%, for cutoff: 1.93 ng/ml), while the parameter with the highest discrimination power was oxLDL (AUC: 0.26, CI: 0.892–0.961; sensitivity: 81%; and specificity: 87%, for cutoff: 124.38 ng/l) (Table 7).

[image: Figure 2]

FIGURE 2
 Diagnostic criteria of ROC curve for selected parameters in COVID-19.




TABLE 7 Cutoff values, sensitivity and specificity values by ROC analysis for LOX-1, NF-κB and ox-LDL values indicating COVID-19.
[image: Table7]



Discussion

To the best of our knowledge, this is the first report to showing changes in three key parameters as NF-κB, oxLDL, and LOX-1 in systemic oxidative stress using an analysis of multiple biomarkers in COVID-19 patients. We believe that oxidative stress plays an important role in the pathological development of COVID-19.

The most important contributions of the laboratory findings are that they give an idea about the staging, prognosis, and therapeutic monitoring of COVID-19. Many laboratory tests can be very helpful in determining the severity of the disease and in determining the risk of development of ARDS, disseminated intravascular coagulation (DIC), and multiple organ failure (1, 2). Biochemical monitoring of COVID-19 patients with in vitro diagnostic tests is crucial for assessing disease diagnosis, severity, and progression, as well as monitoring therapeutic intervention. In addition to the laboratory tests commonly used in routine, new evidence suggests that serious COVID-19 patients may be at risk for cytokine storm syndrome. Defining laboratory tests that will contribute to the diagnosis and follow-up of COVID-19 patients is very important to distinguish between severe and non-severe cases, and to identify those with low or high mortality risk, in addition to the stage of diagnosis.

We examine the biochemical events that characterize the progression of COVID-19 in relation to three markers sensitive to increased ROS as possible candidates in the of NF-κB, oxLDL, and LOX-1. NF-κB is a transcription factor, oxLDL is a critical factor in atherogenesis, and LOX-1 is the major receptor for oxLDL in human endothelial cells.

Stimuli that increase LOX-1 expression are cytokines, interferon-V (IFN-V), oxLDL and other modified lipoproteins, free radicals, TNF-α, interleukin (IL-1β), TGF-β1, superoxide anion hydrogen peroxide (H2O2), 8-isoprostoglandin F2-α, and lysophosphatidylcholine (7, 12–14). Macrophages trained by oxLDL encounter large amounts of oxidized lipids in the infected areas and exhibit greater oxidized lipid uptake, leading to transient lipid depletion (8).

In COVID-19, thrombosis occurs because of blood clotting, causing blockages in the heart, lungs and vessels. Thrombotic events occur very frequently in intensive care patients for a variety of reasons. Chemokines (E, P selectin), intracellular adhesion molecule-1 (ICAM-1), and vascular cell adhesion molecule-1 (VCAM-1) by activation of NF-κB because of stimulation of vascular cells by binding oxLDL to LOX-1 lead to increased expression of granulocyte and macrophage colony-stimulating factors and monocyte chemotactic protein-1 (MCP1), leading to proatherogenic effects (7).

In SARS-CoV-infected macrophages, NF-κB is activated by the CARD9-BCL10 (Caspase recruitment domain family member 9-B-cell lymphoma/leukemia 10) module and triggers the major inflammatory adapter protein apoptosis-associated speck-like protein containing a caspase recruitment domains (ASC) (15). Reactive oxygen and nitrogen species are also a signaling molecule responsible for the release of pro-inflammatory cytokines. In particular, it activates redox-sensitive transcription factors such as NF-κB, which play a key role in inflammation (16). Oral and intravenous glutathione (GSH), GSH precursor N-acetyl-cysteine (NAC), and alpha lipoic acid (ALA) are known to block NF-κB. These molecules are new treatment approaches used for respiratory distress and cytokine storm syndrome in COVID-19 pneumonia (17). In current study, all three parameters LOX-1, NF-κB, and oxLDL were found to be higher in COVID-19 patients compared to the healthy subjects. Moreover, there were significant relationship between oxLDL with LOX-1 and NF-κB in patients with COVID-19 disease. At the same time, no significant difference was found between the groups in total-cholesterol, HDL-cholesterol, and LDL-cholesterol levels. Interestingly, Hu et al. (9) showed that serum lipid levels, especially total-cholesterol, HDL-cholesterol, and LDL-cholesterol, were significantly lower in patients with COVID-19 infection. In fact, up to 90% of circulating oxLDL can be found in oxLDL immune complexes (oxLICs). Preparation of OxLIC-mediated inflammatory signalosomes in macrophages is dependent on CARD9. It is a critical adapter protein and a central integrator in innate immune cell activation that triggers the inflammatory signaling pathway in response to viral infection. CARD9 signalosome, a triple protein complex consisting of CARD9, BCL10, and MALT1 (CBM complex), leads to the activation of NF-κB and mitogen activated protein kinase (MAPK) signaling result in up-regulation of several cytokines and chemokines (10). Wei et al. (18) reported that the development of hypolipidemia started in patients with mild symptoms and gradually worsened in relation to the severity of the disease. Acute inflammation caused by SARS-COV-2 alters lipid metabolism. Pro-inflammatory cytokines such as TNF-[image: image], IL-6, and IL-1β have been reported to modulate lipid metabolism by altering liver function and reducing cholesterol influx and transport. It was reported that IL-6 increased dramatically in 96% of all patients. They demonstrated that pro-inflammatory cytokines such as IL-6 are a significant contributor to lipid abnormalities in patients. This strongly suggests that pro-inflammatory cytokines such as IL-6 are a significant contributor to lipid abnormalities in patients. Lipids are highly vulnerable to the degradation of free radicals, which are usually raised in host cells with a viral infection (19). Assignment of oxLDL in the serum of patients will be required to determine this possibility.

Pincemail et al. (20) have recently proven that systemic oxidative stress increases lipid peroxidation in critically ill COVID-19 patients, as well as deficiencies in some antioxidants (vitamin C, glutathione, and thiol proteins) and trace elements (selenium). Strong positive correlations between lipid peroxides and Cu and the negative correlation between γ-tocopherol and Cu highlighted the role played by copper in increased oxidative stress in COVID-19 patients. Oxidative stress is increased in patients with COVID-19 and is associated with mortality (21).

LOX-1 levels were found to be higher in patients with severe pneumonia compared to both uncomplicated COVID-19 patients and patients with mild to moderate pneumonia, while oxLDL levels were found to be higher in patients with severe pneumonia than in patients with only uncomplicated COVID-19. At the same time, in Ex patients, LOX-1, NF-κB, and oxLDL levels were all found to be higher compared to the healed patients. NF-κB, oxLDL, and LOX-1 levels are independent risk factors in determining the prognosis of COVID-19. COVID-19 is a disease whose activity is still very high and continues to spread rapidly. Scientists continue to search for markers that can help with the early detection and prognosis of this disease. The results of our study are consistent with studies reporting that oxidative stress markers are significantly increased in COVID-19 patients (22, 23). We think that the biochemical parameters mentioned in our study are important in determining the prognosis of the disease and may be beneficial, together with other risk factors, in terms of the need for transfer to the intensive care unit after the initial evaluation of the patients in the emergency unit (24–26).

In general, increased oxidative stress with all symptoms in patients diagnosed with COVID-19; may cause an increase in the symptoms of this chronic disease in individuals with other chronic diseases. This may cause the progression of COVID-19 in individuals to be severe and heavy. Accordingly, it has been predicted that supplementing diagnosed COVID-19 patients with strong antioxidant substances may have a protective effect. For example, ginger extract is a wealthy source of antioxidants and can be used to prevent the glycation and oxidative stress-induced damage of biomolecules in various health complications including inflammation (27). In many studies, the administration of various antioxidants as both prophylactic and therapeutic support to COVID-19 patients has been shown to reduce their symptoms (17, 28–47).

In the current study, 33 patients (33%) had positive RT-PCR results, 67 patients (67%) had negative RT-PCR results, and thorax CT results of all 89 patients were typically compatible with COVID-19 pneumonia. Combined pharyngeal and nasopharyngeal swab (RT-PCR) tests may be negative, especially in the early phase of the disease or when the viral load is low, and CT plays an important role in the diagnosis of COVID-19 during this period. The sensitivity of CT in the diagnosis of COVID-19 was found to be 98%, while the sensitivity of RT PCR, which is the gold standard diagnostic test, was found to be 71% in the early period (11). Although RT-PCR test is the gold standard for the diagnosis of COVID-19, chest X-ray and CT have an important role in the diagnosis, follow-up, and staging of pneumonia (48, 49).

Although our study has strengths, it has some limitations. However, as can be seen in the results we presented, we see that the presence or absence of each of these comorbid diseases does not cause a change in NF-κB, oxLDL, and LOX-1 levels, which are the main parameters of our study. The limitation of this study is the small number of the patients included in a single center. We used a convenience sample which may increase the risk of selection bias. Our study did not allow us to conclude whether increased oxidative stress could be directly attributed to COVID-19 disease.

NF-κB, oxLDL, and LOX-1 seem to represent good markers in COVID-19. Oxidative stress may play a critical role in the development of COVID-19 disease and of damage to the COVID-19 patients. Our study also showed that oxLDL has the highest power in distinguishing patients with COVID-19 from healthy subjects. Since increased oxidative stress was observed in patients who died compared to those who recovered, we think that the use of NF-κB, oxLDL, and LOX-1 levels at the onset of COVID-19 disease is a valuable starting point for the general assessment of oxidative stress, and thus provides better triage for patients in terms of disease severity. Antibiotics are produced and fought against bacteria, but the battle against viruses must be very different. At this point, the strongest weapon is the immune system. Because viruses undergo mutations and can appear in different masks. According to these results, it was predicted that supplementation with strong antioxidant substances may have a protective effect in diagnosed COVID-19 patients. The levels of these biomolecules can guide future patient-targeted therapies in clinical practice.
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Background: The global epidemiological situation of COVID-19 remains serious. The rapid hunting of SARS-CoV-2 infection is the key means for preventing transmission.

Methods: A total of 40,689 consecutive overseas arrivals were screened for SARS-CoV-2 infection based on PCR and serologic testing. The yield and efficiency of different screening algorithms were evaluated.

Result: Among the 40,689 consecutive overseas arrivals, 56 (0.14%) subjects were confirmed to have SARS-CoV-2 infection. The asymptomatic rate was 76.8%. When the algorithm based on PCR alone was used, the identification yield of a single round of PCR (PCR1) was only 39.3% (95% CI: 26.1–52.5%). It took at least four rounds of PCR to achieve a yield of 92.9% (95% CI: 85.9–99.8%). Fortunately, an algorithm based on a single round of PCR combined with a single round of serologic testing (PCR1+ Ab1) greatly improved the screening yield to 98.2% (95% CI: 94.6–100.0%) and required 42,299 PCR and 40,689 serologic tests that cost 6,052,855 yuan. By achieving a similar yield, the cost of PCR1+ Ab1 was 39.2% of that of four rounds of PCR. For hunting one case in PCR1+ Ab1, 769 PCR and 740 serologic tests were required, costing 110,052 yuan, which was 63.0% of that of the PCR1 algorithm.

Conclusion: Comparing an algorithm based on PCR alone, PCR combined with a serologic testing algorithm greatly improved the yield and efficiency of the identification of SARS-CoV-2 infection.
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Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is the causative agent of coronavirus disease 2019 (COVID-19), and its rapid transmission and high virulence have resulted in the ongoing COVID-19 pandemic (1). The global epidemiological situation of COVID-19 remains serious. The rapid discovery of SARS-CoV-2 infection and the quick isolation of patients and tracing of their close contacts are currently the most effective means for preventing transmission. In low-prevalence areas in particular, the identification of SARS-CoV-2 infection is crucial. Currently, algorithms based on PCR alone are widely used to diagnose COVID-19 and for the detection and quantification of SARS-CoV-2 RNA (2, 3). There are several limitations to the use of PCR alone for diagnosing SARS-CoV-2 infection, including the potential for false-negative results, which may be linked to inadequate nasopharyngeal sampling, varying levels of the virus at different anatomical sites and different times during the disease course, and the inability to diagnose pre- or asymptomatic infections (4–6). Therefore, the yield of PCR is unsatisfactory. Due to rapid transmission and strong infectiousness of the disease, failure to detect a SARS-CoV-2 infection could greatly decrease the efficacy of prevention. To achieve higher yields, PCR must be performed repeatedly in all subjects and should consume considerable human and material resources during the initial COVID-19 pandemic. Compared with PCR, serologic testing is relatively easier to perform and faster (7). Unlike PCR, which can detect only acutely infected persons, serologic tests help determine whether the individual being tested was previously infected, even if that person never showed symptoms (8). However, the potential for false-positive results in serologic tests limits their use in low-prevalence populations (9, 10). Both PCR- and serology-based methods have obvious defects, but they possibly complement each other throughout the disease course. The efficiency of screening algorithms based on PCR combined with serologic testing for identifying SARS-CoV-2 infection in practice is unclear. In our region, the government used PCR combined with a serologic testing algorithm to hunt SARS-CoV-2 infection in consecutive overseas arrivals between July 2020 and September 2020. Therefore, we investigated different screening algorithms from an economic perspective to evaluate whether PCR combined with a serologic testing algorithm could improve the yield and efficiency of the identification of SARS-CoV-2 infection.



Methods


Study design and participants

A total of 40,689 consecutive overseas arrivals, which were screened for SARS-CoV-2 infection based on PCR and serologic testing in Xiamen city between July 2020 and September 2020 were retrospectively investigated. All individuals underwent the first round of serologic testing, total antibodies against SARS-CoV-2 (Ab), and PCR tests to identify SARS-CoV-2 infection on the first day of entry. The individuals who were Ab-positive (Ab+) were assigned to a key screening population, followed up for 14 days, and subjected to multiple rounds of PCR that were serially determined at 3, 5, 7, 10, and 14 days after entry. The individuals who were Ab-negative (Ab-) underwent serologic testing at 7 days after entry and underwent PCR at 7 and 14 days after entry. All individuals were followed up for 28 days. When the PCR result was positive (PCR+), the individual was escorted directly to the hospital for a comprehensive evaluation and epidemiological investigation. Based on the COVID-19 Diagnosis and Treatment Plan (eighth edition) of the National Health Commission of the People's Republic of China, the subjects were diagnosed according to their epidemiological history, clinical symptoms, imaging findings, and laboratory test results. Individuals with SARS-CoV-2 infection included asymptomatic and symptomatic individuals. According to the neutralization test and epidemiological history, Ab-positive (Ab+) was classified as true-positive or false-positive. Previously infected individuals were defined as those with true-positive antibody results and positive neutralization test results, but no symptoms or signs of COVID-19 and negative RT-PCR results during the study period. Finally, 40,498 individuals were non-infected. The age of the subjects ranged from 1 to 93 years, with a median age of 29 years, and 17,473 (43.1%) individuals were women. For the previously infected, the ages ranged from 21 to 65 years, with a median age of 34 years, and 65 (44.4%) individuals were women. To investigate different screening algorithms from an economic perspective, the testing algorithm for screening SARS-CoV-2 infection was set to nine algorithms, according to round and combination of PCR and serologic testing (Table 1). To determine the incremental yield of each SARS-CoV-2 test algorithm, we determined the number of additional SARS-CoV-2 infections detected relative to the number detected with the single round of PCR (PCR1). To determine the efficiency of each algorithm, we determined the number of serology and PCR tests used and the number needed to test (NNT) to detect one case of SARS-CoV-2 infection for each test.


TABLE 1 The screening algorithm for SARS-CoV-2 infection.
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PCR assays for SARS-CoV-2

Upper respiratory tract (URT) samples were collected from both nasopharyngeal and oropharyngeal swabs collected by trained medical staff (physicians and nurses). For lower respiratory tract (LRT) specimens, participants were given instructions the night before to collect the first morning sputum samples (after gargling) in a specimen cup. The Stream SP96 automatic nucleic acid extraction instrument (Da An Gene Co., Ltd. Guangzhou, China) was used for nucleic acid extraction. RT-qPCR was conducted using the SLAN-96P real-time PCR system (Shanghai Hongshi Biotechnology Co., Ltd., Shanghai, China). PCR assays for SARS-CoV-2 were performed using the Liferiver 2019-nCoV assay (Shanghai ZJ Bio-Tech Co., Ltd, Shanghai, China) to determine the presence of the virus through the identification of three genetic markers: the envelope (env) gene, the open reading frame (ORF) 1ab gene, and the nucleocapsid protein (N) gene. The cycle threshold (Ct) determined during RT-PCR testing refers to the cycle in which the detection of viral amplicons occurs, and it is inversely correlated with the amount of RNA present. A lower Ct value indicates larger quantities of viral RNA. The results were considered positive when the Ct values of all genes were <40 cycles. The assay had a sensitivity of 89.3% and a specificity of 100.0%, and no cross-reactivity was observed in clinical diagnostic efficacy (11). Two consecutive single-site positives or double-site positives are judged to indicate RT-PCR positivity according to the COVID-19 Prevention and Control Plan (eighth edition).



Serologic testing

Blood samples were centrifuged at 3,000 rpm, and the upper serum layer was used for testing. The total antibodies against SARS-CoV-2 were measured using a Wantai® Caris 200 system, based on a chemiluminescence microparticle immunoassay (CMIA) (Wantai Biological Pharmacy Enterprise Co., Ltd, Beijing, China). The detection experiments were performed according to the manufacturer's instructions. The kit was provided by Wantai Biological Pharmacy Enterprise Co., Ltd, Beijing, China. TAb detection was based on a double-antigen sandwich immunoassay using two types of mammalian cell-expressed recombinant antigens containing the receptor-binding domain (RBD) of the spike protein of SARS-CoV-2 as the immobilized and HRP-conjugated antigens. The antibody titer was calculated according to the cutoff and was recorded as the cutoff index (COI). COI<1.00 was considered negative, and COI≥1.00 was considered positive. The assay had a sensitivity of 96.7% and a specificity of 99.5%, and no cross-reactivity was observed (12).



Statistical analysis

Statistical analysis was carried out using IBM SPSS Statistics version 20 (SPSS, Inc., Chicago, IL, USA) and GraphPad Prism version 8.00 (GraphPad Software, San Diego, CA, USA). Continuous variables that did not follow a normal distribution are reported as medians with interquartile ranges (IQRs). The statistical analysis for group comparisons was conducted using the Kruskal–Wallis and Mann–Whitney U-tests. To determine the diagnostic yields of different algorithms, the clinical diagnostic results were used as the gold standard according to their epidemiological history, clinical symptoms, imaging findings, and laboratory test results. We compared the differences in the proportions of infection detected by each algorithm relative to the single round of PCR (PCR1) algorithm using the McNemar chi-square test of paired proportions. Statistical significance was indicated by a p-value of <0.05 (<0.05).




Results


Outcomes of SARS-CoV-2 screening

We performed PCR and serologic tests on samples collected from 40,689 subjects between July 2020 and September 2020. A total of 56 (0.14%) subjects with SARS-CoV-2 infection were identified. They came from eight foreign countries (Table 2). The asymptomatic rate was 76.8%. There were no new cases of SARS-CoV-2 infection found among the remaining subjects during the 28-day follow-up (Figure 1). The first round of serology tests revealed 359 subjects to be Ab-positive. Among Ab-positive subjects, 54 (96.4%) subjects with SARS-CoV-2 infections were identified (Figure 1). Notably, 14 (25.0%) subjects with SARS-CoV-2 infections were discovered after more than three rounds of PCR were performed because Ab positivity was classified as the key subject, which was screened by multiple rounds of PCR. In addition, four (7.14%) subjects with SARS-CoV-2 infections were found after four rounds of PCR (Figure 1). On the other hand, among the 40,330 Ab-negative subjects, two subjects showed seroconversion within a week, both of whom were confirmed SARS-CoV-2 infection, one was confirmed on the first round of PCR, and the other was confirmed on the third round of PCR.


TABLE 2 Characteristics of 56 SARS-CoV-2 infections.
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FIGURE 1
 Results of SARS-CoV-2 screening. Abbreviations: SARS-CoV-2, severe acute respiratory syndrome coronavirus 2; PCR, polymerase chain reaction to detect SARS-CoV-2; Ab, total anti-SARS-CoV-2 antibody level.




The yield of the SARS-CoV-2 screening algorithm

The identification yield of a single round of PCR was only 39.3% (95% CI: 26.1–52.5%). It took at least four rounds of PCR to achieve a yield of 92.9% (95% CI: 85.9–99.8%) (Figure 2). The diagnostic yield of the algorithm based on PCR alone increased as the number of PCR rounds increased. It was noted that the application of an algorithm based on PCR combined with serologic testing greatly improved the screening yield to 98.2% (95% CI: 94.6–100.0%). However, with the addition of serologic testing, the number of false positives increased to 305, which was 5.4 times greater than the number of SARS-CoV-2 infections (Table 3).


[image: Figure 2]
FIGURE 2
 The round of PCR and hunting yield.



TABLE 3 Hunting yield, incremental yield, and number of false positives obtained with different algorithms.
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The cost of different SARS-CoV-2 test algorithms

For the algorithm based on a single round of PCR, 40,689 tests were conducted at a cost of 3,865,455 yuan, and 1,850 tests costing 175,703 yuan were required to detect each case. However, this approach missed 34 (60.7%) SARS-CoV-2 infection cases. To achieve higher yields, the number of tests and the cost associated with the algorithm based on PCR alone rapidly increased as the number of rounds of PCR increased (Table 4). In four rounds of PCR (PCR4) achieving a yield of 92.9%, 162,660 tests were conducted at a cost of 15,452,700 yuan, and 3,128 tests costing 297,167 yuan were requiredfor hunting each case. Relative to the PCR1 algorithm, the test number and cost were increased 4.00-fold and 1.69-fold, respectively. Fortunately, the algorithm based on serologic testing combined with PCR was more effective. With a 98.2% yield, the algorithm based on a single round of PCR combined with a single round of serologic testing (PCR1+ Ab1) required 42,299 PCR and 40,689 serologic tests that cost 6,052,855 yuan. With a similar yield, the cost of PCR1+ Ab1 was 39.2% of that of four rounds of PCR. For hunting one case, 769 PCR and 740 serologic tests were required and cost 110,052 yuan, which was 63.0% of that of the PCR1 algorithm. For the algorithm based on PCR combined with serologic testing, the number of tests required and the cost of discovering one case increased as the round of testing increased, but the yield did not increase significantly (Table 4).


TABLE 4 The costs of SARS-CoV-2 testing algorithms.
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Serologic testing in the population

A total of 170 subjects showed false-positive results, and the false-positive rate was 0.42%. The Ab titers of the asymptomatic, symptomatic, previously infected, and false-positive groups were 43.00 (20.34–109.00) COI, 92.92 (18.63–215.20) COI, 49.98 (10.37–156.8) COI, and 1.99 (1.25–4.28) COI, respectively. A significantly lower titer was found in the false-positive group than in the other groups (Figure 3), with 94.70% of the subjects in the false-positive group showing a value below 20 COI. Within 1 week, seroconversion occurred in one case in the symptomatic group and one case in the asymptomatic group, and the positive rate of SARS-CoV-2 infection reached 100% (Table 5).


[image: Figure 3]
FIGURE 3
 The titer of anti-SARS-CoV-2 antibody. Statistically significant differences correspond to the differences in the antibody titer between the false-positive group and the other groups. Abbreviations: COI, cut-off index. ***p < 0.001.



TABLE 5 Serology testing results of the population.
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Discussion

The rapid hunting of SARS-CoV-2 infection and the quick isolation of patients are currently the most effective means for preventing the transmission of COVID-19 (13, 14). Different countries and regions adopted different SARS-CoV-2 screening algorithms and had different effects (15, 16). The successful hunting of SARS-CoV-2 infection depends heavily on the use of accurate tests performed at the appropriate time. In our study, the diagnostic yield of the algorithm based on one round of PCR was only 39.3%, indicating poor efficiency. At least four rounds of PCR (PCR4) were required to achieve a yield of over 90.0%. The diagnostic yield of the algorithm based on PCR alone increased as the number of PCR cycles increased. Furthermore, relative to the PCR1 algorithm, the test number and cost were increased 4.00 and 1.69-fold, respectively. This is a huge burden for any institution or country. Thus, the feasibility of this approach is highly questionable. Furthermore, 7.14% of infected subjects were missed, representing a huge hidden danger in epidemic control. The highest sensitivity of PCR testing based on nasopharyngeal sampling is observed from 0 to 4 days post-symptom onset, at 89%, dropping to 54% after 10 to 14 days (17). In the later stage of SARS-CoV-2 infection, the sensitivity of PCR was low and might not facilitate the identification. It suggested that the algorithm based on PCR alone could not meet the screening requirements.

Fortunately, it was noted that the use of an algorithm based on serologic testing combined with PCR could easily improve the screening yield to over 90.0%. The diagnostic yield of the algorithm based on a single serologic test combined with a single round of PCR was 98.2%. The success of diagnosis depends heavily on test accuracy and the use of accurate tests at the appropriate time. Serological tests show the lowest sensitivity at 0–7 days after symptom onset and the highest at >14 days (2, 3, 18). The sensitivity of IgG-, IgM-, and TAb-based tests is 25, 34, and 36%, respectively, during the first 7 days after symptom onset but increases to 62, 65, and 80% at 8–14 days post-symptom onset and 90, 85, and 93% after 14 days post-symptom onset (7, 18). In the early stage of SARS-CoV-2 infection, the sensitivity of serological testing was low and might not facilitate the identification. Fortunately, the advantages and disadvantages of PCR and serologic tests complement each other, covering all stages of the disease. The other reasons for the improvement achieved by the combined strategy were as follows. First, the amount of anti-SARS-CoV-2 antibody produced by asymptomatic individuals is similar to that produced by symptomatic individuals. Second, a highly sensitive detection method was used in this procedure. Third, the test time was several days after travel from the site of origin to the destination.

Furthermore, the algorithm based on serologic testing combined with PCR was more effective. With a 98.2% yield, the algorithm based on a single round of PCR combined with a single round of serologic tests (PCR1+ Ab1) required 42,299 PCR and 40,689 serologic tests that cost 6,052,855 yuan. With a similar yield, the cost of PCR1+ Ab1 was 39.2% of that of four rounds of PCR. For hunting one case, 769 PCR and 740 serologic tests were required at a cost of 110,052 yuan, which was 63.0% of that of the PCR1 algorithm. It is worth mentioning that by adding serologic testing, the size of the focus population was reduced from 40,689 to 361. Relative to the algorithm based on PCR alone, the combined approach substantially decreased the number of PCR tests required to obtain a similar yield. Compared with PCR, serologic testing is easier to perform and faster. In addition, blood samples are stable, easy to store, and less likely to contain infectious SARS-CoV-2 virus than respiratory specimens, decreasing the potential risk of infection for laboratory staff (7). Thus, the use of an algorithm based on serologic testing combined with PCR is more practical and inexpensive in the initial epidemic.

With the addition of serologic testing, the number of false positives was increased to 305, which was 5.4-fold more than that of SARS-CoV-2 infections. Serology is another important method for the investigation of SARS-CoV-2 infections (19). Nevertheless, the value of SARS-CoV-2 antibody testing for diagnosis, prevention, and control remains controversial (20). In the present study, total anti-SARS-CoV-2 antibody levels were measured, and the sensitivity for asymptomatic and symptomatic patients was 97.7 and 92.3%, respectively, which is higher than those reported previously (18, 21, 22). However, 170 subjects showed false positives, corresponding to a false-positive rate of 0.42%. Considering the 0.14% prevalence identified in this study, false positives were a great confounding factor. This suggests that serologic testing is not recommended as the primary approach for the diagnosis of SARS-CoV-2 infection (23, 24). A low titer was one of the characteristics of false positivity in the study. If a risk assessment dictates an overriding concern, the cutoff value can be set accordingly (10, 25). To exclude false positives, the cutoff value should be evaluated according to the specific objective and population.

This study has some limitations. First, because the time of subjects was in the early stage of the COVID-19 pandemic, a vaccinated population was not included in this study, and the variants were not involved. Second, the subjects came from all over the world and were highly mobile; thus, it was not possible to obtain a detailed disease course. Third, before boarding their plane, some subjects had been screened for SARS-CoV-2, which caused the true prevalence to be underestimated. Finally, due to the low number of SARS-CoV-2 infections, the relationship between the diagnostic efficacy of serologic testing, symptoms, and the cycle threshold was not determined.



Conclusion

PCR combined with the serologic testing algorithm greatly improved the yield and efficiency of the hunting of SARS-CoV-2 infection. The study provides a reference for a high-performance screening algorithm of PCR combined with serologic testing for the early detection of virus epidemics.
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Background: Timely monitoring of SARS-CoV-2 variants is crucial to effectively managing both prevention and treatment efforts. In this paper, we aim to describe demographic and clinical patterns of individuals with COVID-19-like symptoms during the first three epidemic waves in Mexico to identify changes in those patterns that may reflect differences determined by virus variants.

Methods: We conducted a descriptive analysis of a large database containing records for all individuals who sought care at the Mexican Social Security Institute (IMSS) due to COVID-19-like symptoms from March 2020 to October 2021 (4.48 million records). We described the clinical and demographic profile of individuals tested (3.38 million, 32% with PCR and 68% with rapid test) by test result (positives and negatives) and untested, and among those tested, and the changes in those profiles across the first three epidemic waves.

Results: Individuals with COVID-19-like symptoms were older in the first wave and younger in the third one (the mean age for those positive was 46.6 in the first wave and 36.1 in the third wave; for negatives and not-tested, the mean age was 41 and 38.5 in the first wave and 34.3 and 33.5 in the third wave). As the pandemic progressed, an increasing number of individuals sought care for suspected COVID-19. The positivity rate decreased over time but remained well over the recommended 5%. The pattern of presenting symptoms changed over time, with some of those symptoms decreasing over time (dyspnea 40.6 to 14.0%, cough 80.4 to 76.2%, fever 77.5 to 65.2%, headache 80.3 to 78.5%), and some increasing (odynophagia 48.7 to 58.5%, rhinorrhea 28.6 to 47.5%, anosmia 11.8 to 23.2%, dysgeusia 11.2 to 23.2%).

Conclusion: During epidemic surges, the general consensus was that any individual presenting with respiratory symptoms was a suspected COVID-19 case. However, symptoms and signs are dynamic, with clinical patterns changing not only with the evolution of the virus but also with demographic changes in the affected population. A better understanding of these changing patterns is needed to improve preparedness for future surges and pandemics.

KEYWORDS
COVID-19, Mexico, symptoms and signs, social security, big data


Introduction

Coronavirus disease (COVID-19) originated in Wuhan Province, China, in 2019 (1). It is caused by the SARS-CoV-2 virus which causes mild or severe clinical manifestations that principally affect the respiratory system. The COVID-19 pandemic has had repeated exacerbations as new variants emerge that are more infectious and/or able to evade existing immune defenses (2–7).

Like other RNA viruses, SARS-CoV-2 is prone to genetic evolution creating variants with characteristics that are different from those of their parent strains. Many SARS-CoV-2 variants have been described during this pandemic, but only a few are considered variants of concern because of significant changes in infectiousness, pathogenicity, immune escape, or resistance to treatments (8, 9).

Mexico has experienced at least four waves of COVID. The original strain of SARS-CoV-2 caused the first wave, the second was dominated by the Alpha variant, the third by Delta, and the fourth by Omicron (10, 11).

In Mexico, the first COVID-19 case was identified on February 27, 2020. By March 23, the federal government closed all schools and on March 30 declared a health emergency, suspending all non-essential activities and calling upon the population to stay at home, but without enforcing a lockdown. By June 1, suspended activities were allowed to restart in some areas and with restrictions in terms of capacity. By the end of 2020, most states had restarted activities, although still with some restrictions (12).

COVID-19 vaccination started in Mexico in December 2020 for health professionals. In February 2021 individuals 60 years and older became eligible, followed progressively by including younger individuals by decade. By October 31, 2021 (the period covered in our analyses), an estimated 58.5% of the population had received at least one dose of the vaccine; this increased to 77.7% by the end of 2022 (13). Available data on vaccination coverage indicates that by the second semester of 2021, 73.8% of all individuals 18 years and older received at least one dose of the COVID-19 vaccine, with an increasing proportion by age going from 51.3% among those 18–29 years, 76.8% among those 30–39 years, 82.5% for those 40–49 years, 85.4% for those 50–59 years, and 87.3% for those 60 years and older, with negligible differences by sex (14).

Monitoring the emergence of new SARS-CoV-2 variants is crucial to effectively managing prevention efforts (including vaccine recommendations) and treatment recommendations in light of emerging resistance to existing treatments (10, 11).

This study aims to describe and analyze the clinical and demographic characteristics of COVID-19 cases across the first three waves in patients treated at the Mexican Social Security Institute (IMSS).



Methodology

This study is a cross-sectional analysis of the data recorded in the Epidemiological Surveillance Online Notification System (SINOLAVE) of the Mexican Social Security Institute (IMSS). We have previously described the data sources (15). SINOLAVE includes data of all people with symptoms suspicious of COVID-19 who were treated in IMSS health facilities, regardless of whether they were IMSS beneficiaries or not.

We included all cases from the SINOLAVE dataset from March 2020 through October 2021. The database included the most relevant symptoms and signs (16).

We used “suspect case” and “severe case” as defined by the Ministry of Health of Mexico. A suspect case is a person with at least one major sign or symptom (cough dyspnea, fever or headache) and at least one of the minor signs or symptoms (myalgias, arthralgias, odynophagia, chills, chest pain, rhinorrhea, polypnea, anosmia, dysgeusia, and conjunctivitis). A severe case is a suspect case who also presents with dyspnea or chest pain (17).

We considered three pandemic waves based on a visual examination of the pandemic curve: March-October 2020, November 2020 to March 2021, and April 2021-October 2021, inclusive.


Data analysis

Individual observations were classified according to their SARS-CoV-2 status (untested, and tested positive/negative), as well as by epidemic wave. We then compared their demographic characteristics, as well as the prevalence of signs and symptoms. Because the demographic characteristics of people with COVID-like-symptoms vary across the waves, we standardized the prevalence of signs and symptoms using the age and sex distribution of wave 2. We also estimated the prevalence of signs and symptoms by age group and sex.

During the first wave most of the test results reported were from PCR assays; during waves 2 and 3 rapid tests were more common. For the analysis reported here we did not distinguish between the diagnostic test used, as this was the approach at IMSS for immediate clinical decisions based on the high sensitivity and specificity of the rapid tests (18, 19). If any test had a positive result, the person was assumed to be positive. Overall, 68% of cases were confirmed with rapid test, from almost none in the first wave, to 53% during the second wave and 89% during the third wave.

Given that the analysis used all recorded cases, we treated this group as a census of all individuals who sought care at IMSS and were considered suspect COVID cases. We tested the difference in the age and sex standardized proportions for each sign and symptom between wave 1 and 2, wave 1 and 3, and wave 2 and 3 using a z-test between each pair of waves' proportions.

This descriptive analysis was implemented in Stata software version 15.




Results

We analyzed data from 4.48 million individuals who sought care at IMSS health facilities and were identified by healthcare providers as suspect COVID cases between March 1st, 2020, and November 30, 2021. Approximately 75% of the cases (3.38 million) were tested for SARS-CoV-2, either with PCR or a rapid test; the remaining 25% (1.10 million) were not tested (Table 1).


TABLE 1 Characteristics of suspect cases by wave and testing status.

[image: Table 1]

The percentage of patients with COVID-like-symptoms who were tested increased over time: during the first wave 43.7% of suspected cases were tested for SARS-CoV-2, with 67.3 and 93.8% tested in waves 2 and 3, respectively. Including all waves, 40.3% of the tests (1.36 million individuals) tested positive for SARS-CoV-2 (Table 1).

The positivity rate decreased with the increase in the proportion of suspected cases tested: 55.8% were positive during the first wave, 41.4% during the second, and 37.1% during the third (Table 1).


Demographic profile

With respect to the demographic profile of suspect COVID-19 cases, men were overrepresented among those who tested positive while women were overrepresented among those who did not test or who tested negative. During the first wave, men comprised s 52.9, 44.4, and 50.5% of positive cases, negative cases and untested cases, respectively; 50.9, 44.5, and 48.2% during the second wave, and 51.4, 44.1, and 42.5% for the third (Table 1).

Average age decreased over time for the three groups (positive, negative, and untested). Among COVID-positive cases, there was a decrease of ten years in the average age: 46.6 years in the first wave, 43.8 years in the second, and 36.1 years in the third. Average age also decreased among those who tested negative–although to a lesser degree; 41.0 years in wave 1, 37.9 years in wave 2, and 34.3 years in wave 3. Among the untested, the average age was 38.5 years in wave 1, 37.0 years in wave 2, and 33.5 years in wave 3. The average age of positive cases was consistently higher than the other two categories across all three waves (Table 1).

Table 2 shows the change in age distribution through the three epidemic waves by SARS-CoV-2 test status reporting the age- and sex-specific rates per 100 thousand individuals in Mexico. For those with a positive SARS-CoV-2 test, rates were higher for older individuals among males in the first and second waves and then for 20 to 39 in the third wave. For females, higher rates were for those 70 to 79 and 40 to 49 in the first wave, then those 30 to 49 years in the second wave, and finally, those 20 to 39 for the third wave. It is relevant to highlight that while the increase in the rate per 100 thousand individuals from wave 1 to wave 3 for older individuals was about 1.5-fold, it was about 10-fold for those 20 to 39 years and 20-fold for those 0 to 19 years. Age patterns did not change as much for those negative and non-tested.


TABLE 2 Age- and sex-specific rates per 100 thousand individuals of positive, negative and non-tested patients with COVID-like-symptoms.
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Signs and symptoms

Table 3 reports the standardized prevalence of signs and symptoms among all suspect cases by testing status and epidemic wave. Despite the changes over time described above in the characteristics of the population becoming infected and the changes in the virus from wave to wave as new variants become dominant, the five most common signs and symptoms (headache, cough, fever, myalgia, and arthralgia) have not changed. This is true not only among confirmed positive cases but also among negatives and untested suspected cases.


TABLE 3 Prevalence of symptoms among suspect cases by wave and testing status.
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Between the first wave and the third wave, the standardized prevalence of the analyzed signs and symptoms fell, suggesting both a reduction in severity and that presence of signs and symptoms is less sensitive as a method for identifying cases of COVID-19. Among positive COVID-19 cases, the average number of signs and symptoms was 6.9 in the first wave, 6.6 in the second, and 6.1 in the third; among negative cases, the averages were 6.0, 5.4, and 5.2, respectively.

For all signs and symptoms, we rejected the hypothesis of equal proportions between waves 1 and 2, 2 and 3, and 1 and 3 with a significant level of 1% at a two-tailed test for those positive for SARS-CoV-2. For those negative for SARS-CoV-2, only for headache was no difference between waves 2 and 3 (all other differences were significant at 1% for a two-tailed test). For those non-tested, no differences were found for odynophagia between waves 1 and 3, rhinorrhea between waves 1 and 2, and shaking chills between waves 2 and 3.

Using the Ministry of Health's definition of suspect cases and severe cases, 72.3, and 41.3% met these criteria among those who tested positive in the first wave. These proportions decreased to 66.3 and 18.5% in the third wave. Amongst those who tested negative, these percentages were 60.6 and 28.5% in the first wave, and 52.0 and 12.8% in the third. Among those not tested, 18.8% met the criteria for severe cases in the first wave, decreasing to 9.7% in the third.

As presented in Figure 1, there is a clear age pattern in most signs and symptoms for those with a positive test for SARS-CoV-2, except for fever. There are different age patterns: the most common signs and symptoms (cough, headache, myalgia, and arthralgia) present an inverted “U” shape, that is, a higher prevalence among middle-aged groups compared to younger and older ones. For others, such as general debilitation, dyspnea, thoracic pain, and prostration, the prevalence increases with age, with large differences between younger and older groups. Finally, abdominal pain has a “U” shape, with higher prevalence among younger and older groups compared to middle-aged groups. Differences by sex are minor.


[image: Figure 1]
FIGURE 1
 Prevalence of signs and symptoms among those with COVID-like-symptoms that were positive, negative or not-tested for SARS-CoV-2 by wave, age group, and sex.


For those with a negative test, the patterns are similar, although in this group fever for waves 2 and 3 presents a “U” shaped distribution, that is, higher prevalence among younger and older individuals compared to those middle-aged. Among those not-tested, the most common pattern is increased prevalence with age.




Discussion

This study analyzes the clinical characteristics of individuals who presented with COVID-like-symptoms at IMSS facilities from March 2020 through October 2021, during which three pandemic waves occurred. Our results show fewer cases were confirmed during the first wave and a higher proportion of those tested were positive compared with the two subsequent waves. In waves 2 and 3, more cases were confirmed, but the proportion tested was higher and the proportion testing positive decreased. These findings were not unexpected, given the increasing availability of both PCR and rapid tests over time.

We also show that the age distribution of patients changed with each pandemic wave, with the younger groups forming a progressively larger share of total patients: those <10 years old went from 1.4 to 4.4%, and similar changes occurred with for those 10 to 19 and 20 to 29 years old. This may be related to susceptibility, as older individuals were affected earlier–and vaccinated earlier– and thus the virus moved to more susceptible individuals.

We also observed significant differences in the presenting clinical characteristics of patients with suspected COVID over time that are consistent with studies in other locations that suggest that viral mutations are related to changes in symptomatology; that is, different viral variants may produce different constellations of symptoms (20), as well as the different severity of disease (21). The proportion of patients presenting with rhinorrhea and odynophagia (runny nose and painful swallowing) increased and the proportion presenting with dyspnea (shortness of breath) and generalized malaise decreased.

When we approached the analysis of the IMSS data on the demographic and presenting clinical characteristics of the population suspected of COVID, we expected to find relatively little change in the demographic characteristics of the population over time and large differences in signs and symptoms due to the differences in severity across variants (20). What we encountered was the unexpected. There were dramatic differences in the age pattern of people becoming infected over time, differences that are explainable in part due to the differential access to vaccines by age. Part of the differences may be due to the fact that the most susceptible populations were infected early and were, therefore, less susceptible in subsequent waves (22), but it is difficult to explain the observed changes with that explanation alone. It may also be that different variants exhibit different age-specific infectivity as has been suggested previously (16, 23). We present no evidence regarding the potential causes of the changes we observed over time but suggest that this is worthy of further epidemiological investigation.

Our analysis identified differences in the clinical profile of untested individuals compared to those tested that are consistent with previous studies in other countries (24), suggesting that at least during the first wave (when the untested represent a larger percentage of all suspected cases), available tests were used preferentially for patients presenting with more COVID-related symptoms. We are unaware of any related explicit policies. However, even in the first wave a preference for testing those who were more symptomatic was not implemented uniformly as 46.6% of the untested cases met the definition of a suspect case and 18.8% of a severe case.

The set of COVID-associated signs and symptoms that have been collected from suspect cases since the beginning of the pandemic do not perform well to predict SARC-CoV-2 infection and have lost specificity over time. This suggests that it would be useful to reevaluate the existing signs and symptoms collected as part of COVID surveillance to question both the utility of continuing to collect the current set as well as the possibility of including others that might improve the predictive value among individuals who seek care.

The main limitation of our study is that data on signs and symptoms are reported by individuals or their relatives, so they may reflect reporting bias. Also, the quality of the data in the reporting system may be variable depending on the data entry process in each facility. Our analysis includes all cases reported by IMSS, the largest provider of health services in Mexico. Also, as the pandemic evolved, greater knowledge of diagnosis and treatment may affect testing decisions. While changes in testing procedures and decisions are not well documented, there is no evidence that this could be related to the reported characteristics of the individuals.

During epidemic surges the common understanding was that any individual presenting with respiratory symptoms was very likely to be a COVID-19 case. However, as the number of cases declines, COVID vaccination rates increase, and isolation measures are relaxed, the probability that a patient presenting with respiratory symptoms has a different infectious etiology increases. It is difficult to imagine that we will ever return to pre-pandemic levels of symptomatic treatment of all but the most severe respiratory infections. It is much easier to imagine that home rapid tests will start to include additional antigens (e.g., influenza virus, RSV, etc.) in addition to SARS-CoV-2 so that surveillance efforts can focus more quickly on outbreaks of atypical pathogens, including new SARS-CoV-2 variants. An alternative future is one where pandemic fatigue dominates and the population tires of distinguishing COVID from other respiratory infections, leading to underestimation of future COVID surges.
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COVID-19 has taken a huge toll on our lives over the last 3 years. Global initiatives put forward by all stakeholders are still in place to combat this pandemic and help us learn lessons for future ones. While the vaccine rollout was not able to curb the spread of the disease for all strains, the research community is still trying to develop effective therapeutics for COVID-19. Although Paxlovid and remdesivir have been approved by the FDA against COVID-19, they are not free of side effects. Therefore, the search for a therapeutic solution with high efficacy continues in the research community. To support this effort, in this latest version (v3) of COVID-19Base, we have summarized the biomedical entities linked to COVID-19 that have been highlighted in the scientific literature after the vaccine rollout. Eight different topic-specific dictionaries, i.e., gene, miRNA, lncRNA, PDB entries, disease, alternative medicines registered under clinical trials, drugs, and the side effects of drugs, were used to build this knowledgebase. We have introduced a BLSTM-based deep-learning model to predict the drug-disease associations that outperforms the existing model for the same purpose proposed in the earlier version of COVID-19Base. For the very first time, we have incorporated disease-gene, disease-miRNA, disease-lncRNA, and drug-PDB associations covering the largest number of biomedical entities related to COVID-19. We have provided examples of and insights into different biomedical entities covered in COVID-19Base to support the research community by incorporating all of these entities under a single platform to provide evidence-based support from the literature. COVID-19Base v3 can be accessed from: https://covidbase-v3.vercel.app/. The GitHub repository for the source code and data dictionaries is available to the community from: https://github.com/91Abdullah/covidbasev3.0.
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1. Introduction

The global COVID-19 pandemic led to millions of deaths and imposed a huge burden on the economy worldwide (1). The vaccine rollout was not able to curb the fast spread of all COVID-19 variants (2), and vaccine availability is still far from what is required (3). As a result, there are still a considerable number of people infected with this novel coronavirus SARS-CoV-2 worldwide, which suggests that equal access to vaccines across the world needs to be reinforced, particularly in low- to middle-income countries (4). Therefore, there is an urgent need to repurpose well-tolerated existing drugs with high efficacy that can be easily administered to curb the disease progression of COVID-19. Hundreds of drugs have already been tested on COVID-19 patients, mostly in hospitals, resulting in a large amount of data of varying quality (5). The guidance issued globally followed this data to some extent; for example, the FDA recommended dexamethasone for hospitalized patients who require oxygen or mechanical ventilation, and the use of tocilizumab further improves survival. Recently, the FDA has approved the use of PaxlovidTM (nirmatrelvir and ritonavir) as a prescribed drug for COVID-19; however, it is not free from side effects and concomitant use of PaxlovidTM with statins may result in an adverse drug interaction (6). Therefore, the scientific community is still looking for effective therapeutic treatment options for COVID-19.

There are only a few studies available regarding the automated searching of COVID-19 drugs. The Chinese Antibody Society launched the “COVID-19 Antibody Therapeutics Tracker” (also called “Tracker”) program in March 2020 to track antibody-based COVID-19 intervention plans in preclinical and clinical development (7). This tracker presents the analysis and visualization of COVID-19 antibody development for over 150 research programs as of the 8th August 2020. The collected data is categorized by different targets and development status, as well as country of origin. Various public domain resources, such as published literature, preprints, official websites, news feeds, social media, and government databases, were also used for data collection.

A user-friendly platform (CO-19 PDB; COVID-19 Pandemic Data Base) for COVID-19 research was developed by Ullah et al. (8). A total of 59 databases were gathered into the CO-19 PDB database between December 2019 and May 2021 and the data was organized into six different categories, namely databases for (a) digital images, (b) genomic information, (c) literature collection, (d) visualization tools, (e) chemical structure, and (f) social science-related information. These databases concentrate on extracting a variety of information, such as genomic sequences, images, the latest news updates, reports, articles, and books. Yang et al. developed the “COVID-19 Antibody Therapeutics Tracker” to track antibody-based preclinical and clinical interventions globally to combat COVID-19 (7). The authors mentioned that two antibodies, CD6 and IL-6R, have been approved for the drugs itolizumab and levilimab, respectively, and 217 antibodies are in different phases of clinical trials. The authors stopped tracking this after August, 20211 and no recent version of the database has been released for the community. Recently, Jaber et al. highlighted the list of ongoing clinical trials of potentially effective drugs for treating COVID-19 in the Gulf Cooperation Council (GCC) countries (9). The authors categorized the drugs in clinical trials into five categories: (a) antiviral (e.g., remdesivir, favipiravir, and darunavir); (b) antiviral repurposed (e.g., hydroxychloroquine, artemisinin, ACE Inhibitors, etc.); (c) anti-inflammatory (e.g., tocilizumab, zafirlukast, anakinra, pioglitazone, etc.); (d) anti-coagulant (e.g., bivalirudin); and (e) miscellaneous (e.g., rivaroxaban, estrogen, iloprost, etc.).

Recently, we developed a knowledgebase, COVID-19Base v2 (10), that highlights COVID-19-related biomedical entities by orchestrating natural language processing techniques, sentiment analysis, and neural networks. To the best of our knowledge, this was the first knowledgebase related to COVID-19 drugs and which also highlighted potential biomedical entities linked to COVID-19 by literature mining. To mine scientific evidence linked to COVID-19, we considered six topic-specific dictionaries (i.e., diseases, Protein Data Bank, drugs, side effects of drugs, genes, and miRNAs). In a co-occurrence-based approach, drug-disease, gene-disease, drug-PDB, and their corresponding sentences from the literature were extracted. The authors used the pre-trained model TextBlob (11), and an unsupervised model based on K-means clustering and the Word2vec model, to determine the sentiment of scores for each disease-drug pair. Subsequently, the authors identified 1,805 diseases, 2,454 drugs, and 1,910 genes associated with coronavirus-related diseases, including COVID-19, through literature mining.

With the above backdrop, it is clear that the scientific community is still trying to find an effective and well-tolerated drug for COVID-19. This ongoing global effort will require the integration of different biomedical entities that are relevant to the infection and the progression of the virus. Therefore, in this paper, we improved our knowledgebase, transitioning it from version 2 to version 3, with the overarching aim of supporting the community in their quest to find a therapeutic treatment for COVID-19. We updated our knowledgebase by adding more entities, i.e., long non-coding RNAs (lncRNAs), alternative medicines (AMs), lncRNA-disease association, and AM-disease associations. Moreover, we considered the recent corpus of literature and clinical trials to provide evidence-based support for the research community.



2. Materials and methods


2.1. Dataset collection

We examined the COVID-19 Open Research Dataset (CORD-19) (12). This dataset covers scholarly articles related to COVID-19 and other diseases related to the coronavirus family (e.g., MERS and SARS). The query “COVID-19” OR “Coronavirus” OR “Corona virus” OR “2019-nCoV” OR “SARS-CoV” OR “MERS-CoV” OR “Severe Acute Respiratory Syndrome OR Middle East Respiratory Syndrome” was used to collect literature from PubMed, PubMed Central, medRxiv, and bioRxiv. CORD-19 has accumulated literature since March 2020 and is still updating the database with relevant literature. For our study, we collected literature that was published after the vaccine rollout, starting from January 2021 up to April 2022, covering 414,899 articles with a unique “cord_uid”. We considered only the abstract of the literature corpus as we only had limited computational resources.



2.2. Dictionary collection

To prepare this knowledgebase, we used multiple well-known publicly available dictionaries for drug, disease, gene, miRNA, lncRNA, etc. We collected the drug names from DrugBank (13) and the side effects of drugs from SIDER (14). Disease names were collected from Disease Ontology (15). Genes, miRNAs, lncRNAs, and PDB entries were collected from HGNC (16), miRBase (17), GENCODE (18), and the Protein Data Bank, respectively. Disease-gene associations were collected from DisGeNET (19). For alternative medicines (AM), we only considered a list of entities mentioned by Jaber et al. (20) and registered with the ClinicalTrials registry2 up until May 2022.



2.3. A deep-learning model for drug-disease association

For predicting drug-disease association or AM-disease association, three independent curators reviewed 828 records from the literature and manually labeled them as positive or negative (available in GitHub). We used these records to train and validate our machine-learning model. In our training set, we manually annotated 526 sentences as positive samples (drug is reported to control the disease or there is no adverse effect of the drug on the disease) and the remaining 302 sentences as negative (the condition of the patient deteriorates or there is an adverse effect of the drug on the disease). We classified these sentences as positive or negative. The distribution plot for the length of all sentences is shown in Figure 1A, and the word cloud is shown in Figure 1B.


[image: Figure 1]
FIGURE 1
 (A) Distribution of length from the manually annotated sentences. (B) Word cloud from the manually annotated sentences.


We used Word2vec (21) embedding to represent the sentences and bidirectional LSTM (BLSTM) (22) to build our model. For Word2vec embedding, we considered a fixed length of 400 from each sentence. The Word2Vec method takes a text corpus as input and outputs word vectors; it then creates a vocabulary from the training text input and then learns word vector representation. We made a corpus of 2,000 words. We fine-tuned the BLSTM with 15 units and a dense layer with 64 units. The architecture of our model is shown in Figure 2. The model has 640,269 parameters, of which only 39,969 were trainable parameters for BLSTM. Network parameters from the earlier layers were frozen. We divided the dataset into training and validation sets in which 20% of the dataset was used for validation purposes. We trained the model with 100 epochs with a batch size of 32. We used the Adam optimizer (23) with a learning rate of 0.01 and binary-cross entropy as a loss function. Additionally, we used early-stopping with a patience value of 40 on the validation loss.


[image: Figure 2]
FIGURE 2
 Deep-learning model architecture with a Word2Vec embedding layer with BLSTM for drug-disease association.




2.4. Association between disease and genes and RNAs

Protein coding genes, miRNAs, lncRNAs, and disease association were computed based on cosine similarity following the methodology of COVID-19Base v2 (10). Briefly, we extracted the co-occurrence of disease name and other biomedical entities (gene, miRNA, and lncRNA) in the same sentence of the corpus. Then, we represented the sentences using Word2Vec (21). We considered the associations available in DisGeNet as the gold standard and built a model to predict the association between disease and other biomedical entities (gene, miRNA, and lncRNA; Figure 3). The association score was labeled as “high,” “low,” “medium,” or “verified” based on its closet distance from the maximum, minimum, average, and verified value of DisGeNet scores, respectively. For further details see Khan et al. (10).


[image: Figure 3]
FIGURE 3
 Computational workflow for finding associations between disease and genes and RNAs.




2.5. COVID-19Base web server development

For the development of the COVID-19Base v3 web server, we considered a three-tier implementation plan, including a presentation layer, a business layer, and a persistence (database) layer. Additionally, we permitted users to be able to sort and download the query outcome from the web server. The following describes what each layer is responsible for, what technologies they involve, and how they interact with each other (Figure 4).

1. Presentation layer—user interface (UI): represents the front end of the application. It includes static content and dynamic interface elements that users see on the web page. The environment is typically a browser; the technologies used are HTML, CSS, and JavaScript. We used a React JavaScript framework to build the UI of the COVID-19Base knowledgebase. React is a declarative JavaScript structure for making dynamic client-side applications in HTML. React builds complex interfaces out of simple components, connects them to data on your backend server, and leaves them as HTML. It handles tasteful data-driven interfaces with ease. Additionally, it has all the constructs for building a modern web framework, such as great support for forms, error handling, events, and lists.

2. Business logic or application layer (BLL): part of the application backend contains the app's business logic and defines internal flows for requests and data. The environments used are a server or infrastructure as a service (IaaS), platform as a service (PaaS), or serverless cloud platforms. The programming languages used for this tier are Java, Python, PHP, JavaScript, or Ruby. We used the Laravel PHP framework to build the COVID-19Base knowledgebase.

3. Persistence or data access layer (DAL): part of the application backend that includes databases and database management systems (DBM) responsible for collecting, managing, and storing information. The environment could be servers, IaaS, PaaS, or serverless cloud platforms. The database management systems (DBMS) are MySQL, MongoDB, PostgreSQL, MariaDB, Oracle RDBMS, or Redis. We used MariaDB to build the COVID-19Base knowledgebase. MariaDB is an SQL-based database that supports ACID (atomicity, consistency, isolation, and durability)—based data processing for transactions. Atomicity ensures that every transaction is viewed as a single “unit” that totally succeeds or completely fails. If any of the statements that make up a transaction are unsuccessful, the entire transaction is unsuccessful and the database is left untouched. Consistency ensures that a transaction can only bring the database from one valid state to another valid state. Isolation ensures that the concurrent execution of transactions leaves the database in the same state as the sequential execution of the transactions. When a transaction is committed, durability ensures that it will be committed even in the event of a system failure or disaster.


[image: Figure 4]
FIGURE 4
 Three-tier architecture implementation for the COVID-19Base v3 webserver.





3. Results


3.1. Overall statistics of the biomedical entities in COVID-19Base

Table 1 shows the overall statistics regarding the list of biomedical entities and their association pairs in our knowledgebase. In the current version (v3) of our knowledgebase, we highlighted 4,521 drugs, 2,336 diseases, 2,793 genes, 846 miRNAs, 74 lncRNAs, and 19 AMs. Additionally, we highlighted the association of 96,931 drug-disease pairs, 13,660 drug-PDB pairs, 9,346 disease-gene pairs, 4,458 disease miRNA pairs, and 290 disease-lncRNA pairs. Table 1 also highlights the associations that are related to COVID-19.


TABLE 1 Summary statistics of the knowledgebase.

[image: Table 1]



3.2. Performance of the deep-learning-based model for drug-disease associations

We applied fivefold cross validation (CV) to evaluate our model. Figures 5A, B show the confusion matrix and classification report of our model, respectively. There was no misclassification in the positive class; however, five negative samples were classified as positive samples. A weighted accuracy of 97% was achieved by the model, and >90% precision, recall, and F1-scores were achieved for both positive and negative classes.


[image: Figure 5]
FIGURE 5
 (A) Confusion matrix for the testing data. (B) Classification report on the testing data.




3.3. Drugs extracted to the knowledgebase

In our knowledgebase, we found 4,521 unique drugs that were associated with different diseases mentioned in the CORD-19 literature. Many of these drugs were associated with COVID-19. Recently the FDA approved Paxlovid for treating COVID-19 patients. Paxlovid is reported to be 89% effective for patients with serious COVID-19 symptoms (24, 25). Ritonavir was found in our knowledgebase, which is packaged with Nirmatrelvir as Paxlovid and is effective with a positive score of 98% in the treatment of COVID-19 patients. But Paxlovid is not free from side effects (26) and extreme care should be taken prior to finalizing the proper dosage with other treatment options. Therefore, in our knowledgebase, we incorporated the list of side effects, collected from the SIDER database, for all the drugs extracted from the literature. Recently, the FDA issued an emergency use authorization for tocilizumab for treating hospitalized adult COVID-19 patients and pediatric patients of 2 years of age or more.3 Additionally, our computational workflow recognized tocilizumab against COVID-19, sarcoidosis, cholangitis, and different types of cancer. Thus, further investigation on this drug is warranted in the near future. Recent studies have also shown that tocilizumab reduces the risk of mechanical ventilation in hospitalized COVID-19 patients (27). Other studies showed that a tocilizumab treatment group had lower mortality compared with the control group (28), and tocilizumab-based treatment reduces the 28–30-day all-cause mortality rate, ICU admissions, superinfections, and mechanical ventilation (MV) (29). In terms of antiviral drugs in our knowledgebase, we found remdesivir and nine other antiviral drugs: favipiravir, ganciclovir, lopinavir, oseltamivir, peramivir, ribavirin, ritonavir, sofosbuvir, and umifenovir. Remdesivir was issued emergency use authorization by the FDA on the 1st May 2020 for hospitalized COVID-19 patients (30). Later, on the 22nd of October 2020, the FDA approved remdesivir for use with COVID-19 adults and pediatric patients requiring hospitalization (30). Additionally, our knowledgebase classified remdesivir as an effective drug against COVID-19, with a positive score of 95%.



3.4. PDB extracted to the knowledgebase

In our knowledgebase, we incorporated 950 unique PDB entries associated with 1,366 unique drugs extracted from the literature. The SARS-CoV-2 proteins that have been commonly pharmacologically targeted so far to treat COVID-19 include RNA-dependent RNA polymerase (RdRP) and main protease (Mpro). For example, Mpro has been targeted with PaxlovidTM, which is a combination of nirmatrelvir and ritonavir, whereas RdRP has been targeted with molnupiravir. Indeed, our analysis was able to capture these and several PDB entries found in the database belonging to these proteins. For example, one of the PDB entries, 5R7Y, represents Mpro in complex with the compound named Z45617795 and is associated with geranylgeranyl diphosphate, atazanavir, danoprevir, remdesivir, selinexor, amino acids, lisinopril, ATP, bafilomycin A1, and defibrotide in the COVID-19Base 3.0 [https://covidbase-v3.vercel.app/PDBs/5R7Y]. Similarly, the PDB entry 7BAK represents Mpro in complex with the inhibitor ebselen and is associated with ebselen, urea, trypsin, and formic acid. On the other hand, PDB entry 6WZO, which corresponds to the SARS-CoV-2 nucleocapsid dimerization domain, is associated with ivermectin, camostat, and ebselen. Additionally, we found many PDBs in our knowledgebase, such as 5REA, 6LU7, 6LZE, and 7AGA, that are related to Mpro, highlighting the continuous effort from the research community to understand the Mpro-related mechanism to inhibit the replication and infection of SARS-CoV-2 (31). Overall, our knowledgebase contains a 21,570 unique combinations of drug-PDB records, indicating the huge effort made by the research community to understand the underlying interaction mechanism between drugs and their target proteins.



3.5. Genes extracted to the knowledgebase

In addition to COVID-19-associated PDB entries and drug combinations, we attempted to include human genes that could be linked to other diseases mentioned in the DO database (15). Our analysis identified 2,793 human genes associated with various diseases, including those associated with cancers (such as BRCA1 and BRCA2) and cardiovascular diseases (such as PDE4D). Selecting COVID-19 under the search bar of our knowledgebase will show all genes that have been shown to be associated with this disease. So far, we have found an association of COVID-19 with 1,315 genes. Further, we have classified each such association as “low”, “medium”, and “high” to provide a better understanding of the disease-gene interaction. Additionally, we have included the abstract and the digital object identifier (DOI) of the publication that was used for the analysis. For instance, the gene ABCA3 (ATP-binding cassette subfamily A member 3, which encodes a protein that is involved in the transport of various molecules from the extracellular to the intracellular side) shows a low level of association with COVID-19 (32). The gene EPHB4 (EPH receptor B4, which encodes a protein that is involved in the development of the nervous system and other systems in humans) shows a medium level of association with COVID-19 (33). Similarly, the gene STAT1, which encodes for the STAT1 protein involved in cytokine signaling, also shows a medium level of association with COVID-19 (34).



3.6. MiRNAs and LncRNAs extracted to the knowledgebase

MiRNAs have been considered as molecules with a high potential for discovering drugs for COVID-19 (35). Many miRNAs associated with COVID-19 and other diseases were found in our knowledgebase. For example, the host miR-122, a liver-specific miRNA (36), has been shown to bind the SARS-CoV-2 genome (37). Additionally, miR-122 serves as a cofactor for the binding of hepatitis C virus (HCV) for its pathogenesis. Therefore, miravirsen anti-HCV RNA-based drugs should be tested against SARS-CoV-2 infection. Our knowledgebase identified miR-122 as being associated with COVID-19, suggesting the usefulness of the knowledgebase for drug repurposing. Another example is miR-21, which was shown to be effective in controlling the steatosis of HCV infection (38), as well as controlling inflammation in COVID-19 patients (39). The knowledgebase also highlighted a medium association between miR-21 and COVID-19, with a score of 0.21. Recently, cobomarsen (MRG-106), an oligonucleotide inhibitor of miR-155, was shown to be effective at controlling cellular proliferation and T-cell lymphoma (40). Additionally, our knowledgebase identified a medium association between miR-155 and COVID-19, with a score of 0.24.

Our knowledgebase summarized 16 different lncRNAs associated with COVID-19, including XIST, the lncRNA well-known for its role in X chromosome inactivation, and MALAT1 and NEAT1, two well-studied lncRNAs linked to COVID-19 (41). These lncRNAs were shown to be associated with COVID-19 with high confidence in our knowledgebase. MALAT1 has been shown to be downregulated in severe COVID-19 patients (42) and upregulated in mild COVID-19 patients (43) in CD4+ T cells. NEAT1 has been shown to be differentially expressed in bronchoalveolar lavage (BAL) cells in severe and mild COVID-19 patients (44). Differences in gender-related lethality for COVID-19 is still under investigation by many research groups (45, 46). Interestingly, the protein coding genes for the ACE2 receptor and the immune regulatory protein TLR7 are located on the X chromosome. Recently, Yu et al. suggested that the dysregulation of XIST is involved in the different immune response between men and women in COVID-19 (47).



3.7. Alternative medicines extracted to the knowledgebase

Alternative medicine (AM) as a treatment for disease is an area that has been relatively untapped by the scientific community. However, considering the urgency of the current pandemic and the shortage of medical facilities, AM is being considered as an adjuvant treatment plan for COVID-19 by people across the world (48). Literature mining identified 19 AMs associated with COVID-19 in our knowledgebase. As suggested by Jaber et al. (20), these AMs can be grouped into the following three categories: (a) vitamins and minerals: vitamins B, C, and D, selenium, and sodium bicarbonate; (b) dietary supplements: lactoferrin, resistant starch, and SivoMixx; and (c) herbal: cannabis/cannabidiol, Chinese preparations, fuzheng huayu, Guduchi Ghan Vati, honey, Kan Jang, Nigella/Nigella Sativa, and resveratrol. Among herbal medicines, cannabidiol, one of the constituents of cannabis, has been shown to be effective at blocking SARS-CoV-2 entry to the cell by controlling ACE2 (49). A clinical trial, NCT039444474, is currently investigating the COVID-19 infection rate in medical cannabis users against the infection rate in the general population. In terms of dietary supplements, SivoMixx is being clinically trialed NCT5 in Italy to evaluate its efficacy in controlling acute diarrhea in COVID-19 patients. Lactoferrin is an iron-binding glycoprotein that has been shown to provide defense against pathogens (50). Multiple clinical trials6, 7 are currently in progress to measure the efficacy of lactoferrin against COVID-19. Among minerals, sodium bicarbonate is historically well-known for its use against Spanish Flu in the last century (51). Two clinical trials (NCT046557168 and NCT045304489) are ongoing in the UK and the USA, respectively, to explore its role in the alkalinization of urine to prevent acute kidney injury resulting from progression of COVID-19. The above results indicate that there is an ongoing quest to find an adjuvant treatment plan for COVID-19 that leverages existing AMs. We believe that our knowledgebase will support the proper utilization of AMs during the pandemic based on scientific evidence.




4. Discussion

In the present version (v3) of COVID-19Base, we covered eight biomedical entities and their association with the scientific literature and information from ongoing clinical trials. The previous version (v2) of COVID-19Base was developed based on the literature that was published before the vaccine rollout. In COVID-19Base v2, we identified 2,454 drugs and 1,805 diseases, among other biomedical entities that were mentioned in the literature. During that period, the CORD-19 dataset was covering literature not only for COVID-19 but also for other coronavirus-related diseases, such as SARS and MERS. As a result, the numbers of entities in v2 were higher. However, after the vaccine rollout, researchers were more focused on COVID-19 disease and much of the literature in CORD-19 was focused on the discovery of therapeutic solutions. As a result, the number of unique drugs mentioned in v3 of the COVID-19Base knowledgebase increased significantly. We found 4,521 (as opposed to 2,454 in v2) drugs and 2,336 (as opposed to 1,805 in v2) diseases mentioned in the current version (v3) of COVID-19Base.

In our knowledgebase, we systematically incorporated COVID-19 and other diseases and their association with drugs and the side effects of drugs, PDB entries, protein-coding genes, miRNAs, lncRNAs, and AM. Our knowledgebase incorporates all of these biomedical entities in a single platform, making it convenient for researchers to formulate holistic ideas about all COVID-19-related entities. Moreover, we could not find any such knowledgebase in the literature regarding COVID-19.

Finally, a brief discussion on the methodical advances of COVID-19Base v3 over its predecessor (i.e., COVID-19Base v2) is in order. Among others, a notable difference lies in the use of a more sophisticated deep-learning model architecture with a Word2Vec embedding layer with a bidirectional LSTM model for drug-disease association. This is in contrast to v2, in which a relatively simple deep neural network model was used with three features, namely the minimum distance between the disease and the drug terms in the corresponding sentences, the polarity found from the pre-trained TextBlob model, and the sentiment score from an unsupervised model (based on K-means clustering and the Word2Vec model). This sophisticated model in combination with two other factors, namely a more careful manual curation for the ground truth and a more COVID-19-focused dataset (i.e., the latest version of CORD-19), resulted in a huge boost in model performance. It is important to emphasize that in COVID-19Base v3 we provided the sentiment score for each individual sentence related to drug-disease pairs. Therefore, the sentiment score for each individual sentence might look confusing considering our overall knowledge of the efficacy of a drug against COVID-19. For example, in COVID-19Base v3, many sentences related to hydroxychloroquine and COVID-19 pairs were positive as well as negative. Additionally, we know that hydroxychloroquine showed promising results at the early stage of COVID-19, but gradually over time, through multiple research experiments, it was shown to be ineffective against COVID-19 (52). Therefore, users need to consider the sentiment of each sentence in COVID-19Base v3 as a source of evidence for a particular study and should not consider it as a holistic sentiment of a drug-disease pair.

Our study has some limitations that should be addressed. We used literature from the CORD-19 dataset but there are other databases collecting COVID-19-related literature, such as LitCovid (53). Therefore, we may have missed some articles that were collected by those databases. However, overall, the coverage of the CORD-19 dataset is huge and is widely accepted in the community. Moreover, given the limitations of our computational capacity, we focused on literature abstracts, unless otherwise mentioned. However, we believe this also provides much cleaner results than the mining of full literature texts. For AM, many clinical trials have not issued a particular outcome and some of them are suspended, withdrawn, or terminated. Therefore it was difficult to reach any conclusion on the efficacy of AM from the clinical trials registry. Additionally, target structures and their interacting compounds were not linked through the PDB and PubChem databases. In future, we will consider incorporating this link to make this knowledgebase more informative.
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Introduction: The worldwide COVID-19 pandemic, which began in December 2019 and has lasted for almost 3 years now, has undergone many changes and has changed public perceptions and attitudes. Various systems for predicting the progression of the pandemic have been developed to help assess the risk of COVID-19 spreading. In a case study in Japan, we attempt to determine whether the trend of emotions toward COVID-19 expressed on social media, specifically Twitter, can be used to enhance COVID-19 case prediction system performance.

Methods: We use emoji as a proxy to shallowly capture the trend in emotion expression on Twitter. Two aspects of emoji are studied: the surface trend in emoji usage by using the tweet count and the structural interaction of emoji by using an anomalous score.

Results: Our experimental results show that utilizing emoji improved system performance in the majority of evaluations.
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1. Introduction

Almost 3 years have passed since the beginning of the worldwide COVID-19 pandemic at the end of 2019. The pandemic has been causing severe global problems in many aspects of life. During a pandemic, information availability is critical to helping people get through the hardships. Social media in particular has been a prevalent source of COVID-19 related information (1, 2). A questionnaire survey of 1,003 US-based adults by Neely et al. (1) showed that 76% of the respondents relied at least somewhat on social media for COVID-19 related information, that 59% read COVID-19 related information on social media at least once per week, and that 63.6% were unlikely to check facts with a healthcare professional. A cross-sectional study among university students in Germany by Dadaczynski et al. (2) showed that 37.6% (5,302/14,092) of the respondents used social media occasionally or frequently to search for information on COVID-19 and related issues.

Social media has been shown to reflect social mental states. An analysis of Facebook posts by Settanni and Marengo (3) revealed that, overall, the expression of negative emotions positively correlated with anxiety, depression, and stress symptoms and that negative emoji usage positively correlated with anxiety symptoms. Park et al. (4) found that the use of words related to negative emotions and anger significantly increased among Twitter users with major depressive symptoms compared with those otherwise. Wald et al. (5) showed that the traits in the Big 5 Personality Index (6) (agreeableness, conscientiousness, extroversion, neuroticism, and openness) and those in the Dark Triad (7) (psychopathy, Machiavellianism, narcissism) could be predicted for social media users from their Twitter posts (“tweets”) with rather good accuracy (area under the ROC curve of 0.736).

Furthermore, several studies have revealed that social media users tend to exhibit negative emotions toward COVID-19 progression. Wheaton et al. (8) showed that “time interacting with social media did predict symptoms of depression and stress, but not anxiety or OCD (obsessive-compulsive disorder) symptoms.” Arora et al. (9) showed that “people with a negative sentiment are more susceptible to addictive use of social media.” An analysis of Twitter data for February, May, and June, 2020, by Kaur et al. (10) showed that the highest percentage of tweets belonged in the “negative” category. Toriumi et al. (11) showed in their analysis using Twitter data for Japan that social emotions toward COVID-19 from February to April, 2020, were mainly influenced by “fear.” Another analysis of Twitter data by Dyer and Kolic (12) revealed “evidence of psychophysical numbing: Twitter users increasingly fixate on mortality, but in a decreasingly emotional and increasingly analytic tone.” Social media can thus cause severe mental health problems including high levels of stress, anxiety, and contagious fear (13, 14). Furthermore, high levels of COVID-19 misinformation and fake news can exaggerate perceived risk (15). Nevertheless, regulating fake news content is still a challenging problem (16).

This study was aimed at determining whether COVID-19 related emotion trends on Twitter can enhance COVID-19 case prediction in Japan. The core idea is that emoji usage is a potential proxy that captures user emotions from user contents. Emoji are digital images depicting simple but eye-catching illustrations including facial expressions (e.g., [image: yes]) for expressing emotional messages effectively as social media users share a common understanding of emoji and use them on social media as non-verbal communication cues to assist communication (17–20). Several studies have focused on capturing emotion from texts including posts on Twitter (“tweets”), for example, sentiment analysis (21), and emotion analysis (22). However, accurately understanding emotional tweets by using full-text analysis is still a challenging task. Therefore, shallow emotion analysis using emoji is instead an attractive approach, especially since it is applicable in multilingual contexts. Our utilization of emoji was done from two perspectives: the surface trend of emoji by tweet count analysis and the structural interaction of emoji by anomalous score computation. Furthermore, we built an ensemble of long short-term memory (LSTM) models (23) to perform the target COVID-19 case prediction task, which is described in the next section.

Our data collection shows that the top popular emoji used in Japanese tweets are facial expressions that representing several emotions including happiness, sadness, fear, and anger. From the results by the previous studies, we hypothesize that the social media emotion reaction relates to emotional behavioral changes influencing COVID-19 epidemic progression, so the social media emotion reaction captured from the data of those top popular emoji can help improve our COVID-19 case prediction system.

Even though there are studies of COVID-19 case prediction systems that use data from social media, particularly Twitter, the potential of emoji analysis in enhancing COVID-19 case prediction system performance has not yet been well explored. Yousefinaghani et al. (24) collected tweets related to COVID-19 symptoms for building a system to predict COVID-19 outbreaks. Azzaoui et al. (25) performed tweet analysis using common text analysis techniques like term frequency-inverse document frequency without explicit consideration of emotion analysis. Chew et al. (26) mentioned the use of Twitter data as a source of emotional responses toward COVID-19, but they did not perform emotion analysis on the data. Tran and Matsui (27) considered the tweet count of emoji-using tweets but did not perform a breakdown analysis of each emoji.



2. Materials and methods

In this section, we describe in details of our approach to building and evaluating our framework for predicting COVID-19 cases given the past cases and COVID-19 related Twitter data. Our framework illustrated in Figure 1 consists of three major processes: Data Collection (Section 2.1), Anomaly Detection (Section 2.3), and Prediction System Construction (Section 2.4). In the “Data Collection” process, we collect COVID-19 related tweets containing emoji to obtain the social media emotion trends via tweet count and detect anomaly in those trends by analyzing full-text tweets in the “Anomaly Detection” process. After preparing our necessary input data including the social media data and COVID-19 case data from official data sources, we build our COVID-19 case prediction system utilizing LSTM, a deep neural network for time-series modeling, and “ensemble of the best,” as described in the “Prediction System Construction” process. The framework is developed with and evaluated on almost 3 years' worth of data from January 2020 to October 2022.


[image: Figure 1]
FIGURE 1
 General illustration of our framework.



2.1. Data collection

We considered Twitter as the social media platform for this study because of these two main points: 1) Twitter is a top popular social media platform in Japan and 2) Twitter promotes public social media engagements. According to Statista1, Japan ranks 2nd in the number of Twitter users in 2022 after US. According to BigBeat2, Twitter with more than 50 million users ranks 2nd after LINE which focuses on private engagements while Twitter promotes public engagements which can be easily participated by strangers. On top of that, Twitter provides API for researchers to access full historical data.

For the case study in Japan, the data used consisted of COVID-19 infection data and COVID-19 related tweets in Japanese. The COVID-19 infection data were publicly provided by the Japanese Ministry of Health, Labor and Welfare.3 The tweet data were collected using the Twitter API (version 2) with academic research access by matching a set of predefined keywords and emoji whose majority are facial expressions showing several kind of emotions: happiness, sadness, fear, anger, etc. (see Supplementary material) with the top 3 emoji are crying, sweating (may also be seen as raindrop) and smiley emoji. We chose the keywords based on observing Twitter trending phrases related to COVID-19 in Japan with four categories: general posts about COVID-19, posts about the reporting of the number of infections, posts about vaccination, and posts about Japanese government policy—the emergency state declaration and the spread-prevention policy. The details of the settings are shown in Table 1. Since location-tag is off by default and mostly not turned on by users, to select tweets in Japanese, we used the “lang” parameter provided by Twitter API with the language code “ja.” In the period from 2020/01/01 to 2022/09/30, we collected more than 20 million tweets in total. Beside the COVID-19 related tweets, we performed a count of all tweets that matched a predefined set of emoji. The total count was 8 billion for the same period.


TABLE 1 Tweet data collection setting.
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Figure 2 reveals a repetitive phenomenon: the reactions on Twitter form a wave shape corresponding to each wave of COVID-19. Tran and Matsui (27) hypothesized such a phenomenon on the basis of behavioral changes observed from Apple mobility trends reports. This phenomenon is also potentially due to excessive negative information exposure (13, 14) and heightened risk perception of social media users.


[image: Figure 2]
FIGURE 2
 Chart of daily tweet count vs. reported number of COVID-19 infections in Japan (values were smoothed using 7-day moving average). Data suggest that number of COVID-19 related tweets has been correlated to some degree with progression of the epidemic in Japan since its beginning. An abnormal surge of social media reaction was observed on 29 and 30 October 2020, which is close to Halloween. Otherwise, the social media reaction exhibits waves corresponding to the seven waves of COVID-19 epidemic in Japan.


We performed a preliminary cross-correlation analysis between the COVID-19 related tweet count for each emoji and the reported number of COVID-19 cases over consecutive overlapping 28-day windows from 2020/01/01 to 2022/12/31 and examined the highest correlation and its corresponding lag value for each window. We found there existed a correlation (mean: 0.5920, standard deviation: 0.2518) and a considerable variance of lags with mean of –0.44 days and standard deviation of 6.06 days. Over all the windows, there are 25.64% of windows with positive lag values, 37.31% of windows with zero lag values, and 37.05% of windows with negative lag values. Details of the lag values for each emoji are shown in the Supplementary material. The existence of correlation with considerable variance of lag, even with the top popular emoji, shows that capturing long-term relationship between the social media emotion reaction and the COVID-19 epidemic could be difficult using linear models, a method capable of capturing non-linear long-term relationship could be promising. For this reason, we adopt LSTM which will be introduced later in Section 2.4.

To compare to countries other than Japan, we collect corresponding data from South Korea, Thailand, Indonesia, India, and Germany. The COVID-19 cases data are from WHO.4 Tweet counts of COVID-19 related tweets containing emoji are also collected using Twitter API. For these countries, instead of using self-designed keywords, we select tweets annotated with “COVID-19” domain entity5 by “context annotation” feature of Twitter API to select COVID-19 related tweets. Twitter only disclose limited details 6 that don't include specification of keywords used to do so. We also collect tweet count for Japan using the “context annotation” feature for comparison purpose. Due to privacy issues and, thus, Twitter location sharing “off” by default,7 the vast majority of Twitter users have their location sharing features off, so we rely on the most popular spoken language for collecting tweets from these countries8 The selected countries both have their distinguished languages popularly spoken in their own population and rank top in Twitter usage9. The languages are in the top 20 by tweet counts from Twitter Sample Stream API. Even though those countries also have other languages, those languages are minor or spoken by other countries, for example, Bengal (ranks 23rd by the tweet counts) spoken by both India and Bangladesh (major language). Including those secondary languages risk including an overwhelming number of tweets from unexpected countries, so we chose to include only the primary language for those selected countries. The reaction with emoji is different among the 6 countries. The ratios of tweets containing emoji from 2020/01/01 to 2022/12/31 for each country are 4.08% (Germany), 8.27% (India), 8.02% (Indonesia), 8.66% (Japan), 2.84% (South Korea), and 4.60% (Thailand). The ratios are quite stable through out the period. Plots of the ratios are shown in the Supplementary material.



2.2. Estimation of the long-term tendency of social media engagement in Twitter

To identify the differences in social media reaction between COVID-19 waves, we calculated the total tweet count for a period of 84 days (12 weeks): 7 weeks before, 1 week during, and 4 weeks after each peak.
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We also compared the total tweet count of the COVID-19 related tweet collection with that of the “all tweet” collection and calculated the ratio:

[image: image]



2.3. Social media graph and anomaly detection

At certain moments in time, unexpected events occur that catch the attention of social media users. They become viral and spread rapidly over social media, leading to anomalous behavioral changes. Anomaly detection in social media has attracted attention from the research community (28), and several research efforts have demonstrated different findings representing the characteristics of social media evolution. Several anomaly types in social media have been studied including anomalous nodes, anomalous edges, anomalous sub-graphs, and anomalous events.

Intuitively, the state of reactions on social media can be represented as a graph that connects social media objects including users, posts, entities, and topics. The graph can then be used to analyze behavioral evolution. The graph continues to evolve as new users join in, new posts are shared, new topics are discussed, and new entities are mentioned.

In the work of Rossi et al. (29), large time-evolving graphs were analyzed for anomaly detection. They found that it is possible to identify interesting patterns and detect unusual structural transitions. In a large Twitter relationships network, they observed seasonality among the transitions. In particular, they found that users generally behave much differently over the weekends, as evidenced by an increase in the anomalous scores on those days. They speculated that the manner of tweeting differs between weekends and workdays. Motivated by their findings, we adapted their method for use in analyzing our Twitter graph, looking for clues to the factors that trigger anomalous behavioral changes on Twitter.

We performed the analysis using an evolving dynamic Twitter graph. We focused on capturing the temporal behavioral changes in interconnected social media objects (users, emoji, hashtags, domains, and entities) on the social media platform as it evolved during the COVID-19 epidemic in Japan. The social media were represented as a heterogeneous graph connecting the social media objects.

In this section, we introduce our approach utilizing a graph to represent Twitter data and our method for identifying the anomalous temporal behavioral changes in the Twitter objects. We expected that the social media network structural changes identified with our approach would complement the use of the tweet count to enhance our COVID-19 case prediction system.


2.3.1. Twitter graph

To construct our Twitter graph, we considered five Twitter objects: user, emoji, hashtag, entity, and domain. These objects are connected to the event of a tweet being posted, commented upon, or retweeted (shared) and comprise the nodes of the graph.

• User: Twitter member.

• Hashtag: a way for users to include their tweets into a (trending) broad topic of conversation.

• Entity: named entity; for instance, person, organization, location, time, which is automatically annotated by Twitter's named-entity recognition system given the user tweet's full-text.

• Domain: domain context of tweet as defined by Twitter.

• Emoji: graphical representations of emotions, e.g., [image: yes].

The graph also has five types of edges (relations):

• User → User: A user mentions another user in a tweet replying to the mentioned user's tweet or for tagging an additional user into the current conversation.

• User → Hashtag: A user posts or shares a tweet containing a hashtag. The user wants to include their post into a certain broader topic of conversation.

• User → Emoji: A user posts or shares a tweet containing an emoji. The user wants to express a certain emotion.

• User → Domain: A user posts or shares a tweet belonging to a domain.

• User → Entity: A user posts or shares a tweet mentioning an entity.

Formally, we define a graph G = (N, E), where N is the set of nodes and E is the set of edges in G. At time slice t, snapshot Gt = (Nt, Et) is a subgraph of G with active edges Et connecting active nodes Nt. For smoothly capturing graph state transitions instead of capturing the graph at separate and short time points, we use moving and overlapping time slices for taking snapshots of G. For instance, if the time slice is 7 days, snapshot Gt is constructed with active nodes and edges over days [t − 6, t].



2.3.2. Graph feature representation

Following the work of Rossi et al. (29), we estimate the latent features, which are called the “roles of the graph," and use them to describe the behaviors of the graph. A role transition model is used to capture the behavioral transitions of the nodes in each snapshot over time t.

Features. Two categories of features are considered: basic features and recursive features. In accordance with the definitions of Henderson et al. (30), the basic features are node degree, weight, and egonet measure, taking into account in-coming and out-going directions. The recursive features are aggregations of the basic features and previously discovered recursive features using sum and/or mean. We also applying feature pruning using logarithmic binning (30). Formally, we denote V = {Vt} as the features obtained for snapshot {Gt}.

Roles. By applying latent semantic analysis using non-negative matrix factorization (NMF), we find the latent feature space considered to be the role of each node. Nodes with similar role representations can be considered to be in one group with a common role in the graph. We estimate the role representations as a low-rank r matrix [image: image] of the nodes of snapshot Gt as RtF ≈ Vt using NMF for reasons of interpretability and efficiency (29). The value of r is chosen such that r < mint(nt, f), where nt is the number of active nodes at time t, and f is the number of discovered features. In total, we obtained R = {Rt} as the role representations for all snapshots of G.

Role transition model. The estimated role transition can be used to analyze how the graph evolves over time. Given the high interpretability of NMF, we used it to estimate the role transitions. We estimate a transition matrix T such that Rt−1T ≈ Rt.



2.3.3. Anomaly analysis

The idea of anomaly analysis is that, if the prediction of the next role of a node diverges from the observation, the divergence value represents the anomalous score (29). The higher the divergence, the more abnormal the behavioral change of the node when interacting with the other nodes in the graph. Given a role transition matrix T estimated using

[image: image]

we can predict the next role representation at time t as

[image: image]

The divergence of the predicted [image: image] from the observed Rt is considered to be the anomaly and can be measured as

[image: image]

Where || · ||F is the Frobenius norm. In this study, we set K = 14 days.

In proceeding to the next step of building our prediction system, we need to obtain anomalous scores for the emoji. For a given emoji identified as node i of the graph, we obtain the emoji's anomalous score as the divergence of the predicted role vector [image: image] (row ith of [image: image]) from the observed role vector [image: image]:

[image: image]

The role transition matrix T captures the global transition of the graph in the period of K days. The predicted role matrix [image: image] is, therefore, the expected next role representation by the global transition. Hence, the anomalous score computed by Equation 5 represents the anomaly of the node as how it diverges from the global transition.




2.4. COVID-19 case prediction system

Studies of the effects of social media on societal events including COVID-19 have led to social media information being used for constructing COVID-19 case prediction systems. In this study, we investigated the effectiveness of using emoji, which are commonly used in social media communications, in the prediction of COVID-19 cases.

A system of multiple LSTM models. Our COVID-19 case prediction system is constructed using an ensemble of long short-term memory (LSTM) models. LSTM was proposed by Hochreiter and Schmidhuber (23) and is widely and successfully used in modeling sequential data (31). For each LSTM model in the ensemble, given an input sequence [image: image] of length l, the model is trained to output the number of COVID-19 cases [image: image], i.e., at δ time steps since the last input time step. The input contains the observed number of COVID-19 cases o and an additional feature s, which is either the tweet count or the anomalous score of an emoji. Each LSTM model is configured with 4 layers and hidden size of 16 each layer. The operation of an LSTM cell, the building block of the LSTM model illustrated in Figure 3 can be described in the following Equations (6–12), where the vanilla LSTM cell is extended with a linear layer to map the high-dimensional hidden state ht to a single-value prediction [image: image].
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The gating mechanism, a specialized feature of LSTM, with input gate it, forget gate ft, and output gate jt controls the information flow, and, thus, helps learn important long term memory captured in the cell state ct, which is intuitively beneficial for learning long term dependency between social media reaction and epidemic situation.


[image: Figure 3]
FIGURE 3
 LSTM model for COVID-19 case prediction with time lag δ configured to work on memory length of l. In inference step, with input sequence {xt−l+1, …, xt} of length l, the model predicts the number of COVID-19 cases [image: image], i.e., at δ time steps since the last input time step. Additional time-series s is for one of the emoji features (tweet count or anomalous score).


A multi-feature ensemble. Using the historical number of cases and one additional feature as input, we construct a prediction system that is an ensemble of LSTM models of different emoji features {emoji} × {tweet count and anomalous score}. Instead of constructing a complex model with the inputs being the number of COVID-19 cases and many additional features, we construct an ensemble of simple models, with each one focused on modeling the relationship between the number of COVID-19 cases and one predictor or one emoji feature.

A dynamic ensemble of the best models. Only the best models are selected to be used in the ensemble at a certain time step. We consider that a model is better than the others if its performance was better at the most recent time step. Let t = t0 + Δt be the time step at which we want to make prediction yt given input [image: image], where t0 represents the last input time step. From all the trained models {f}, the best model [image: image] for time lag δ at time t is selected on the basis of
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and ERR(·, ·) is the mean relative absolute error described in Equation (17). The 2nd, …, mth best models [image: image] are also selected. The prediction at time t = t0 + Δt is given by

[image: image]

The parameter [image: image] enables the smoothness of the prediction to be controlled. The higher the value of [image: image], the longer the period of recent events that the system takes into account, resulting in smoother prediction. The lower the value of [image: image], the more sensitive the prediction is to the most recent events. For each emoji feature, a set of r models is trained with different randomly initialized parameters, which results in the total number of trained models being |{f}| = |{emoji} × {tweet count, anomalous score}| × r. This enables models trained for the same emoji feature to be selected and used in the ensemble if they perform well with different sets of weights. We employed these dynamic ensemble parameters: τ1 = 1, τ2 = 7, m = 10, and [image: image].

Data Smoothing. Inputs including the number of cases and additional time series (emoji usage count, emoji anomalous score) are smoothed using a 7-day moving average. The predicted number of cases is therefore a 7-day moving average. We consider the 7-day moving average smoothing as an appropriate way to have stable analysis of the data and a mitigation of case fluctuations due to reasons including human errors, issues in local municipality's reporting mechanism, and the going-to-test timing of residents.

Training. The system is trained or updated by utilizing data assimilation so that previously trained models are updated when additional observations are available. For example, if time lag δ = 1, when the data at time t are observed, the model trained up to time t − 1 is updated or tuned using the additional data observed at time t. Memory length l is set on the basis of the corresponding time lag δ:

[image: image]

Where ⌊·⌋ is the round down operator. Memory length l is calculated such that, the further into the future the system has to predict, the further into the past the system needs to look. The data until 2020/09/07 (before the 3rd wave) were used for obtaining initial models with a maximum of 10,000 training epochs and early stopping using 5% of the data held out as development set, before the data assimilation stage. Each data assimilation run is carried out with 25 fine-tuning epochs.

Evaluation. The prediction error is measured by the mean relative absolute error (MRAE):

[image: image]

Where y, o ∈ ℝn are the system prediction and ground truth, respectively, and n is the size of the evaluation window {t + 1, …, t + n}, where the system predicts {yt+1, …, yt+n} given the input data up to xt. As we perform analysis for a long period where the domain of values for the COVID-19 cases changed dramatically through the course of waves, we select MRAE as the evaluation metric because of its popular adoption in time-series forecasting studies and its advantage of evaluating outputs with large value fluctuation. Given an evaluation period d, and an evaluation window size n ≤ d, we compute an error value for each of the d − n + 1 consecutive overlapping evaluation windows using Equation (17). Then, in the later sections, we will report system performance with the mean and standard deviation of the errors for the evaluation windows, and illustrate system comparison with “better error x% of the time” indicating the number of evaluation windows, in percentage, where the preferred system Spref achieves better error than the referenced system Sref (Equation 18).
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3. Results of Japan


3.1. Long-term trend of social media reaction on Twitter

From Figure 4, it can be easily seen that the social media reaction in the subsequent waves (2nd – 7th) was noticeably reduced compared with that in the 1st wave. It was particularly smaller in the 6th and 7th waves. Despite social media reaction in general increasing by 167% in the 7th wave compared with that in the 1st wave, the attention on COVID-19 dropped to 37% from 64 to 88% in the 2nd - 5th waves and most recently 49% in the 6th wave. This led to the total tweet count ratio of “COVID-19 related tweets” to “all tweets” (the “COVID-19 attention proportion”) falling to 32% in the 6th wave and 22% in the 7th wave compared with 56-62% in the 2nd – 5th waves. Overall, social media attention on COVID-19 vs. general topics on Twitter dropped by 38–44% from the 1st wave to the 5th wave and by 68–78% from the 1st wave to the 6th and 7th waves.


[image: Figure 4]
FIGURE 4
 Social media (Twitter) reaction in Japan measured by total tweet count (Equation 1) for each COVID-19 wave over period of 12 weeks: 7 weeks before, 1 week during, and 4 weeks after peak of corresponding wave. Values shown are relative to those for 1st wave. Social media reaction in 6th and 7th waves was obviously much less than that in previous waves. Additionally, total tweet count ratio (“COVID-19 related tweets” vs. “all tweets”) dropped to 32% in 6th wave and 22% in 7th wave compared with 56-62% in 2nd - 5th waves.




3.2. Anomaly detection analysis

As illustrated in Figure 5, the anomalous score aligned with the tweet count most of the time. This suggests that surges in social media reaction are accompanied by structural changes in social media networks. This was particularly the case for periods leading up to a wave peak, where we observed a surge in both tweet count and anomalous score. This means that, in addition to using the tweet count to capture the surface trend of social media reaction, we can also capture the magnitude of the structural changes in the social media network during such periods.


[image: Figure 5]
FIGURE 5
 Anomalous scores of top-3 used emoji with corresponding tweet counts for each COVID-19 wave over period of 12 weeks: 7 weeks before, 1 week during, and 4 weeks after peak of corresponding wave. Anomalous scores represent situations in which there were surges in social media reaction, which resulted in structural changes in social media network.


However, there were several situations in which social media reaction surged while the anomalous score did not follow, for instance, around 2020/03/02 and 2022/09/05. Furthermore, for the top 3 emoji (Figure 5), around 2022/02/21, the anomalous score for the crying face emoji was similar to that for the other two emoji, sweating and smiley, and did not align with the corresponding tweet count. Such rare occurrences would, however, have little effect on system performance due to the design of the prediction system as an ensemble of independent models.



3.3. COVID-19 case prediction

Our experimental results show that using additional emoji features improves prediction performance in terms of MRAE. As shown in Figure 6, in the evaluation period from 2020/11/16 to 2022/08/21 (+6, +13, +20, or +27 days depending on the evaluation window), using additional emoji features achieved better error 69.10–73.91% of the time. The improvement in term of relative error reduction ranged from 0.1 to 94.14% with a mean of 28.77% and median of 23.91%. As shown in Table 2, improvement was evident most of the time during the 7 weeks before the week of each wave.


[image: Figure 6]
FIGURE 6
 COVID-19 case prediction system performance (MRAE). Error at given date was measured on basis of prediction for evaluation window starting from given date from 2020/11/16 to 2022/08/21. Using additional emoji features yielded better error 69.10–73.91% of the time. Relative error reduction ranged from 0.10 to 94.14% with mean of 28.77% and median of 23.91%. Dynamic ensemble parameters: [image: image].



TABLE 2 COVID-19 case prediction system performance with and without use of emoji for each wave.

[image: Table 2]

As also shown in Table 2, the system performed better for the 4th wave compared with the 3rd wave, worse for the 5th wave, and the worst for the 6th wave. From another perspective, significant situational differences were observed for the 5th and the 6th waves. The 5th wave was characterized by the COVID-19 Delta variant, a significantly more fatal variant. The 6th wave was characterized by the Omicron variant, a much more infectious variant, but less deadly. Therefore, there was no declaration of an emergency for this wave.

The results of an experiment on system performance with the use of tweet count and anomalous score together and alone for each wave (Table 3) show that using both improved system performance in terms of the MRAE. Out of the 20 evaluations, the combination yielded improvement ten times and equal performance once, tweet count yielded better performance only eight times, and anomalous score yielded better or equal performance only twice.


TABLE 3 COVID-19 case prediction system performance with use of tweet count and anomalous score together and alone for each wave.

[image: Table 3]

Our system achieved competitive performance when comparing with Google Cloud AI forecasting system (32). As shown in Figure 7, in the forecast periods reported by Google Cloud AI forecasting system, our system could achieve better prediction error in 76.92–81.87% of the time. Their system was designed with consideration of a number of features including, for instance, per capita income, hospital patient experience rating, air quality measures, mobility index, and governmental policies such as restricting restaurants and school closure, but social media emotion was not considered. They published the “COVID-19 Public Forecasts”10 dataset containing the prediction outputs for U.S. and Japan.


[image: Figure 7]
FIGURE 7
 Comparison with Google Cloud AI (32). The “forecast date” indicates the date when each system is executed to produce the predicted number of cases for the next 7, 14, 21, and 28 days. All the periods indicated by the forecast dates are taken from the “COVID-19 Public Forecasts” dataset by Google Cloud AI. Our system achieved better error in 76.92–81.87% of the time. Dynamic ensemble parameters: [image: image].





4. Results of other countries

In this section, we present the results of our method for Germany, India, Indonesia, South Korea and Thailand. Like Japan, these countries are the tops in Twitter usage and have their tweets conveniently collected by their primary spoken languages. Location-based filtering is difficult since Twitter users are turning off location sharing as their concerns of privacy issue. Due to Twitter API capping the number of tweets that can be downloaded (10M/month11), we don't present the anomaly detection analysis for these countries in this paper. Tweet count data as mentioned in Section 2.1 are collected using Twitter API “context annotation” feature. We also put the results of Japan as comparison.


4.1. Social media reaction on Twitter

As shown in Figure 8, the long term tendencies of social media reaction on Twitter among the 6 countries are quite similar. The reaction dramatically surged in the beginning of the COVID-19 pandemic and quickly made a steep drop afterward. In 2021, each country faced new waves at different timing and so the social media reaction raised again. Noticeably as also shown in Table 4, in 2022, relatively much lower level of social media reaction was observed in all countries. In general, social media reaction toward the COVID-19 pandemic dramatically surged in the beginning and gradually faded out overtime.


[image: Figure 8]
FIGURE 8
 COVID-19 related social media (Twitter) reaction depicted by the ratio of weekly total tweet counts of “COVID-19 related tweets” vs. “all tweets” since January 2020. The reported number of infections is plotted in weekly sum.



TABLE 4 COVID-19 related social media (Twitter) reaction depicted by the ratio of annually total tweet counts of “COVID-19 related tweets” vs. “all tweets.”
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Though having quite similar tendencies, the magnitudes of the social media reaction surges are somewhat different among the 6 countries. Comparing to the beginning of COVID-19, Japan, Germany, and Thailand exhibit several times relatively higher magnitudes of the social reaction surges comparing to India (one time high-magnitude surge), and the two countries, Indonesia and South Korea, with relatively low magnitudes of the social media reaction.



4.2. COVID-19 case prediction

The results of COVID-19 case prediction for Germany, India, Indonesia, South Korea and Thailand as shown in Table 5 demonstrate that using emoji features yields better prediction performance in most of the cases and worse performance in only 3 cases out of 192 cases. Although with differences among the 6 countries appearing in the percentage of emoji usage in COVID-19 related tweets (Germany: 4.08%, India: 8.27%, Indonesia: 8.02%, Japan: 8.66%, South Korea: 2.84%, and Thailand: 4.60%), and the ratio of COVID-19 related social media reaction over general social media reaction (Figure 8 and Table 4), COVID-19 related tweets containing emoji can provide informative features contributing to the improvement of our COVID-19 case prediction system.


TABLE 5 Evaluation results of our system for 6 countries with the emoji features with Twitter's “context annotation”.

[image: Table 5]

As seen in Table 5, we can observe several noticeable abnormal errors larger than 100%, for instance, 〈 India, Period 6 (Jan-Mar 2022), Window = 28 〉 with 798.1% for the bare system not using emoji features B and 377.2% for the system using emoji features E. Based on Equation 17, the error value of 798.1% indicates that the predicted number of cases is about 9 times of the observed number of cases. In analyzing this situation, we see that, in the mentioned period, India was in an unprecedented epidemic wave when the raising and dropping of the number of cases were dramatic in a relatively shorter period of time comparing to the previous waves (Figure 8). While the higher speed of raising number of cases could be attributed to a newer variant, the dropping speed was also higher. It took 21 days since 2022-01-26 (the peak of the wave in Period 6) for the (smoothed) number of cases to drop about ≈7 times, while for the same dropping ratio of ≈7 times, it took 45 days since 2021-05-09 (the previous peak), and 78 days since 2022-07-23 (the next peak). Even though our system equipped with emoji features managed to cut the error to 377.2%, this is still a considerable error. Similar situations are also observed in other countries. In these situations, the prediction error gets magnified at a greater rate as we try to predict further into the future with a larger window size. The system had a hard time to adapt to a dramatic change of situation where past data do not contain adequate information.




5. Discussion

The results of our study on utilizing social media data for constructing a COVID-19 case prediction system suggests that using social media can be helpful for epidemic forecasting. In terms of prediction accuracy, our experimental results show that using both tweet count and anomalous score improved the MRAE of COVID-19 case prediction. In terms of practicality, the utilization of emoji as a means of shallow emotion analysis can be easily applied to multilingual social media platforms worldwide. In addition to the use of tweet count and anomalous score, a future direction is to investigate higher dimension representation of emoji, for instance, by utilizing EmojiNet (33), a dictionary of emoji senses, to represent emoji in a high-dimensional vector space of semantics.

As shown by the change in social media reaction over the long course of the COVID-19 epidemic in Japan, behavioral changes may differ remarkably wave-to-wave, which challenges our system's ability to adapt and perform well. The proportion of social media attention to COVID-19 vs. general topics on Twitter was only 32 and 22% in the 6th and 7th waves relative to that in the 1st wave whereas it was 56–62% in the 2nd to 5th waves. One of the major factors in these differences was governmental policies: the Japan government did not declare a state of emergency during three waves: the 2nd, 6th, and 7th. In the 2nd wave immediately after the 1st wave, most people may have realized that the COVID-19 epidemic was not over. Therefore, while COVID-19 was still somewhat mysterious, there was not much surprise when the 2nd wave hit. As a result, although there was social media reaction, it dropped more than half (Figure 4). When the 3rd, 4th, and 5th waves hit, the social media reaction proportion was around 30s%, similar to that for the 2nd. Our system performed well for the 3rd and 4th waves, but not for the 5th one. This is attributed to much higher morbidity in the 5th wave, to which our system could not adapt adequately. Even after learning from the change in the 5th wave, our system performed worse in the 6th wave, which was characterized by an even higher level of morbidity and a marked difference in government policy: a state of emergency was not declared. Our system was able to learn from that change and performed better for the 7th wave, which again came with another higher level of morbidity and no declaration of a state of emergency.

Systems for epidemic forecasting that are based on only machine learning and historical data may be limited and suffer from unstable system performance when the epidemic lasts long enough to be characterized by several waves and different governmental policies, public perceptions, and attitudes. Our experimental results suggest that maintaining performance in later waves of an epidemic is a challenge. Machine-learning-based systems may need more data in order to adequately learn about social changes and thereby maintain performance. Future work should consider situations that are difficult to characterize from past data for constructing prediction system based on machine learning.

If social media attention on an epidemic starts to fade, it may be helpful to look at social media signals other than those directly related to the epidemic as an aid to forecasting systems. Although social media attention in Japan on COVID-19 has declined over the course of the epidemic, social media activity related to general topics grew by 280% in the 7th wave compared with that in the 1st wave (Figure 4), a period of slightly less than 3 years. Although looking at social media signals other than those directly related to the epidemic seems to be a promising approach in term of data volume, it is challenging in term of data collection and processing. This is because data containing social media reactions to all kinds of topics and problems is unrestricted and difficult to control. Even though a restricted set of pandemic-related social media data is more focused and can directly help obtain valuable knowledge about the public issues during a pandemic, for instance, social health problems including stress, fear, and anxiety (13–15), a decrease in such social media data makes it more challenging to analyze those problems. Hence, expanding the scope of social media data analysis beyond pandemic-related topics while keeping high-quality analysis is necessary and challenging in dealing with a long-lasting pandemic.

Our results show the potential of using emoji as a proxy for public social media emotion analysis in predicting the progression of a pandemic, which suggests the potential of monitoring public emotion for the task. On the one hand, for per-patient monitoring, medical big data and wearable Internet of Medical Things (34–36) provide the ability to monitor the physical conditions of patients directly and aid them individually and privately in real time. However, such data is valuable and may not be shared across regions without strict regulations. On the other hand, public social media data analysis can help with monitoring in real time the public in terms of critical aspects, for instance, emotions, which can support cross-region analyses. Emoji can be easily monitored across all public social media platforms in all languages at low cost and thereby support shallow emotion analysis. Though multilingual language models can also be adapted for emotion analysis, access to public social media platforms is limited by the access rate, making mass full-text access difficult, which poses a challenge for mass and deep emotion analysis.

The different interpretations of the meaning of emoji make it difficult to use emoji to correctly interpret the true underlying emotion of social media users in general and toward COVID-19 in particular. On the bright side, studies showed that large similarity exists in interpreting emoji meanings in age-based and nation-based analyses. Gallud et al. (37), though a questionnaire, found that older people did not have a lesser understanding of emoji than young people, though, there were also results indicating the varying understandings. In the questionnaire, which asked for the meaning of emoji referred in Emojipedia 12, some emoji got answers with high accuracy (>80%), some got answers with low accuracy (<30%). The “fear” emoji (17.1% accuracy) was also answered as “surprise.” Also in the work of Kutsuzawa et al. (38), they found that, for both young and middle-aged groups, in general, emoji were similarly clustered in Arousal-Valence space, but some emoji were interpreted differently among different age groups. Schouteten et al. (39) found that emoji meanings (pleasure-arousal-dominance dimensions) are largely similar in 5 countries (Germany, Singapore, Malaysia, UK, and New Zealand). Still, misunderstandings of emoji were also observed (40), for instance, “praying hands” misunderstood as “a high five,” “irritation, anger, and contempt” misunderstood as “pride face,” and “confused” misunderstood as “frustrated and sad face.” Despite the results of large similarity in interpreting emoji meanings, deeper interpretation of the true underlying emotion is challenging. In a systematic review of research on emoji, Bai et al. (41) stated that, “at present, it is difficult to accurately measure participants' true reactions through self-reporting. Categorizing emotions by amassing a corpus using big data is unable to depict users' complex emotions such as are expressed by emoji at a more detailed level, for example emotions such as shame, anger and so on.” They suggested that “observing whether users' actual facial expressions differ from their selected emoji emotionally in communication can help researchers understand users' psychological mechanism in communication”. In the light of those studies, while we have found evidence for the effectiveness of using emoji features in improving COVID-19 case prediction system, much deeper analysis of social media users' true underlying emotions which significantly affect their behaviors is a difficult challenge.

This work has these limitations:

• Even though Twitter is a super popular and influential social media platform, not a majority of the population of each of the mentioned countries have a Twitter account or actively use the platform. Therefore, the collected data are not coming from the whole population. While the data could be seen as influential social media signal as also shown in our results, it should be treated with caution when representing the general population's reaction.

• Only COVID-19 related tweets are considered. As shown above in the data from the 6 countries, COVID-19 related tweets only constitute a small potion of social media. Arik et al. (32) showed that it is necessary to study factors, e.g., per capita income, hospital patient experience rating, and air quality measures, which affects the epidemic progression. It is then intuitive to expand the study to social media reaction over those topics, for example, economics, and climate, together with COVID-19.

• Emoji is used as the sole proxy to capture social media emotion reaction. Even though our study showed positive contribution of emoji features, emoji usage is still relatively small with less than 10% given the data from the 6 countries. For larger coverage of social media emotion analysis, full-text-based analysis could be considered for platforms where full-text access at large scale is feasible, especially when considering other topics together with COVID-19. Even though Twitter API provides Sample Stream API which can be used for collecting 1 or 10% random tweets, biases in the sampling method were reported (42, 43) and exploitable (44).

• Location-based social media data collection is difficult. It will even be more so in the future when privacy issues will be even more recognized and respected. This work uses language to collect country-based data, which is applicable to only some countries. For future utilization of social media data, location sharing policy should be more fine-grained managed, for example, letting users select a lower precision level of location to share only the city or state they are in.



6. Conclusion

We have investigated the use of emoji as a proxy for estimating social media reaction in terms of emotion trends on Twitter with the aim of constructing a system for predicting the daily number of COVID-19 cases in Japan. Our experimental results showed that using emoji features improves system performance. These experimental results together with our analysis of Twitter data suggest that prediction of the later waves of an epidemic could be more challenging. The difficulty may be related to changes in both the epidemic characteristics (variants and their properties) and social media reaction. Future work should consider situations that are difficult to characterize from historical data for constructing prediction system based on machine learning.
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Footnotes

1https://www.statista.com/statistics/242606/number-of-active-twitter-users-in-selected-countries/

2https://www.bigbeatinc.com/blog/japan_social_media_2022

3https://covid19.mhlw.go.jp/en/

4https://covid19.who.int/data

5Twitter API context annotation for COVID-19: { domain: { id: 123 }, entity: { id: 1220701888179359745, name: COVID-19 } }.

6https://developer.twitter.com/en/docs/twitter-api/annotations/faq

7https://help.twitter.com/en/safety-and-security/tweet-location-settings

8“lang” codes: de (German, Germany), hi (Hindi, India), id (Indonesian, Indonesia), ja (Japanese, Japan), ko (Korean, South Korea), and th (Thai, Thailand).

9https://www.statista.com/statistics/242606/number-of-active-twitter-users-in-selected-countries/

10https://console.cloud.google.com/marketplace/product/bigquery-public-datasets/covid19-public-forecasts

11https://developer.twitter.com/en/docs/twitter-api/tweet-caps

12http://emojipedia.org
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Background: Although the burden of the coronavirus disease 2019 (COVID-19) has been different across communities in the US, little is known about the disparities in COVID-19 burden in North Dakota (ND) and yet this information is important for guiding planning and provision of health services. Therefore, the objective of this study was to identify geographic disparities of COVID-19 hospitalization risks in ND.

Methods: Data on COVID-19 hospitalizations from March 2020 to September 2021 were obtained from the ND Department of Health. Monthly hospitalization risks were computed and temporal changes in hospitalization risks were assessed graphically. County-level age-adjusted and spatial empirical Bayes (SEB) smoothed hospitalization risks were computed. Geographic distributions of both unsmoothed and smoothed hospitalization risks were visualized using choropleth maps. Clusters of counties with high hospitalization risks were identified using Kulldorff's circular and Tango's flexible spatial scan statistics and displayed on maps.

Results: There was a total of 4,938 COVID-19 hospitalizations during the study period. Overall, hospitalization risks were relatively stable from January to July and spiked in the fall. The highest COVID-19 hospitalization risk was observed in November 2020 (153 hospitalizations per 100,000 persons) while the lowest was in March 2020 (4 hospitalizations per 100,000 persons). Counties in the western and central parts of the state tended to have consistently high age-adjusted hospitalization risks, while low age-adjusted hospitalization risks were observed in the east. Significant high hospitalization risk clusters were identified in the north-west and south-central parts of the state.

Conclusions: The findings confirm that geographic disparities in COVID-19 hospitalization risks exist in ND. Specific attention is required to address counties with high hospitalization risks, especially those located in the north-west and south-central parts of ND. Future studies will investigate determinants of the identified disparities in hospitalization risks.

KEYWORDS
COVID-19, North Dakota, spatial epidemiology, geographic disparities, FlexScan, SaTScan, Geographic Information Systems


1. Introduction

The first COVID-19 case in the US was detected in January 2020, and as of August 30, 2022, the US has reported the highest number of confirmed cases globally (94,110,810), with 1,039,055 deaths (1, 2). The disease was reported in every US state although its incidence and severity varied geographically. This might be due to geographic differences in behavioral and demographic factors such as smoking history, co-morbidities, and environmental pollutants which have been shown to play a role in COVID-19 incidence, hospitalization, and mortality risks (3–6). Geographic differences in vaccination rates are another factor that might have impacted geographic disparities in hospitalization rates. According to a report published by the Centers for Disease Control and Prevention (CDC), COVID-19 hospitalization rates were 29.2 times higher in unvaccinated individuals than those who were fully vaccinated (7). National surveillance data demonstrated that overall hospitalization rates increased in the US due to the emergence of COVID-19 (1, 8). Therefore, regular monitoring of hospitalization rates, clinical features, and disposition of hospitalized patients is essential to understanding the epidemiology of COVID-19 in the US, and is also helpful for guiding, planning and prioritizing healthcare resource utilization.

Just like the other US states, North Dakota, a Midwest US state sharing borders with Canada, was affected by the COVID-19 pandemic directly, as well as the disease's health, social and economic ramifications. Unfortunately, little is known about the disparities in COVID-19 burden in North Dakota. A study conducted among the North Dakota tribal people of Spirit Lake reported incidence rates of 520–600 cases per 100,000/person-week, which was 1.5 times higher than the state average during the same time period (9). Knowledge of the burden and geographic disparities of COVID-19 risks in North Dakota is important in guiding the planning and provision of health services and ensuring that the healthcare system is not overwhelmed by high numbers of patients in some geographic locations. Therefore, the objective of this study was to identify geographic disparities of COVID-19 hospitalization risks in North Dakota. Two statistically rigorous approaches are used to identify statistically significant clusters of hospitalization risks. Geographic distribution of identified clusters are presented in maps.



2. Methods


2.1. Study area and data sources

The study area encompassed the entire state of North Dakota (Figure 1). As of 2020, North Dakota had the fifth lowest population among all states of the United States of America and had a population of ~0.8 million. The state has 53 counties of which 38 have population densities lower than seven persons per square mile (10, 11). Cass county is the most populous (179,937 residents), while Slope county is the least populous with only 788 residents. The age distribution of the population is 0–19 years old (26.2%), 20–44 years old (35.4%), 45–64 years old (23%), and ≥65 years old (15.3%). The overall racial composition of North Dakota is ~86.9% White, 5.6% Native American, 3.4% Black, and all other races comprise 4.1% of the population. By ethnicity, the majority (95.9%) of the population is non-Hispanic (12).


[image: Figure 1]
FIGURE 1
 Map of North Dakota showing geographic distribution of urban and rural counties.


Data on COVID-19 hospitalized cases covering the time period from March 2020 to September 2021 was collected by the North Dakota Department of Health and Human Services (NDHHS) through COVID-19 case interviews and hospital reporting. A COVID-19 hospitalized case was defined as a person who had a first-time diagnosis of COVID-19 confirmed by laboratory tests and was admitted to a hospital. Only first-time diagnosed and hospitalized cases were included in the study because re-infected cases have a lower risk of hospitalization compared to first-time infections (13). Additional case data provided by HHS included county of residence and age. Data on county-level total population and population of different age categories were extracted from the 2016–2020 American Community Survey 5-years average estimate (14). Cartographic boundary file for county-level geographic analysis was downloaded from the United States Census Bureau TIGER Geodatabase (15). Data on urban and rural classification were obtained from the US Census Bureau (16).



2.2. Data preparation and visualization

All descriptive statistical analyses were performed in SAS 9.4 (17). Age was categorized into ≤ 19 years, 20–44 years, 45–64 years, and 65 years or older. Monthly hospitalization risks were computed and expressed as the number of hospitalized cases per 100,000 persons. The study period was divided into peak and non-peak periods as follows: if there were ≥25 hospitalized cases per 100,000 persons in a month, it was identified as a month of the peak period, otherwise it was classified as a non-peak period. Two peak and two non-peak periods were identified. The first peak period started in August 2020 and lasted through December 2020, and the second peak period spanned from August 2021 to September 2021. The first and second non-peak periods were March 2020 to July 2020 and January 2021 to July 2021, respectively. Temporal changes in monthly COVID-19 hospitalized cases per 100,000 persons were assessed graphically in Microsoft Excel 2022 (18). Difference between average hospitalization risks in peak and non-peak periods were compared using two sample t-Test.

For each of the four time periods, COVID-19 hospitalized cases were aggregated to the county level. Direct age-adjusted county-level hospitalization risks were calculated using the county-level total population as the denominator and the 2010 US population as the standard (19). Spatial Empirical Bayes (SEB) smoothed age-adjusted hospitalization risks were then calculated in GeoDa 1.14 (20) using 1st order Queen contiguity spatial weight.

Based on the US Census Bureau definition, North Dakota counties were classified into the following three categoris: (1) Urban (<50% of county population live in rural areas); (2) Mostly rural (50–99.9% of county population live in rural areas); (3) Completely rural (100% of county population live in rural areas) (Figure 1) (13).



2.3. Detection of clusters
 
2.3.1. Kulldorff's circular spatial scan statistics

Kulldorff's circular spatial scan statistics (CSSS), implemented in SaTScan 9.6 (21), was used to identify circular clusters of age-adjusted high hospitalization risks. A discrete Poisson probability model specifying circular non-overlapping purely spatial high-risk clusters was used. The maximum circular window size was set at 24% of the population at risk based on the population of Cass County, which has the largest population in North Dakota. This ensures that all counties have a chance of being included in a cluster regardless of their population size. To identify statistically significant clusters, 999 Monte Carlo replications and likelihood ratio test were used specifying a critical p-value of 0.05.



2.3.2. Tango's flexible spatial scan statistics

Both circular and irregularly shaped high-risk clusters of age-adjusted hospitalization risks were investigated using Tango's flexible spatial scan statistics (FSSS) implemented in FleXScan 3.1.2 (22, 23). Poisson probability models with a restricted log likelihood (LLR) ratio (specifying an alpha of 0.2) and a maximum cluster size of 15 counties were specified to preclude potential inclusion of counties with non-elevated hospitalization risks. For statistical inference, 999 Monte Carlo replications were used, and statistical significance was assessed using a critical p-value of 0.05.




2.4. Cartographic displays

QGIS (24) was used to display the geographic distribution of both smoothed and non-smoothed COVID-19 hospitalization risks and the location of spatial clusters. Jenk's optimization classification scheme was used to determine critical intervals for choropleth maps.




3. Results


3.1. Spatial and temporal patterns

There was a total of 4,938 COVID-19 hospitalizations during the study period. Age-adjusted COVID-19 hospitalization risks varied across counties ranging from 0 to 365 hospitalizations per 100,000 persons in March to July 2020 and January to September 2021. However, higher hospitalization risks were observed from August to December 2020 and ranged from 0 to 1,300 hospitalizations per 100,000 persons (Figures 2–4). At the beginning of the study period (March to July 2020), a few rural counties had high age-adjusted hospitalization risks (>56 hospitalizations per 100,000 persons), while almost half of the counties had high age-adjusted hospitalization risks during the rest of the study period (>316 hospitalizations per 100,000 persons in August to December 2020, >56 hospitalizations per 100,000 persons in January-September 2021). These included rural and urban counties (Figures 1–3). Counties in the western and central parts of the state tended to have consistently high age-adjusted hospitalization risks, while low age-adjusted hospitalization risks were observed in the east (Figures 2, 3).


[image: Figure 2]
FIGURE 2
 County-level unsmoothed age-adjusted COVID-19 hospitalization risks in North Dakota, March 2020–September 2021.



[image: Figure 3]
FIGURE 3
 County-level spatial empirical Bayes (SEB) smoothed age-adjusted COVID-19 hospitalization risks in North Dakota, March 2020–September 2021.


Overall, COVID-19 hospitalization risks were relatively stable from January to July and spiked in the fall (Figure 4). A sharp increase in hospitalization risk was observed from August to November 2020, and a sharp decrease was observed thereafter in December 2020. A similar pattern of increase was observed in August 2021. Average hospitalization risk in peak period was significantly (p < 0.05) higher compared to non-peak period. The highest COVID-19 hospitalization risk was observed in November 2020 (153 hospitalizations per 100,000 persons) while the lowest was in March 2020 (4 hospitalizations per 100,000 persons) (Figure 4).


[image: Figure 4]
FIGURE 4
 Temporal patterns of COVID-19 hospitalization risks in North Dakota, March 2020–September 2021.




3.2. Clusters of high COVID-19 hospitalization risks

Figure 5 shows age-adjusted high COVID-19 hospitalization risk clusters identified in North Dakota using the Tango's FSSS. Consistent with high age-adjusted hospitalization risks observed in the western and central parts of the state, significant high hospitalization risk clusters were identified in these areas (Figures 2, 3, 5). There was increase in both the numbers of counties involved in the clusters and sizes of the populations affected in peak periods compared to non-peak periods (Table 1 and Figure 5).


[image: Figure 5]
FIGURE 5
 Spatial clusters of age-adjusted high COVID-19 hospitalization risks identified in North Dakota using Tango's flexible spatial scan statistics, March 2020–September 2021.



TABLE 1 Spatial clusters of age-adjusted high COVID-19 hospitalization risks identified in North Dakota using Tango's flexible spatial scan statistics, March 2020–September 2021.
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Two significant high hospitalization risk clusters were identified in peak periods of August to December 2020 and August to September 2021, one in the north-west and the other in the south-central part of the state. In addition, a high-risk cluster was identified in the north-central part of the state in August to December 2020 and included several counties (Rolette, Towner, Benson, Eddy) that were not part of any cluster identified in other peak and non-peak periods. On the other hand, a high hospitalization risk cluster involving only Cass county was identified in eastern North Dakota during the first non-peak period in March to July 2020. Another high hospitalization risk cluster (Sioux county) identified at the same time in the south-central part of the state had the highest hospitalization risk ratio (HRR = 6.68; p = 0.001) (Table 1 and Figure 5). During the second non-peak period in January to July 2021, a high-hospitalization risk cluster was identified in the western part of the state (Figure 5). The cluster identified in the second non-peak period included more counties and a larger population than that of the first non-peak period. Interestingly, Kulldorff's CSSS had almost similar findings to Tango's FSSS (Table 2; Figures 5, 6). However, an additional high-risk cluster was identified in Kulldorff's CSSS in the south-central part of the state during January–July 2021 (Figure 6).


TABLE 2 Spatial clusters of age-adjusted high COVID-19 hospitalization risks identified in North Dakota using Kulldorff's circular spatial scan statistics, March 2020–September 2021.
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FIGURE 6
 Spatial clusters of age-adjusted high COVID-19 hospitalization risks identified in North Dakota using Kulldorff's circular spatial scan statistics, March 2020–September 2021.


Williams county was consistently part of a high hospitalization risk cluster during peak and non-peak periods from August 2020 to the end of the study period (Figures 1, 5, 6). Several counties in the south-central part of the state (Morton, Grant, Sioux, Emmons) were part of high hospitalization risk clusters during both peak periods. However, some counties in central North Dakota (Rolette, Benson, Eddy, Ward) that were part of high-hospitalization risk clusters during the first peak period in August to December 2020 were not part of any cluster during the second peak period in August to September 2021. The opposite trend of transitioning from non-significant to statistically significant high hospitalization risk clusters was observed in McKenzie, Mercer, and Stark counties and these were mostly located in the western part of the state. These findings were consistent between Tango's FSSS and Kulldorff's CSSS methods (Figures 1, 5, 6). Burleigh county, where the state capital is located, was in part of high hospitalization risk cluster during the peak period but not during the non-peak period. During both non-peak periods, only Sioux county was consistently identified in high hospitalization risk clusters in the CSSS method (Figures 1, 6).




4. Discussion

This study investigated county-level geographic disparities and temporal changes of age-adjusted COVID-19 hospitalization risks in North Dakota. Although substantial disparities were reported in infectious disease morbidities and mortalities among North Dakotans, little is known about disparities of COVID-19 burden in North Dakota (25). The findings of the current study help to fill this gap and are useful in guiding evidence-based health planning and resource allocation in combating the COVID-19 problem. Since North Dakota is one of the most rural states, findings also help to understand the burden of COVID-19 in rural populations of the US (26).

The increase in age-adjusted hospitalization risk in fall 2020 and a decrease thereafter in early spring 2021 was consistent with the overall COVID-19 hospitalization trend observed in the US (27). The decline in COVID-19 hospitalization risks in spring 2021 could be due to the arrival of Food and Drug Administration (FDA) emergency authorized vaccines (28) and starting of vaccinations in December 2020 (29). In addition, there were restrictive policies such as social distancing, mandatory masking, and limited mobilities imposed during 2020 and early 2021, which resulted in low transmission of COVID-19 (30). However, the rise of new delta variant, relaxed COVID-19 restriction policies, and waning immunity could be responsible for the observed surge in July 2021 (30).

Although there was an overall increase in hospitalization risk starting from fall 2020 across counties in North Dakota, counties in the western and central parts of the state had higher hospitalization risks than the eastern part of the state. This is probably due to geographical differences in vaccination coverage. According to a report by NDHHS, percentages of populations having at least one dose of COVID-19 vaccine were substantially higher in counties of the eastern part of the state compared to the rest of the state (31). The reasons for the low vaccination rates in the western and central North Dakota could be lack of sufficient vaccine administration facilities and limited accessibility due to its rough terrain (32). Geographic barriers could also have prevented COVID-19 patients from getting supportive outpatient care which might have increased hospitalization risks in those areas. A Kaiser Family Foundation report stated that rural populations are less likely to get vaccine compared to urban populations due to lack of understanding of COVID-19 severity and vaccine effectiveness (13). However, a report published by the Office of the Assistant Secretary for Planning and Evaluation (ASPE) showed that there was a high percentage of unvaccinated individuals in North Dakota who were willing to get vaccinated despite living in rural areas (33).

High hospitalization risk clusters identified in south-central (Sioux) and east-central areas (Benson, Rolette) of the state could be due to racial distributions of populations of those areas. The majority of the population of those counties are American Indians (AI) (34, 35), who have the highest hospitalization risks among all minority populations in the US due to limited access to healthcare services and underlying health disparities (36, 37). In addition, the percentage of the population with health insurance and median household income among these populations were lower than the state average (38, 39). However, the percentage of the population that had received at least one dose of vaccine in 2021 was higher in Rolette and Benson counties than that of Sioux county (31). This could explain the fact that Sioux county was part of high hospitalization risk clusters in both peak periods, while Rolette and Benson counties were not included in any high hospitalization risk cluster in the second peak. Suffice it to say that vaccines may have been effective in reducing hospitalization risks in Rolette and Benson counties (40). Since all three counties have similar racial distribution, median income, and insurance coverage, the low vaccination rate in Sioux county could be due to structural barriers such as limited healthcare accessibility. A report published by ASPE supports this hypothesis showing that unvaccinated individuals of Sioux county were interested in getting vaccines (33). This implies that there were no behavior-related barriers to vaccination such as lack of trust or misperception (41, 42). Moreover, culturally inclusive programs implemented in north and east central counties might have played an important role in managing COVID-19 in those areas. A tribally managed CDC-guided comprehensive COVID-19 case management program was implemented among populations of Spirit Lake during the first peak period in late September 2020. Since this program was effective in controlling COVID-19 risks (9), similar programs could help to manage COVID-19 in other tribal areas and public health communities. Similar to AI people, non-Hispanic Black people are more likely to be hospitalized due to COVID-19 than non-Hispanic White people due to underlying health disparities (37, 43–45). Counties in the western part of the state have relatively high percentages of non-Hispanic Black populations which could have contributed to the high hospitalization risks observed in those areas. However, the eastern part of the state also has a relatively high percentage of non-Hispanic Black population but low hospitalization risk. The reason for this remains unclear. High vaccination coverage and better geographic accessibility to healthcare facilities might have reduced hospitalization risks in the eastern part of North Dakota.


4.1. Strengths and limitations

Use of two statistically rigorous spatial epidemiological approaches to investigate geographic disparities in age-adjusted COVID-19 hospitalization risk in North Dakota is a key strength of this study. Both FSSS and CSSS methods are robust, adjust for multiple comparisons, and are free of pre-selection bias. Additionally, the FSSS method identifies both circular and non-circular windows. Moreover, this is the first study investigating geographic disparities of COVID-19 hospitalization burden in North Dakota. Study findings are crucial for NDHHS targeting control efforts aimed at reducing disparities and improving health for all North Dakotans. However, this study is not without limitations. Confirmed COVID-19 hospitalized cases might be under-reported, especially at the beginning of the study period, because availability of COVID-19 testing varied across the state, and testing requirements changed over time.




5. Conclusion

This study has confirmed that geographic disparities in COVID-19 hospitalization risks exist in North Dakota. Specific attention is required to address counties with high hospitalization risks. Study findings are useful for guiding COVID-19 response geared at reducing disparities and improving COVID-19 outcomes.
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Objective: The effect of vitamin D status on adult COVID-19 pneumonia induced by Delta variant remains to be further explored.

Methods: A longitudinal, real-world cohort study was performed. Artificial intelligence (AI) was used to identify and measure pneumonia lesions. All cases with pneumonia were divided into the vitamin D deficiency (VDD) and control groups according to serum 25-hydroxyvitamin D concentration. Lesion dynamics were observed within six time periods after the onset of pneumonia.

Results: A total of 161 cases were included, of which 101 (63%) were male and 46 (29%) presented with pneumonia. The median age and baseline 25-hydroxyvitamin D concentrations were 37 years and 21 ng/ml, respectively. Age, fibrinogen, and SARS-CoV-2 IgG titer on admission were independent predictors for the onset of pneumonia. After the onset of pneumonia, patients in the VDD group (n = 18) had higher percentage of fever (33 vs. 7.1%; p = 0.04) than those in the control group (n = 28); the interval of pneumonia resolution was longer (28 vs. 21 days; p = 0.02); lesions progressed more rapidly (p = 0.01) within 3 to 7 days and improved more slowly (p = 0.007) within more than 28 days; notably, simultaneous interleukin-6 (18.7 vs. 14.6 pg/ml; p = 0.04) levels were higher, and cycle thresholds for N gene (22.8 vs. 31.3; p = 0.04) and ORF1ab gene (20.9 vs. 28.7; p = 0.03) were lower within 3 to 7 days.

Conclusion: Vitamin D status may have effects on the progression and resolution, but not the onset of Delta variant-induced pneumonia in adults. Computed tomography image diagnosis system based on AI may have promising applications in the surveillance and diagnosis of novel SARS-CoV-2 variant-induced pneumonia.

KEYWORDS
 artificial intelligence, Delta, pneumonia, variant, vitamin D


Introduction

The uncertainty and unpredictability of coronavirus disease-2019 (COVID-19) epidemic caused by severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) have made it difficult for governments and health service systems to make timely decisions and take appropriate prevention and control measures, which has become a major global public health challenge (1). With the emergence of novel variants such as Delta and Omicron, SARS-CoV-2 is becoming more transmissible, less pathogenic and lung-invasive, significantly different from the ancestral virus (2). However, COVID-19 pneumonia remains the leading cause of severe illness and death, especially among older individuals with co-morbidities. Computed tomography (CT) imaging features high spatial resolution, is not susceptible to interference from structures outside the plane, and can display the details of lesions in multiple planes and directions. Therefore, chest CT plays an important role in the diagnosis of COVID-19 pneumonia and has important significance in the stratification of severity, drug efficacy evaluation, and prognosis (3). Notably, the characteristics and dynamics of pneumonia lesions induced by different novel variants are not well defined and inconclusive because most of them are mild, difficult to quantitative measure, and not easily distinguishable from other viral pneumonia (4, 5).

Vitamin D comes in two forms: ergocalciferol (D2) and cholecalciferol (D3). The former is a steroid found in some plants, but mainly in fungi. The latter is synthesized by solar ultraviolet-B irradiation in animal skin (6). As a fat-soluble prohormone, vitamin D is sequentially hydroxylated at C25 and C1 to produce the 25-hydroxyvitamin D [25(OH)D] in the liver with further metabolism in the kidney to the biologically active 1,25-dihydroxyvitamin D [1,25(OH)2D] (7). In addition to maintaining the homeostasis of calcium and phosphorus, vitamin D has immunomodulatory properties by stimulating the expression of immune function receptors in airway epithelial cells to comprehensively prevent acute respiratory infections (8–10). More importantly, vitamin D may modulate the shift of immune response toward T helper 1 (Th1) or Th2. Typically, the Th1-type immune response cascades to release pro-inflammatory cytokines, which may thereby cause cytokine storm and induce acute lung injury (11). In contrast, the Th2-type immune response has anti-inflammatory effects by activating B cell maturation and, in turn, producing pathogen-specific antibodies (12). In conditions of vitamin D deficiency (VDD) or insufficiency, the body’s immune system shifts toward the Th1 direction. Multiple studies have suggested that vitamin D may reduce COVID-19 mortality and severity in hospitalized patients, especially in adults with VDD (13, 14). Our previous clinical study found also higher viral loads and larger pneumonia lesions in vitamin D-insufficient children infected with Omicron BA.2, suggesting that vitamin D status may be involved in the pathogenesis of Omicron variant-induced pneumonia (15). However, the CT imaging dynamics of pneumonia induced by Delta variant and the specific effect of vitamin D status on it have not been currently reported in the literature. This longitudinal, real-world cohort study may be necessary for the prevention and treatment of COVID-19 pneumonia.



Materials and methods


Study design and data collection

The institutional COVID-19 database of Shenzhen Third People’s Hospital was used, which was continuously updated until April 1, 2022. Our first case of Delta variant infection was confirmed on June 14, 2021. A longitudinal, real-world cohort study was conducted to evaluate the effect of vitamin D status on adult COVID-19 pneumonia induced by the Delta variant. Prior to the formal analysis, our research team discussed and developed case selection criteria and data collection tables internally, and conducted training for each member to ensure data quality. Two authors (JZ and QZ) independently retrieved electronic medical records and identified eligible cases, and a third author (YL) judged and ruled in the cases that consensus was not reached. The authors (HH and DP) participating in the final data analysis were blinded to the grouping settings and conditions.

Inclusion criteria:

1. From June 14, 2021 to April 1, 2022, all adult patients infected with the SARS-CoV-2 Delta variant who were tested for serum 25(OH)D concentration on admission and continuously monitored for chest CT during hospitalization and after discharge.

Exclusion criteria:

1. Cases with missing key data or lost to follow-up.

2. Cases with pre-existing chronic structural lung disease, including but not limited to chronic obstructive pulmonary disease (COPD), bronchiectasis, tuberculosis, lung tumors, or pre-existing immunosuppression.



Clinical definition and classification

Adult were defined as being more than 18 years old. All COVID-19 patients were admitted to Shenzhen Third People’s Hospital for isolation and treatment, underwent at least one bi-weekly follow-up after discharge. Relevant examinations were completed as routine procedures. Quantitative reverse transcriptase-polymerase chain reaction (qRT-PCR) was used to detect SARS-CoV-2 positive and viral load in nasopharyngeal swab samples. A cycle threshold of <40 for N gene or ORF1ab gene was defined as positive. Whole-genome sequencing and bioinformatics analysis were used to confirm SARS-CoV-2 variant types. Fever was recognized when body temperature is higher than or equal to 37.3°C. Respiratory symptoms included nasal congestion, runny nose, sneezing, sore throat, cough, expectoration, chest pain, and dyspnea. Vaccination status was classified as unvaccinated, routinely vaccinated and booster vaccinated. The routinely vaccinated was defined as vaccination with a standard two-dose inactivated vaccine. The booster vaccinated was defined as vaccination with an additional third dose of homologous inactivated vaccine.



Imaging evaluation

Non-contrast thin-section chest CT was performed using Shanghai uCT760 64-row spiral CT machine (reconstruction slice thickness 0.625 mm). All image data were observed within the lung window with a window settings (width 1,600 HU; level −550 HU). COVID-19 pneumonia lesions on chest CT including ground-glass opacities (GGOs), consolidation, and nodular opacities were automatically identified and quantified using artificial intelligence (AI) software (InferRead CT Pneumonia, V1.1.3.0, Tuixiang, Beijing, China). The normalized and individualized lesion volume (the ratio of total lesion volume to simultaneous total lung volume) was calculated using the same method as in our previous study (15). The overwhelming absorption of the lesion (greater than 95% of the maximum normalized lesion volume) was defined as the resolution of pneumonia. All patients with pneumonia underwent chest CT every 3 days during hospitalization and once a week after discharge until resolution. Given that the median (interquartile range, IQR) length of hospital stay and interval of pneumonia resolution were 24 (18–29) and 24 (14.5–30.5) days, respectively, we selected six time periods from T1 to T6 after the onset of pneumonia to observe lesion dynamics. T1 to T6 represent the following: T1 ≤ 3; 3 < T2 ≤ 7; 7 < T3 ≤ 14; 14 < T4 ≤ 21; 21 < T5 ≤ 28; T6 > 28 days. Meanwhile, the ratio of normalized lesion volume in Tx + 1 to Tx was calculated to observe the longitudinal changes of lesions. The Tx + 1 to Tx ratio greater than or less than 1 indicates progression or improvement, respectively. If there were two or more measurements in the same time period, their average was calculated.



Laboratory parameter

Serum 25(OH)D concentrations were detected using vitamin D Total Assay Kit (ADVIA Centaur®, Siemens Medical Diagnostics Inc., New York 10,591, United States) based on chemiluminescence method. Vitamin D status (deficient or not) was classified into VDD and non-VDD (control) based on baseline 25(OH)D levels, with reference to cut-offs commonly used in Global Consensus Recommendations: (1) VDD was defined as serum 25(OH)D concentration < 20 ng/ml; (2) Control was defined as serum 25(OH)D concentration ≥ 20 ng/ml (16).

The specific IgM and IgG antibodies against SARS-CoV-2 in serum specimens were quantitatively determined using the Novel Coronavirus (2019-nCoV) Antibody Detection Kit based on chemiluminescence method. The observed IgM titers ≥1 AU/ml or IgG titers ≥10 AU/ml were considered positive, respectively. Laboratory results in the first day after admission (T0) and simultaneous time periods from T1 to T5 after the onset of COVID-19 pneumonia were observed.



Statistical analysis

All analyses were conducted by using of IBM Statistical Product and Service Solutions Version 26 (SPSS 26.0, IBM Inc., Chicago, IL) and GraphPad Prism 8 software. Descriptive statistics were summarized as median [IQR] or [mean ± standard deviation (SD)] for continuous variables, depending on whether their distributions are normal or not, and frequencies and percentages for categorical variables. Parametric tests (independent sample t-test) or non-parametric tests (Mann–Whitney U-test) for continuous variables, and Pearson Chi-square test or Fisher exact test for categorical variables were used. Variables with p < 0.1 in the univariate comparison results were entered into a multivariate binary logistic model. Model fitness was assessed with the Hosmer–Lemeshow goodness-of-fit test. p < 0.05 was considered as statistically significant in all tests if applied.




Results


Demographic and clinical characteristics and baseline laboratory results

Till April 1, 2022, a total of 161 discharged adult patients infected with the Delta variant were included in this study, of which 101 (63%) were male and 46 (29%) presented with pneumonia. The median (IQR) age and baseline 25-hydroxyvitamin D concentration were 37 (28–47) years and 21 (17–27) ng/ml, respectively. There were significant differences in age (34 vs. 43 years; p < 0.001), SARS-CoV-2 IgM titer (0.3 vs. 0.1 AU/ml; p = 0.002), SARS-CoV-2 IgG seropositive (84 vs. 44%; p < 0.001), and titer (82.8 vs. 3.3 AU/ml; p < 0.001), lymphocyte (1.36 vs. 0.87 × 10^9/L; p = 0.002) and platelet count (224 vs. 200 × 10^9/L; p = 0.04), fibrinogen (2.9 vs. 3.3 g/L; p < 0.001), and aspartate aminotransferase (27 vs. 29 U/L; p = 0.01) between the non-pneumonia (n = 115) and pneumonia (n = 46) groups. Detailed demographic and clinical characteristics and baseline laboratory parameter are presented in Table 1.



TABLE 1 Univariate comparison between the non-pneumonia and pneumonia groups on admission.
[image: Table1]



Independent predictors for the onset of COVID-19 pneumonia

Variables with p < 0.1 including age, SARS-CoV-2 IgM titer, SARS-CoV-2 IgG titer, lymphocyte and platelet count, fibrinogen, aspartate aminotransferase, diabetes comorbidity, and ratio of arterial oxygen partial pressure (PaO2) to fraction of inspired oxygen (FiO2) were entered into a backward stepwise multivariate binary logistic regression model. The last step was to obtain three independent predictors of age, fibrinogen, and SARS-CoV-2 IgG titer (Table 2). Goodness-of-fit testing was used to assess deviations between observed and expected values. A p value of >0.05 implies no significant difference. Here, the p value of Hosmer–Lemeshow test in our model was 0.69.



TABLE 2 Independent predictors for the onset of Delta variant-induced pneumonia on admission.
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Effects of vitamin D status on COVID-19 pneumonia

All cases with pneumonia were divided into the control (n = 28) and VDD (n = 18) groups. The average age were 48 and 41 years, respectively. Differences in percentage of male gender, vaccination status, and comorbidities were not statistically significant. Two (7.1%) cases in the control group and six (33%) cases in the VDD group presented with fever, with significant difference (p = 0.04); 17 (61%) and 14 (78%) presented with respiratory symptoms. The median (IQR) interval of negative RNA conversion and interval from admission to pneumonia onset were 19 (14–26) days and 3 (0.3–5) days, respectively. There was no statistical difference between the two groups (Table 3). The lesions of Delta variant-induced pneumonia mainly included GGOs and consolidation (Figure 1A). After the onset of pneumonia, the VDD group had larger normalized lesion volume (0.6 vs. 0.06%; p = 0.04) within more than 28 days (Figure 1B; Supplementary Table S1); more rapidly progressed lesions (2.6 vs. 1.1; p = 0.01) within 3 to 7 days and slowly improved lesions (0.96 vs. 0.16; p = 0.007) within more than 28 days (Figure 1C); longer interval of pneumonia resolution (Figure 1D) compared with the control group (Supplementary Table S2).



TABLE 3 Demographic and clinical characteristics of patients with pneumonia induced by the Delta variant.
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FIGURE 1
 Lesion dynamics in six time periods from T1 to T6 after the onset of COVID-19 pneumonia induced by the Delta variant. T1 to T6 represent the following: T1 ≤ 3; 3 < T2 ≤ 7; 7 < T3 ≤ 14; 14 < T4 ≤ 21; 21 < T5 ≤ 28; T6 > 28 days. Pneumonia lesions on computed tomography (CT) were identified and measured by artificial intelligence (AI) and radiologists. The blue or red connecting line and symbols represent the control or VDD group, n = 7–28 or n = 9–18 per condition, respectively. Symbols in the line chart represent median. Scatter dot plot and error bars represent mean and standard deviation. GGO, ground-glass opacity; VDD, vitamin D deficiency; Control, without VDD. (A) COVID-19 pneumonia lesions mainly included GGO and consolidation (CO). (B) The normalized lesion volume between the control and VDD cases was significantly different (0.6 vs. 0.06%) within more than 28 days. (C) The Tx + 1 to Tx ratio of normalized lesion volume greater than or less than 1 indicates progression or improvement, respectively. Lesions in the VDD group progressed more rapidly (2.6 vs. 1.1) within 3 to 7 days and improved more slowly (0.96 vs. 0.16) after 28 days than those in the control group. (D) The interval of pneumonia resolution in the VDD group was longer (28 vs. 21 days) than that in the control group.




Simultaneous laboratory result after the onset of pneumonia

Compared with the control group, the VDD group had higher interleukin-6 (IL-6; 18.7 ± 5.5 vs. 14.6 ± 6.2 pg/ml; p = 0.04; Figure 2B) and lower cycle thresholds for N gene (22.8 ± 7.9 vs. 31.3 ± 8; p = 0.04; Figure 2E) and ORF1ab gene (20.9 ± 4.2 vs. 28.7 ± 6.9; p = 0.03; Figure 2F) within 3 days. There was no statistical difference in lymphocyte count (Figure 2A), fibrinogen (Figure 2C), D-dimer, SARS-CoV-2 IgM titer, SARS-CoV-2 IgG titer (Figure 2D), and procalcitonin between the two groups (Supplementary Table S3).
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FIGURE 2
 Laboratory result dynamics in the first day after admission (T0) and simultaneous time periods from T1 to T5 after the onset of COVID-19 pneumonia. T1 to T5 represent the following: T1 ≤ 3; 3 < T2 ≤ 7; 7 < T3 ≤ 14; 14 < T4 ≤ 21; 21 < T5 ≤ 28 days. IL-6, interleukin-6; SARS-CoV-2, severe acute respiratory syndrome coronavirus-2. The blue or red connecting line and symbols represent the control or VDD group, n = 8–28 or n = 5–18 per condition, respectively. Symbols and error bars in the line chart represent median and interquartile range (A,D) or mean and standard deviation (B,C,E,F). (A) Lymphocyte. (B) IL-6 in the VDD group was higher (18.7 ± 5.5 vs. 14.6 ± 6.2 pg/ml) than that in the control group within 3 days. (C) Fibrinogen. (D) SARS-CoV-2 IgG titer. (E) Cycle threshold for N gene in the VDD group was lower (22.8 ± 7.9 vs. 31.3 ± 8) than that in the control group within 3 days. (F) Cycle threshold for ORF1ab gene in the VDD group was lower (20.9 ± 4.2 vs. 28.7 ± 6.9) than that in the control group within 3 days.





Discussion

To our knowledge, this is the first longitudinal, real-world cohort study on the effect of vitamin D status on Delta variant-induced COVID-19 pneumonia in adults so far. It is well known that there have been multiple outbreaks of SARS-CoV-2 variants around the world, including Alpha, Beta, Gamma, Delta, and Omicron in chronological order. Among these outbreaks, the incidence of viral pneumonia decreased significantly with the chronological order of the variant types (17). Moreover, the clinical and CT imaging features of pneumonia induced by the novel variant were significantly different from those by the wild-type (WT) strain and preceding variants (5, 18). Currently, the Omicron variant and its novel sublineages, such as BA.2.12.1, BA.4/BA.5, and BF.7, quickly took over Delta and became the overwhelmingly dominant strain worldwide. The application of clinical and CT imaging knowledge based on WT to guide the evaluation and treatment of Omicron variant-induced pneumonia may lead to certain bias. Furthermore, several recent cross-sectional studies have demonstrated that the Omicron variant shows fewer, less severe, and more “atypical” lesions on chest CT than the Delta variant (5, 18, 19). Despite differences and inconsistencies, Delta is still likely to be closest to Omicron in terms of timing of occurrence, vaccination status, and clinical and imaging features. Our longitudinal observational study clearly described the CT imaging dynamics of Delta variant-induced pneumonia by innovatively combining AI with radiologists to identify and measure lesions, and highlighted the effects of vitamin D status on lesion dynamics and simultaneous laboratory results, which could provide references for the clinical management of Omicron variant-induced pneumonia.

Some studies have reported that older age, comorbidities, coagulation dysfunction, and unvaccinated status may increase the risk of COVID-19-related acute respiratory distress syndrome (ARDS) and pneumonia (14, 20–22). Our multivariate binary logistic regression analysis obtained three independent predictors of age, fibrinogen, and SARS-CoV-2 IgG titer. The median age of patients with pneumonia was significantly higher than that of patients without pneumonia (43 vs. 34 years). Age-related comorbidities are hypothesized to be important contributing factors. However, there was no statistical difference in the hypertension comorbidity between the two groups, which may be related to the higher prevalence of Delta infection in younger adults and the small sample size of this study. Autopsy studies of patients who died from severe COVID-19 have shown diffuse alveolar injury consistent with ARDS and high pulmonary microvascular thrombosis burden (23). High circulating fibrinogen levels indicate hyperinflammatory syndrome (HIS) and hypercoagulable disorder, which are closely associated with adverse outcomes of COVID-19 pneumonia (24). Although the level of D-dimer was not statistically different between the two groups, the higher level of fibrinogen in the pneumonia group suggests that coagulation activation may be involved in the onset of pneumonia. From this perspective, prophylactic anticoagulation may benefit patients with COVID-19 pneumonia.

Domi et al. included 97 adult patients who required mechanical ventilation for severe COVID-19 pneumonia and found that the patients with favorable outcome had increased serum SARS-CoV-2 antibody levels on admission (22). Several randomized clinical trials of COVID-19 convalescent plasma for hospitalized adults with pneumonia have reported that selective participants who received early treatment (60% were SARS-CoV-2 antibody seronegative and had a median of 3 comorbidities) achieved significant benefits in clinical severity scores and 28-day mortality (25), while non-selective participants did not (26). These results suggest that the level of SARS-CoV-2 antibody on admission is closely related to the onset of COVID-19 pneumonia. We also observed consistent results that SARS-CoV-2 IgG titers were 25-fold higher in the non-pneumonia group than the pneumonia group. A recent study showed that vaccinated patients with SARS-COV-2 breakthrough infection showed fewer chest CT findings of pneumonia than unvaccinated patients. However, variant types and specific SARS-COV-2 antibody levels were unknown in this study (21). Comprehensively, boosting vaccination to increase SARS-CoV-2 IgG level may be an important and effective approach for prevention and treatment of Delta variant-induced pneumonia.

In our study, unenhanced axial CT imaging showed that the pneumonia lesions were typically manifested as consolidation and GGO, and predominantly involving both lower lobes with subpleural distribution, and with bronchial wall thickening in a few cases. The predominant pattern of Delta variant-induced pneumonia on CT images could be classified as typical appearance with reference to the proposed reporting language for CT findings related to COVID-19 in the RSNA Expert Consensus Statement (23, 27). The pneumonia lesion occurred at a median of 3 days after admission, peaked within 3 to 7 days after onset, and then began to be absorbed. Compared with the Omicron subvariant BA.2 previously studied in children (15), we found that the Delta variant had more extensive lung involvement and caused more extensive parenchymal changes on chest CT images, which was basically consistent with other emerging studies (5, 18, 19). However, CT images of pneumonia lesions in Delta and Omicron appear to be milder and less recognizable than those in WT and Alpha (17). With the emergence of novel SARS-CoV-2 variants, COVID-19 pneumonia lesions progress rapidly and are not easily identified manually, requiring multiple chest CT scans with a large number of images, which brings a huge workload for radiologists. The image data processing and analysis system based on AI can provide multi-dimensional quantitative information and make image diagnosis automatically, quickly and objectively (4, 15). AI makes it possible to repeatedly measure and quantify pneumonia lesions for longitudinal and interindividual comparisons under different conditions. Therefore, CT image diagnosis system based on AI may have promising applications in the surveillance and diagnosis of novel SARS-CoV-2 variant-induced pneumonia.

Ben-Eltriki et al. found in a meta-analysis that low vitamin D status was statistically associated with a higher risk of death or severe COVID-19 pneumonia (28). Surprisingly, serum 25(OH)D levels were not statistically different between the pneumonia and non-pneumonia groups, suggesting that vitamin D status may not be involved in the onset of Delta variant-induced pneumonia. However, after the onset of pneumonia, patients in the VDD group had higher percentage of fever (33 vs. 7.1%) than those in the control group; the interval of pneumonia resolution was longer (28 vs. 21 days); lesions progressed more rapidly within 3 to 7 days and improved more slowly within more than 28 days; interestingly, simultaneous interleukin-6 (IL-6) levels were higher, and cycle thresholds for N gene and ORF1ab gene were lower within 3 to 7 days; but not for fibrinogen and SARS-CoV-2 IgG. These results are basically consistent with previous studies (13, 15, 24, 28), suggesting that non-VDD status may play a lung protective role by reducing viral load and regulating inflammatory response to inhibit the progression of pneumonia.

It has been demonstrated that enzyme 25(OH)D 1-α hydroxylase (CYP27B1) is upregulated in activated immune cells, so circulating 25(OH)D levels could be lowered by the COVID-19-associated systemic inflammatory response (29). Our study found a significant decrease in serum 25(OH)D levels in the pneumonia group within 3–4 weeks during hospitalization compared to those in the non-pneumonia group and at admission, further providing evidence that detection of vitamin D status and supplementation to correct VDD after Delta variant infection may be justified in preventing severe COVID-19 pneumonia and ARDS (Supplementary Table S4; Supplementary Figure S1). Despite complex mechanisms, 1,25(OH)2D (calcitriol) as an active form of vitamin D has been reported to bind to vitamin D receptor (VDR) to exert anti-inflammatory, suppressor cytokine storm effects (13). Calcitriol is currently approved for clinical use as an active vitamin D hydroxymetabolite that works directly without the need for hydroxylation in the liver and kidney and may be very promising. Future expansion on this work should consider measuring and supplementing calcitriol.

Our study have several limitations that warrant mention. (1) Due to the single-center, small sample size, observational nature, there are certain confounding factors. (2) Due to particularly strict quarantine in China, some asymptomatic or mildly symptomatic patients were admitted to hospital in the early stages of COVID-19. The median (IQR) interval from admission to pneumonia onset was 3 (0.25–5) days. The multivariate binary logistic regression analysis may have introduced bias in predicting the onset of pneumonia based on laboratory results in the first day after admission. (3) Our study focused on lesion volume dynamics when evaluating pneumonia with CT imaging, and it is uncertain whether there is a linear correlation between lesion volume and disease severity and prognosis. Consequently, these results should be carefully interpreted and applied clinically due to potential selection bias and residual confounding. Notwithstanding these limitations, our study provides comparative clinical characteristics and CT imaging dynamics of Delta variant-induced COVID-19 pneumonia, which have not been clearly described in the literature.



Conclusion

Vitamin D status may have effects on the progression and resolution, but not the onset of Delta variant-induced pneumonia in adults. Non-VDD status may play a lung protective role by reducing viral load and regulating inflammatory response to inhibit the progression of pneumonia. CT image diagnosis system based on AI may have promising applications in the surveillance and diagnosis of novel SARS-CoV-2 variant-induced pneumonia.
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Background: Previous studies have confirmed that both affect and emotion regulation strategies are closely associated with psychological capital (PsyCap) and resilience. These factors are assumed to buffer the effect of the COVID-19 pandemic on mental health, especially among males. However, these interactions have not been closely examined to date. To fill this gap, this paper explores the dimension-level relationships of these psychological constructs among Chinese males during the late stage of the COVID-19 pandemic and identified critical bridge dimensions using network analysis.

Methods: A total of 1,490 Chinese males aged 21–51 years completed self-report scales assessing emotion regulation strategies, affect, PsyCap, and psychological resilience. Two regularized partial correlation networks, namely the affect and emotion regulation-PsyCap network and the affect and emotion regulation-psychological resilience network, were then constructed to examine links between the dimensions of these constructs. The bridge expected influence (BEI) index was also calculated for each node to identify important bridge nodes.

Results: Positive affect, negative affect, cognitive reappraisal, and expressive suppression showed distinct and complex links to various dimensions of PsyCap or psychological resilience. In both networks, positive affect, cognitive reappraisal, and negative affect were identified as critical bridge nodes, with the first two having positive BEI values and the third having a negative value.

Conclusion: The findings elucidate the specific role of the dimensions of emotion regulation or affect in relation to PsyCap and psychological resilience, which facilitates further understanding of the mechanisms underlying these interrelationships. These findings also provide implications for developing effective intervention strategies to increase PsyCap and psychological resilience.

KEYWORDS
 positive and negative affect, emotion regulation, psychological capital, psychological resilience, network analysis, COVID-19 pandemic


1. Introduction

The coronavirus disease-2019 (COVID-19) pandemic has imposed great challenges on the world. Restrictions on social interactions, increased economic burden, and uncertainty about the future caused by the pandemic have seriously impacted the mental health of the general population (1–4). Notably, gender had an effect on the mental health outcomes resulting from COVID-19—males are susceptible to the negative effects of the pandemic to a certain extent. Having to work from home following a COVID-19 outbreak has been linked to worse mental health in men, but not in women (5). COVID-19 adversely influences male fertility and sexual health, and the effects are both biologically and mentally (6, 7). Males are also at greater risk of severe COVID-19 infection and death compared to females (8, 9). These features may aggravate the effect of COVID-19 on mental health among males and deplete their psychological resources (10). During such a unique period as the global COVID-19 pandemic, people need sufficient psychological resources to maintain mental health (11), which is especially true for males.

Psychological capital (PsyCap) refers to a psychological resource beyond social and human capital (12) that comprises the four dimensions of self-efficacy, optimism, hope, and resilience (13). PsyCap is assumed to be a protective resource to combat psychological distress (14). Psychological resilience, which is defined as coping, adapting, and thriving in the context of adversity (15) or quick recovery of stable functioning after exposure to trauma (16, 17), helps avoid psychological distress in the case of disasters or disease outbreaks (18–21). PsyCap and psychological resilience thus have important implications for mental health outcomes in the context of the COVID-19 pandemic (22, 23). For example, it has been shown that PsyCap buffered psychological distress and protected against depression and anxiety during the COVID-19 pandemic (11, 24). However, mandatory confinement during the pandemic could cause a significant reduction in PsyCap (25). Previous studies have also identified the protective role of psychological resilience against pandemic-related anxiety, depression, psychological stress, and emotional exhaustion (26–29). Therefore, PsyCap and psychological resilience play important roles for maintaining public mental health during the pandemic.

Understanding how relevant factors impact PsyCap and psychological resilience may contribute to strategies to enhance them, thereby attenuating the negative effects of the pandemic on mental health. The relationships between affect, emotion regulation, and PsyCap, as well as those between affect, emotion regulation, and psychological resilience have received extensive attention. Affect, which comprises positive and negative affect (30, 31), is closely related to PsyCap and psychological resilience (32–35). Emotion regulation refers to the capacity to manage and express emotions (36, 37) and reflects anticipation, reactivity, and adaptation occurring after life events (38). According to the personal resource theory, positive affect is promoted by successful emotion regulation and consequently leads to the accumulation of PsyCap (36). Moreover, effective emotion regulation was found to promote PsyCap and reduce psychological impairment caused by the pandemic (39). Studies have also reported that individuals who can effectively regulate their emotions and experience positive affect more frequently have greater psychological resilience to deal with challenges (34, 40, 41). Furthermore, maladaptive emotion regulation was found to buffer the positive effects of psychological resilience on insomnia (42).

Most previous studies tended to regard PsyCap or psychological resilience as a whole and assessed them via summed scores, which masks the heterogeneity and extent of essentiality of the different components of PsyCap or psychological resilience. This approach has hindered the understanding of the detrimental or protective effects of positive and negative affect and various emotion regulation strategies on the distinct dimensions of PsyCap or psychological resilience (43–45). In addition, as the influence of positive and negative affect and different emotion regulation strategies on PsyCap and psychological resilience have not been quantified to date, specific intervention targets to enhance PsyCap or resilience are unknown. Similar concerns have been reported in research on depression: the use of sum-scores to assess depression based on the assumption that depression is a single condition and all its symptoms are equivalent has hampered the identification of biomarkers and more efficacious antidepressants (43, 44, 46). Hence, analysis at a fine-grained level, rather than reliance on sum-scores, is an important way forward.

Network analysis is an emerging data-driven approach that is widely used in psychology and psychopathology to estimate and visualize relevant psychological constructs (47, 48) that can satisfy this research requirement. According to network analysis theory, psychological constructs can be considered as a network emerging from interactions between different components (dimensions or items), in which nodes represent interacting components of constructs and edges represent correlation pathways between these components (49–51). Network analysis can graphically delineate these interactions to provide insights into the psychopathological mechanisms and develop targeted intervention strategies (52). Network analysis can also provide meaningful indices to evaluate the roles the nodes play in the network (53). For example, the bridge expected influence (BEI) index is used to assess the influence of a given node on nodes of other psychological constructs. BEI can help to determine the bridge nodes that play important roles in maintaining the co-occurrence of constructs (54), which may be useful to inform interventions (52, 54–56). Network analysis has been applied in prior studies on psychological resilience. A cross-country network analysis study identified caregiver support during stressful times as the most central factor for adolescent resilience (57). The relationships between coping and resilience, as well as the effects of expressive arts therapy on resilience, have also been studied using network analysis (58, 59). However, at present, network analysis has not been used to examine the fine-grained relationships between affect, emotion regulation, and PsyCap, or between affect, emotion regulation, and psychological resilience.

To address this research gap, the present study used network analysis to examine the dimension-level network structures of affect, emotion regulation, and PsyCap, as well as that of affect, emotion regulation, and psychological resilience. Node BEI indices were calculated to quantitatively evaluate the role of nodes in bridging affect and emotion regulation with PsyCap or psychological resilience. The aims of this study are to (1) explore the fine-grained correlation patterns of affect, emotion regulation, and PsyCap, as well as affect, emotion regulation, and psychological resilience; and (2) identify critical bridge nodes that transmit the positive and negative impacts of affect and emotion regulation on PsyCap and resilience. Studying these relationships during the late stage of the COVID-19 pandemic in particular is of significance for efforts to further understand the mechanisms underlying the links between these relationships and to determine targeted intervention strategies that enhance PsyCap and psychological resilience. This study is necessary because recently published studies support that the mental health issues caused by the COVID-19 pandemic are long-lasting (60–62); the present study provides references for the promotion of mental health to meet both current and future challenges caused by the COVID-19 pandemic.



2. Methods


2.1. Study design and participants

A multi-center, cross-sectional survey was conducted in five communities distributed in southeastern, western, southern, northern, and central China (i.e., Guangzhou, Kashgar, Kunming, Shenyang, and Wuhan) from March 2021 to August in 2021. The time span chosen for this study is relatively long because different cities had different pandemic prevention and control stages. This study was approved by the Ethics Committee of the First Affiliated Hospital of the Air Force Medical University and carried out in accordance with the Declaration of Helsinki. Before the start of the survey, two researchers were trained using a standardized procedure. For data collection, the researchers used standardized instructions to introduce background, objective, procedures, the voluntary nature of participation, declarations of anonymity and confidentiality, as well as the survey questionnaires for participants. All participants provided informed consent. Subsequently, the participants completed the questionnaires independently, which were retrieved on the spot after completion.

A total of 1,600 participants were recruited by convenience sampling and completed paper and pencil tests (i.e., questionnaires). The questionnaires gathered demographic information (e.g., age, gender, parent structure, and educational attainment) and four valid scales to measure emotion regulation, affect, PsyCap, and psychological resilience. The inclusion criteria were as follows: (1) age ≥18 years; (2) gender: male; (3) normal communication skills; and (4) provision of informed consent. Participants who had recently experienced major life events (e.g., bereavement because of the death of a close relative or friend, major injury/illness, and separation or breakup of a personal intimate relationship) were excluded. None of the respondents experienced the above events. Of the 1,600 participants, 93 did not complete all items and 17 selected the same response for all items. Thus, the final sample was 1,490 participants (mean age = 26, SD = 4.40, range = 21–51 years).



2.2. Measures


2.2.1. Emotion regulation questionnaire

The emotion regulation questionnaire (ERQ) was used to assess the frequency with which individuals habitually use cognitive reappraisal or expressive suppression to cope with emotional responses (63). The questionnaire comprises 10 items, including cognitive reappraisal (6 items) and expressive suppression (4 items) factors. ERQ is rated on a 7-point Likert scale ranging from 1 = strongly disagree to 7 = strongly agree, with higher scores indicating a higher usage frequency of emotion regulation strategies. The Cronbach’s α of ERQ in this study was 0.872.



2.2.2. Positive and negative affect scale

The positive and negative affect scale (PANAS) was used to measure each individual’s emotional experience during the past 1–2 weeks (31). The Chinese version of PANAS was employed (64) which includes a total of 18 items, 9 items each for positive and negative affect subscales. Each item is rated on a 5-point Likert scale ranging from 1 = very slightly or not at all to 5 = extremely, with higher scores indicating stronger feelings and emotions. The Cronbach’s α values of the positive affect subscale and negative affect subscale in this study were 0.924 and 0.843, respectively.



2.2.3. Positive psychological capital questionnaire

The modified 26-item positive psychological capital questionnaire (PPQ), which includes the four dimensions self-efficacy, resilience, optimism, and hope, was used to evaluate PsyCap (65, 66). Each item is rated on a 7-point Likert scale ranging from 1 = not at all true to 7 = entirely true, with a higher score indicating higher PsyCap. The Cronbach’s α of PPQ in this study was 0.943, suggesting extremely good internal consistency.



2.2.4. Connor-Davidson resilience scale

The 25-item Connor-Davidson resilience scale (CD-RISC) was used to measure psychological resilience (67). In a prior study, the use of CD-RISC disclosed a three-factor structure of resilience among Chinese adults comprising tenacity, strength, and optimism (68). Each item is rated on a 5-point Likert scale ranging from 0 = not true at all to 4 = true all the time, with higher scores indicating higher levels of psychological resilience. The Cronbach’s α of CD-RISC in this study was 0.953.




2.3. Statistical analysis

Network analysis was performed using RStudio (version 4.1.1) software. The affect and emotion regulation-PsyCap network and affect and emotion regulation-psychological resilience network were constructed and visualized using the R package qgraph (69). A combination of least absolute shrinkage and selection operator (LASSO) regularization and extended Bayesian information criterion (EBIC) was applied to construct networks to compress trivial edges to zero (51, 70, 71). The EBIC hyperparameter was set to 0.5 to balance the sensitivity and specificity of the extraction of true edges (72). Spearman’s rho correlation was employed for network construction because of the ordinal nature of the data. In the two networks, nodes represent dimensions of affect, emotion regulation, PsyCap, and psychological resilience, while edges represent the partial correlation between two nodes after statistical control of the confounding influence of all other nodes in the network (73).

To identify the bridge nodes connecting communities, the node BEI was computed using the R package networktools (54). BEI is the sum of the cross-community edge weights of a given node (54) and is especially suitable for determining bridge nodes in a network with both positive and negative edges (74). A higher BEI indicates a greater impact of the bridge node on other communities and a higher likelihood that nodes of the other community are activated (52, 54). The nodes in each network were pre-divided into two communities, namely (i) the affect and emotion regulation community and (ii) the PsyCap or psychological resilience community.

The robustness of the two networks was tested by the R package bootnet (51), which ensures the accuracy and replicability of the network analysis. Firstly, the nonparametric bootstrap method (1,000 bootstrapped samples) was used to evaluate the accuracy of the edge weights by computing the 95% confidence interval (CI); the narrower the 95% CI, the more accurate the estimated edge weights (51, 75, 76). Next, the case-dropping bootstrap procedure (1,000 bootstrapped samples) was used to test the stability of the node BEI by calculating the correlation stability (CS) coefficient; a CS coefficient > 0.5 indicates ideal BEI stability (47). Finally, statistical differences between node BEIs and edge weights were examined by bootstrapped difference tests (1,000 bootstrapped samples, α = 0.05).




3. Results


3.1. Descriptive statistics

All participants were male. The sample included 391 (26.24%) sole offspring and 1,099 (73.76%) non-sole offspring; 1,315 (88.26%) from biparental and 175 (11.74%) from one-parent families; 737 (49.46%) had junior college education or below and 753 (50.54%) had a bachelor’s degree or above. The abbreviations, mean scores, and SDs for the variables selected in the present two networks are shown in Table 1.



TABLE 1 Abbreviations, means, and standard deviations (SDs) of each variable.
[image: Table1]



3.2. Affect and emotion regulation-PsyCap network

Figure 1A shows the final network of emotion regulation, affect, and PsyCap comprising 8 nodes and 24 non-zero edges (with weights ranging from −0.16 to 0.60) out of 28 possible edges. There were 11 within-community and 13 cross-community edges. Of the edges connecting the affect and emotion regulation community and the PsyCap community, relatively important edges were identified. Among these, POA “positive affect” was positively associated with SEL “self-efficacy” (weight = 0.18), RES “resilience” (weight = 0.11), and OPT “optimism” (weight = 0.10). NEA “negative affect” was negatively related to RES “resilience” (weight = −0.16). CR “cognitive reappraisal” exhibited positive associations with OPT “optimism” (weight = 0.15) and SEL “self-efficacy” (weight = 0.10). Supplementary Table S1 shows all edge weights within the affect and emotion regulation-PsyCap network. The bootstrapped 95% CI was narrow (see Supplementary Figure S1), suggesting that the edge weights had been accurately estimated. The bootstrapped difference test for edge weights in this network is shown in Supplementary Figure S2.

[image: Figure 1]

FIGURE 1
 Network structure of emotion regulation, affect, and PsyCap dimensions. (A) EBICglasso network, where blue edges represent positive correlations and red edges represent negative correlations. A thicker edge reflects a higher correlation between nodes. (B) Centrality plot depicting the bridge expected influence of each node in the network (raw value). CR, cognitive reappraisal; ES, expressive suppression; POA, positive affect; NEA, negative affect; SEL, self-efficacy; RES, resilience; HOP, hope; OPT, optimism.


Figure 1B presents the raw BEI values for each node. In the affect and emotion regulation community, POA “positive affect” and CR “cognitive reappraisal” had the highest positive BEI values (BEI = 0.40 and 0.32, respectively), whereas NEA “negative affect” had the highest negative BEI value (BEI = −0.26). The CS coefficient of BEI was 0.75, indicating that the estimation of BEI was adequately stable (Supplementary Figure S3). Bootstrapped difference test showed that the BEI values of POA “positive affect,” CR “cognitive reappraisal,” and NEA “negative affect” were significantly different from those of 85.7–100% of other nodes (Supplementary Figure S4).



3.3. Affect and emotion regulation-psychological resilience network

Figure 2A shows the final network of emotion regulation, affect, and psychological resilience, which comprises seven nodes. There were 20 non-zero edges (with edge weights ranging from −0.18 to 0.63) out of 21 possible edges, including 9 within-community edges and 11 cross-community edges. Among these cross-community edges, relatively strong edges were found. POA “positive affect” and CR “cognitive reappraisal” were positively linked with STR “strength” (weight = 0.20 and 0.12, respectively). NEA “negative affect” and ES “expressive suppression” were negatively linked with STR “strength” (weight = −0.18 and − 0.09, respectively). All edge weights within the present network are shown in Supplementary Table S2. The narrow bootstrapped 95% CI indicated that the edge weights of the network were accurate (Supplementary Figure S5). Supplementary Figure S6 presents the bootstrapped difference test results for edge weights.

[image: Figure 2]

FIGURE 2
 Network structure of emotion regulation, affect, and psychological resilience dimensions. (A) EBICglasso network, where blue edges represent positive correlations and red edges represent negative correlations. A thicker edge reflects a higher correlation between nodes. (B) Centrality plot depicting the bridge expected influence of each node in the network (raw value). CR, cognitive reappraisal; ES, expressive suppression; POA, positive affect; NEA, negative affect; TEN, tenacity; STR, strength; OP, optimism.


Figure 2B depicts the raw BEI values for each node within the affect and emotion regulation-psychological resilience network. In the affect and emotion regulation community, POA “positive affect” and CR “cognitive reappraisal” exhibited the highest positive BEI values of 0.29 and 0.20, respectively, whereas NEA “negative affect” had the highest negative BEI value (BEI = −0.10). The CS coefficient of BEI was 0.75, which exceeded the preferred threshold and signified the stability of BEI (Supplementary Figure S7). The bootstrapped difference test showed that the BEI values of POA “positive affect,” CR “cognitive reappraisal,” and NEA “negative affect” were significantly different from those of 66.7–100% of other nodes (Supplementary Figure S8).




4. Discussion

The experience of the COVID-19 pandemic has dramatically impacted PsyCap and psychological resilience, especially among males. To identify protective and detrimental factors for PsyCap and resilience at a fine-grained level, this paper examined the network structure of emotion regulation, affect, and PsyCap, as well as the network structure of emotion regulation, affect, and resilience, among Chinese males during the late stage of the COVID-19 pandemic. The results showed that aspects of emotion regulation and affect function differently in relation to the dimensions of PsyCap and resilience, emphasizing certain relatively strong edges. Some of the dimensions were identified as bridge nodes that facilitate the impact of affect and emotion regulation on PsyCap and resilience. Importantly, these analyses support the accuracy and stability of the results.

It should be noted that certain strong cross-community edges were identified in the affect and emotion regulation-PsyCap network. POA “positive affect” was positively correlated with SEL “self-efficacy,” RES “resilience,” and OPT “optimism,” while NEA “negative affect” was negatively correlated with RES “resilience.” These results are consistent with a published study reporting that positive affect and PsyCap are positively associated, and that the opposite is true for the relation between negative affect and PsyCap (32). Other previous studies have also found that positive affect exerts a positive effect on PsyCap (77, 78). In the fine-grained exploration of the pathways between affect and PsyCap carried out in the present study, positive affect was associated with self-efficacy. This is consistent with previous reports showing that positive affect is a significant predictor of self-efficacy and that positive affect is a moderator between personal accomplishment and creative self-efficacy (79–81). Regarding positive affect and resilience, many lines of evidence support their close relationship and reciprocal reinforcement effect (82–84). It has even been suggested that positive affect may be part of resilience in a broad sense (85). Considering the positive correlation between positive affect and resilience, it was not surprising that negative affect was negatively associated with resilience, which is consistent with previous research (86, 87). Furthermore, a positive edge was found between positive affect and optimism, which is reasonable given their similar meanings (88). This finding is also in line with previous studies (89, 90).

Two further relatively strong cross-community edges were identified in the affect and emotion regulation-PsyCap network. CR “cognitive reappraisal” was positively associated with OPT “optimism” and SEL “self-efficacy,” implying that frequent use of a cognitive reappraisal strategy will likely increase PsyCap. Existing research has shown an intimate relationship between cognitive reappraisal and optimism. These two variables are regarded as components of personal resources or a hopeful future orientation, and lower levels of cognitive reappraisal and optimism were shown to contribute to higher psychological distress during COVID-19; predictably, there may be a close relation between these two variables (91, 92). Cognitive reappraisal represents a strategy of reinterpreting an emotion-eliciting situation in a way that reduces its negative impact (93–95), which can partly explain the relation between cognitive reappraisal and optimism. The positive link between cognitive reappraisal and self-efficacy is consistent with previous studies, reporting that cognitive reappraisal fosters anticipatory psychological appraisal of self-efficacy and greater self-efficacy and control under stress (96, 97). Importantly, cognitive reappraisers are predicted to be more optimistic and to have a greater sense of self-efficacy in regard to their immediate environment (63), which is consistent with the results of the present study.

In the affect and emotion regulation-psychological resilience network, certain relatively strong cross-community edges were found. STR “strength” was positively correlated with POA “positive affect” and CR “cognitive reappraisal,” but negatively correlated with NEA “negative affect” and ES “expressive suppression.” In general, previous studies have found that resilience is positively correlated with and fueled by positive affect and negatively correlated with negative affect (33–35), and that emotion expression and cognitive reappraisal can enhance psychological resilience (98, 99). These findings further suggest that affect and emotion regulation relate to psychological resilience at the dimension level—a relationship that is commonly overlooked by previous sum-score analyses. A previous correlational study found that the positive affect score was positively associated with the strength dimension of resilience, but the opposite was true for negative affect (100); these results are in line with those of the current study. There are several possible explanations for the links between emotion regulation strategies (i.e., cognitive reappraisal and expressive suppression) and strength. For example, cognitive reappraisal involves changing the way to think about a challenging situation, which may facilitate subjective perceptions of strength of psychological resilience. In contrast, expressive suppression involves hiding and inhibiting outward emotional expression, which results in an accumulation of negative emotions and undermines mental well-being, and can lead to the development of anxiety and depression during the late stage of COVID-19 (55, 101); hence, the strength dimension of psychological resilience may also be negatively impacted. Given that there are no studies with which to compare the findings of the present work, this issue should be validated in the future.

To quantify the impact of the dimensions of affect or emotion regulation on PsyCap and psychological resilience, the BEI of each node in the respective network was calculated. However, the BEI values of nodes in the affect and emotion regulation community were most intriguing. In the two constructed networks, POA “positive affect,” CR “cognitive reappraisal,” and NEA “negative affect” were identified as critical bridge nodes. Positive affect and cognitive reappraisal exhibited positive BEI values, indicating their beneficial effects on PsyCap and psychological resilience; in contrast, negative affect had a negative BEI value and may be a detrimental factor for PsyCap and resilience. As mentioned above, the three nodes were directly connected with the dimensions of PsyCap and psychological resilience. These findings are consistent with previous studies reporting that positive affect and cognitive reappraisal have positive effects, whereas negative affect exerts adverse effects, on PsyCap and psychological resilience (32–35, 77, 78, 98, 99). The present study adds further evidence for this from a network-theory perspective.

These findings have important implications. Regarding theoretical implications, examining the fine-grained relationships between affect or emotion regulation and PsyCap and psychological resilience provides preliminary insights into the specific pathways linking these psychological constructs. The active interactions between these dimensions, such as the relationship between positive affect and self-efficacy, facilitate the understanding of the mechanisms underlying the protective and risk-related roles of affect and emotion regulation for PsyCap and psychological resilience. Regarding practical implications, bridge nodes play important roles in the co-occurrence of psychological constructs and promote the transmission of positive or negative influences of one community on another (54). Hence, from the network analysis perspective, critical bridge nodes are potential targets for intervention (52, 54–56, 102). In the current study, positive affect, cognitive reappraisal, and negative affect are critical bridge nodes and thus are suggested as potential intervention targets, providing implications for clinical care and public mental health. For example, greater experience of positive affect, attenuation of negative affect, and frequent use of cognitive reappraisal could contribute to enhancing PsyCap and psychological resilience. Thus, this study offers meaningful theoretical and practical implications for the mental health of males in the context of the COVID-19 pandemic. Moreover, the new information provided by these findings can also be applied to other epidemics that show similarities to COVID-19 to a certain extent. This practice has been employed by other studies (103–105). For instance, a study suggested that the psychological intervention measures employed during the COVID-19 pandemic would be applicable to similar future epidemics (103); other studies drew on evidence from previous coronavirus outbreaks, namely severe acute respiratory syndrome (SARS) and Middle East Respiratory syndrome (MERS), to preliminarily obtain information regarding the psychological or neuropsychiatric implications of the COVID-19 pandemic (104, 105). Therefore, the findings of the present study can also be used as a reference for similar epidemics in the future.

The strengths of this study include its multi-center study design, large sample size, and utilization of network analysis with stable results. However, as with any research, this study is subject to limitations, which provide avenues for future research. First, the sample only included male adults, which limits the generalizability of the findings. Future studies should verify the extension of these findings to other populations such as females or the elderly. Second, because of the cross-sectional design of this study, causality between the dimensions of different constructs cannot be inferred. Future research should examine temporal causal relationships using longitudinal or experimental designs. Third, affect, emotion regulation, PsyCap, and psychological resilience were measured using self-report scales, which are predisposed to subjective bias. Thus, all results should be interpreted with caution. Fourth, as certain relevant aspects were not captured because only one scale was used to assess each psychological construct, the present study can only provide preliminary insights into the examined relationships. Future studies are encouraged to include other aspects of these constructs to conduct comprehensive examinations. Finally, because of resource-related reasons, selection bias cannot be ruled out as random sampling was not employed when recruiting participants.



5. Conclusion

This is the first study that uses network analysis to better understand the dimension-level interrelations between emotion regulation or affect and PsyCap and psychological resilience among Chinese males during the late stage of the COVID-19 pandemic. The findings elucidate the specific pathways through which these dimensions interact with aspects of PsyCap and psychological resilience. These pathways emphasize the positive roles of positive affect and cognitive reappraisal and the detrimental role of negative affect. These results have implications for clinical care and public mental health and provide references for targeted intervention strategies to enhance PsyCap and psychological resilience. This reference provides a basis for attenuating the adverse effects the COVID-19 pandemic imposed on mental well-being.
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Background: In the early stage of COVID-19 epidemic, the Chinese mainland once effectively controlled the epidemic, but COVID-19 eventually spread faster and faster in the world. The purpose of this study is to clarify the differences in the epidemic data of COVID-19 in different areas and phases in Chinese mainland in 2020, and to analyze the possible factors affecting the occurrence and development of the epidemic.

Methods: We divided the Chinese mainland into areas I, I and III, and divided the epidemic process into phases I to IV: limited cases, accelerated increase, decelerated increase and containment phases. We also combined phases II and III as outbreak phase. The epidemic data included the duration of different phases, the numbers of confirmed cases, asymptomatic infections, and the proportion of imported cases from abroad.

Results: In area I, II and III, only area I has a Phase I, and the Phase II and III of area I are longer. In Phase IV, there is a 17-day case clearing period in area I, while that in area II and III are 2 and 0 days, respectively. In phase III or the whole outbreak phase, the average daily increase of confirmed cases in area I was higher than that in areas II and III (P = 0.009 and P = 0.001 in phase III; P = 0.034 and P = 0.002 in the whole outbreak phase), and the average daily in-hospital cases were most in area I and least in area III (P = 0.000, P = 0.000, and P = 0.000 in phase III; P = 0.000, P = 0.000, and P = 0.009 in the whole outbreak phase). The average number of daily in-hospital COVID-19 cases in phase III was more than that in phase II in each area (P = 0.000, P = 0.000, and P = 0.001). In phase IV, from March 18, 2020 to January 1, 2021, the increase of confirmed cases in area III was higher than areas I and II (both P = 0.000), and the imported cases from abroad in Chinese mainland accounted for more than 55–61%. From June 16 to July 2, 2020, the number of new asymptomatic infections in area III was higher than that in area II (P = 0.000), while there was zero in area I. From July 3, 2020 to January 1, 2021, the increased COVID-19 cases in area III were 3534, while only 14 and 0, respectively, in areas I and II.

Conclusions: The worst epidemic areas in Chinese mainland before March 18, 2020 and after June 15, 2020 were area I and area III, respectively, and area III had become the main battlefield for Chinese mainland to fight against imported epidemic since March 18, 2020. In Wuhan, human COVID-19 infection might occur before December 8, 2019, while the outbreak might occur before January 16 or even 10, 2020. Insufficient understanding of COVID-19 hindered the implementation of early effective isolation measures, leading to COVID-19 outbreak in Wuhan, and strict isolation measures were effective in controlling the epidemic. The import of foreign COVID-19 cases has made it difficult to control the epidemic of area III. When humans are once again faced with potentially infectious new diseases, it is appropriate to first and foremost take strict quarantine measures as soon as possible, and mutual cooperation between regions should be explored to combat the epidemic.

KEYWORDS
COVID-19, Chinese mainland, epidemic, prevention, isolation measures


Introduction

Coronavirus disease 2019 (COVID-19) was first reported in Wuhan city of China at the end of 2019 (1). The gene sequence of the virus was first identified and published in China (2). After its human-to-human transmission route was identified, COVID-19 was classified as a Class B infectious disease and managed according to Class A infectious disease (3). During the outbreak period in Wuhan, the maximum number of confirmed COVID-19 cases per day was 1,985, and the maximum number of in-hospital COVID-19 cases per day was 38,020. The COVID-19 cases and close contacts were strictly isolated, the residential areas in Wuhan were under closed management, the vehicles were stopped, and the traffic between Wuhan and the outside world was closed (4–7). And the epidemic was once effectively controlled in Wuhan and even in the whole Chinese mainland, but COVID-19 has spread faster and faster worldwide, affecting 228 countries and territories (8). The emergence of COVID-19 variants Delta and Omicron (9), especially Omicron, has inevitably increased the difficulty of combating the epidemic. However, the virus mutation will not stop, and its transmission ability and lethality are also changing. In the face of the mutant virus, the effectiveness of the vaccine needs to be further observed. And mankind continues to face constant challenges.

The emergence and outbreak of COVID-19 epidemic in Chinese mainland is still a hot research topic. We assume that Chinese mainland has both valuable measures and shortcomings in the initial stage of combating the epidemic. The purpose of our research is to explore various factors that affect the occurrence and development of the COVID-19, and remind people to avoid detours when fighting against the epidemic (including unknown infectious diseases) in the future. To facilitate understanding of the epidemic in Chinese mainland, 2020, we divided Chinese mainland into three adjacent areas around Wuhan for the first time in the world, and divided the evolution of the pandemic into four phases. We tracked and compared the epidemic data in different phases and areas, including the data of confirmed, hospitalized cases and asymptomatic infections, as well as the data of imported cases from abroad. In addition, this article also covers the lack of understanding of the transmission route and speed of the virus when Wuhan first encountered this new virus, and the subsequent isolation measures.



Methods

In Chinese mainland, Wuhan was the first place where COVID-19 cases were found and infectious diseases broke out. According to the borders of Wuhan City, Hubei Province and Chinese mainland, we divided Chinese mainland into three adjacent areas: area I (Wuhan city), area II (Hubei province, excluding Wuhan city) and area III (Chinese mainland, excluding Hubei province) (Figure 1), centering around Wuhan. In addition, we called Hubei province (including Wuhan city) area IV, and called Chinese mainland area V (including Hubei province) (Figure 1). All medical and government departments have participated in the collection of epidemic data, and the state does not allow the omission of epidemic data. Health committees at all levels published the newly collected data in their jurisdiction every day. We tracked the daily epidemiological data of COVID-19 from the official websites of health committees at all levels before January 1, 2021. The epidemic data include the numbers of confirmed COVID-19 cases, asymptomatic COVID-19 infections and imported COVID-19 cases from abroad, and the ratio of imported COVID-19 cases from abroad. Cases with epidemiological history, clinical manifestations of fever or upper respiratory tract infection, imaging features of pneumonia, normal or decreased total white blood cells, or decreased lymphocyte count in the early stage of the disease, COVID-19 nucleic acid positive or gene highly homologous or specific IgM and IgG antibody positive, or the specific IgG antibody changing from negative to positive or the IgG antibody titer increasing by 4 times or more in the recovery phase than in the acute phase, are defined as confirmed COVID-19 cases (10–13). No clinical symptoms, respiratory tract and other samples with positive COVID-19 or positive serum specific IgM antibody are defined as asymptomatic COVID-19 infections (14).


[image: Figure 1]
FIGURE 1
 Division of COVID-19 epidemic areas in Chinese mainland.


According to the change trend of the number of confirmed COVID-19 cases, we divided the epidemic process into four phases: limited cases phase (Phase I) (Supplementary material 1, Figure 2A), the number of confirmed COVID-19 cases remained unchanged within a few days after the first diagnosis by nucleic acid test; Outbreak phase (Phase II and III), the number of confirmed COVID-19 cases increased rapidly after phase I, and the daily case-growth accelerated before reaching the peak and then decelerated. Therefore, the outbreak phase was divided into accelerated and decelerated increase phases, those were phase II and III (Supplementary material 1, Figure 2A); Containment phase (Phase IV), after phase III, the trend of daily growth of confirmed COVID-19 cases was almost zero, or tended to zero or there was no trend of repeated outbreak (Supplementary material 1, Figure 2B). According to the aforementioned rule of phases division, the epidemic process of areas I was divided into phase I, II, III, and IV, while the epidemic process of area II and III lacked phase I (Supplementary material 1, Figures 2A, B). In addition, the epidemic processes of area IV and V were divided into phase I, II, III, and IV, respectively (Supplementary material 1, Figures 2A, B).


[image: Figure 2]
FIGURE 2
 (A, B) Daily increase of confirmed COVID-19 cases in areas I, II, and III. Area I, Wuhan city. Area II, Hubei province (excluding Wuhan city). Area III, Chinese mainland (excluding Hubei province). From January 12, 2020, the sudden increase of new confirmed cases are related to the clinical cases (Nucleic acid undetected) from Hubei province (including Wuhan) being classified as confirmed cases. COVID-19 cases do not include asymptomatic COVID-19 infections.


The difference of data among different areas and phases was compared by ANOVA, and was called statistically significant at the 0.05 level. The data was expressed as mean plus minus standard error. SPSS13.0 was used for statistics. We used Excel 97 and Adobe Photoshop CS4 to draw the data into Figures 2–6.

In the early stage of the epidemic, the detection capacity of COVID-19 nucleic acid was insufficient. In order to enable COVID-19 cases to receive timely formal treatment and further improve the success rate of treatment, the clinical cases (Nucleic acid undetected) in areas I and II were classified as confirmed cases from January 12, 2020, resulting in a sudden and significant increase of newly confirmed COVID-19 cases (15). In addition, the COVID-19 cases mentioned in the article do not include asymptomatic COVID-19 infections.



Results


Time distribution differences of epidemic phases in different areas

Compared with areas II and III, the epidemic of area I alone had a phase I, and had a longer outbreak phase (62 days) (Supplementary material 1, Figures 2A, 3A). Although area I entered the outbreak phase earlier, the containment phase (phase IV) of area I came later because area I had longer phase II and III than areas II and III (Supplementary material 1, Figures 2A, 3A). In addition, the outbreak phase of area II and III started and ended almost at the same time, so they have similar duration: 45 and 48 days, respectively (Supplementary material 1, Figure 2A). After entering phase IV, area I gradually ushered in a 17-day case clearing period, while the case clearing periods of area II and III were only 2 days and zero, respectively (Figure 2).
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FIGURE 3
 (A–C) Cumulative COVID-19 cases updated daily (or weekly) in areas I, II, III, IV, and V. The data before July 3, 2020 was updated once a day, and the data after July 3, 2020 was updated once a week. Area I, Wuhan city. Area II, Hubei province (excluding Wuhan city). Area III, Chinese mainland (excluding Hubei province). Area IV, Hubei province (including Wuhan city). Area V, Chinese mainland (including Hubei province). On January 12, 2020, the sudden increase of confirmed cases was related to the clinical cases (Nucleic acid undetected) from Hubei province (including Wuhan) being classified as confirmed cases. COVID-19 cases do not include asymptomatic COVID-19 infections.




Number of confirmed COVID-19 cases and asymptomatic COVID-19 infections in different areas
 
Outbreak phase

During the outbreak phase of areas I, II and III, the cumulative numbers of confirmed cases on the first day, the day when the daily increased cases reached the peak and the last day were 45, 13,603 and 50,005 (area I), 12, 9,548 and 17,795 (area II), and 16, 6,916 and 12,958 (area III), respectively (Figures 2A, 3A). The number peaks of newly diagnosed COVID-19 cases updated daily were 1,985 (area I, February 7), 1,221 (area II, February 5) and 888 (area III, February 3) (Figure 2A). The number peaks of in-hospital COVID-19 cases updated daily were 38,020 (area I, February 18), 13,886 (area II, February 14) and 9,141 (area III, February 11) (Figure 4A). In phase III, even in the whole outbreak phase, the average daily increase of confirmed cases in area I was significantly higher than that in areas II and III (P < 0.05) (Supplementary material 2), and the average daily in-hospital cases were most in area I and least in area III among areas I, II, and III (P < 0.01) (Supplementary material 3). In addition, in areas I, II, and III, the average number of daily in-hospital COVID-19 cases in phase III was more than that in phase II of the same area (P < 0.01) (Supplementary material 3).
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FIGURE 4
 (A, B) In-hospital COVID-19 cases updated daily in areas I, II, and III. Area I, Wuhan city. Area II, Hubei province (excluding Wuhan city). Area III, Chinese mainland (excluding Hubei province).





Containment phase
 
March 18 to June 15, 2020

The average daily increase of confirmed cases in area III was higher than that in areas I and II (P < 0.01) (Supplementary material 2), and the average daily in-hospital cases were more in areas I and III than in area II (P < 0.01) (Supplementary material 3). The daily increase of asymptomatic infections in areas I and III was higher than that in area II (P < 0.01) (Supplementary material 4, Figure 5B). In areas I, II, and III, the average daily in-hospital asymptomatic infections were most in area I, followed by area III, and the least in area II (P < 0.01) (Supplementary material 5, Figure 5A).
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FIGURE 5
 Data of asymptomatic COVID-19 infections. (A) In-hospital asymptomatic COVID-19 infections updated daily in areas I, II, and III. (B) Daily increase of asymptomatic COVID-19 infections in areas I, II, and III. Area I, Wuhan city. Area II, Hubei province (excluding Wuhan city). Area III, Chinese mainland (excluding Hubei province). The data of asymptomatic COVID-19 infections could be obtained through the websites of health committees at all levels only after March 31, 2020.




June 16 to July 2, 2020 (case clearing period of area I)

In area III, the daily increased confirmed cases and in-hospital COVID-19 cases were 18.88 ± 2.61 and 365.18 ± 13.84, respectively, while in area I or II, both were zero (Supplementary material 2, 3). In area III, the daily increased and in-hospital asymptomatic infections were higher than those in area II (both P < 0.01), while in area I, both were zero (Supplementary material 4, 5, Figures 5A, B).



July 3, 2020 to January 1, 2021

Cumulative COVID-19 cases in area III increased by about 0.23 times, that is, 3,534 cases (16–19), while only 14 (20, 21) and 0 (16, 19–21) in areas I and II, respectively, in 182 days. The average weekly increased COVID-19 cases in area III were more than those in areas I and II (P < 0.01) (Supplementary material 6).




Imported COVID-19 cases

Before March 4, 2020, Chinese mainland only had accumulated 18 imported COVID-19 cases from abroad (22). After March 17, 2020, the imported cases accounted for more than 50% (Figure 6B). From March 18, 2020 to July 2, 2020, the average proportion of imported cases was 0.612 ± 0.007 in Chinese mainland (area V) (Figure 6B), while there was only one and zero imported COVID-19 case in area I and II, respectively (Figure 6A). From July 3, 2020 to January 1, 2021, the imported COVID-19 cases accounted for more than 55% in Chinese mainland (area V) (Figure 6C).
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FIGURE 6
 Data of imported COVID-19 cases from abroad. (A) Daily increase of imported COVID-19 cases from abroad in areas I, II and III from March 4, 2020 to July 2, 2020. (B, C) Proportion of cumulative imported COVID-19 cases from abroad to cumulative COVID-19 cases in Chinese mainland (area V) from March 4, 2020 to January 1, 2021. Area I, Wuhan city. Area II, Hubei province (excluding Wuhan city). Area III, Chinese mainland (excluding Hubei province). The data of imported COVID-19 cases from abroad could be obtained through the websites of health committees at all levels only after March 2 or 3, 2020.





Discussion

Wuhan Municipal Health Commission first released the epidemic of viral pneumonia on December 31, 2019 (1). On January 8, 2020, the virus was initially identified as novel coronavirus. On January 10, 2020, after nucleic acid detection, of all previous cases, 41 cases were confirmed as COVID-19 cases (23). Among the confirmed cases, the earliest time for cases to develop symptoms was December 8, 2019 (24). Therefore, the time of human initial infection with COVID-19 in Wuhan may be before December 8, 2019.

Different from areas II and III, only area I (Wuhan City) presented phase I (limited cases phase) of the epidemic, and the reason is unclear. In the early stage of the new epidemic, people knew little about COVID-19 and the pathogen detection technology was insufficient (25, 26), which might lead to missed diagnosis of COVID-19 cases. In addition, it was difficult to avoid underreporting epidemic cases (25). Therefore, the number of COVID-19 cases may be more than 41 during phase I, and we boldly speculate that the phase I of Wuhan epidemic may belong to the phase II in whole or in part. In other words, before January 16 or even 10, 2020, the epidemic of Wuhan might have entered the outbreak phase.

The epidemic of Wuhan (area I) alone had a limited cases phase, and had a longer outbreak phase (62 days) (Supplementary material 1, Figure 2A), which directly determined that the epidemic in the whole Hubei province (area IV) and the whole Chinese mainland (area V) had the same time limited cases phase and outbreak phase as that in area I (Supplementary material 1). Before the end of the outbreak phase, the daily increased cases and in-hospital cases in area I were more than those in areas II and III (Supplementary material 2, 3), which determined the epidemic trend in the whole Hubei Province (area IV) and the whole Chinese mainland (area V) (Figures 3A, 4A). Accordingly, before March 18, 2020, the epidemic situation in Wuhan played a decisive role in the epidemic situation in the whole Chinese mainland.

Wuhan had the most daily increased cases and in-hospital cases, while area III had the least in-hospital cases before March 18, 2020. We know that Wuhan was the place where the epidemic was first discovered. Area II is adjacent to Wuhan, and area III is farther from Wuhan (Figure 1). Spatially, the epidemic is easier to spread in Wuhan than in area II or III. In addition, the outbreak time of areas II and III is later than that of area I, so areas II and III have more time and more powerful measures to prevent COVID-19 outbreak. These may be the reason why the epidemic situation of outbreak phase in areas II and III is less severe than that in area I. At the beginning of the epidemic, Wuhan Municipal Health Commission mentioned several times that no clear evidence of human-to-human transmission was found (1, 23, 27–29), or the possibility of limited human to human transmission could not be ruled out, but the risk of continuous human to human transmission was low (29). Until January 20, 2020, when areas II and III epidemic began to appear, the National Health Commission classified COVID-19 epidemic as a class B infectious disease, and took prevention and control measures for class A infectious diseases to control the COVID-19 epidemic (3). Since then, close contacts could be isolated for medical observation according to law. However, 43 days have passed since the first symptom of the COVID-19 case was diagnosed in Wuhan. Accordingly, in the early stage of the epidemic of Wuhan, the deficient understanding of the transmission route of COVID-19 was easy to weaken people's awareness of prevention, and close contacts could not be isolated according to law for effective medical observation, which made the epidemic easy to spread in Wuhan and might be part of the reason why the outbreak phase epidemic of Wuhan was more severe than that in areas II and III. Therefore, when we again suffer from new infectious diseases with unclear transmission routes, we should first take strict isolation measures, which of course also requires corresponding laws to comply with.

On June 16, 2020, earlier than areas II and III, Wuhan entered a 17-day case clearing period of the epidemic, which not only marked the temporary termination of the epidemic of Wuhan, this also reflected that after the outbreak phase, the epidemic situation in Wuhan had been better controlled than that in areas II and III. In the outbreak phase, in addition to people wearing masks and trying to avoid personnel gathering, Wuhan also implemented measures to stop bus, subway, ferry and network taxi transportation (4), and implemented closed management for all residential areas (5). In the central urban area, motor vehicles were prohibited except for the licensed guaranteed supply of transport vehicles, free transport vehicles and official vehicles (5). From January 23 to April 8, 2020, the measure of closing the roads leaving Wuhan for 76 days was implemented (4, 6, 7). These measures not only limited the spread of the epidemic to areas outside Wuhan, but also effectively curbed the spread of the epidemic within Wuhan. In addition, these measures also avoided the adverse impact of the epidemic outside Wuhan on Wuhan. Therefore, these measures have played an important role in Wuhan entering the case clearing period earlier and ending the epidemic temporarily.

From March 18, 2020 to June 15, 2020, the number of in-hospital asymptomatic infections in area I was still more than that in area III (Supplementary material 5), and no matter the number of in-hospital cases or the number of new asymptomatic infections, there was no statistical difference between area I and III (Supplementary material 3, 4). However, after June 15, 2020, all the data of area III, including newly increased and in-hospital confirmed cases or asymptomatic infections, and newly increased imported cases, were the largest in area I, II and III (Supplementary material 2–6, Figures 2B, 4B, 5A, B, 6A) (16–21). The worst epidemic area in Chinese mainland after June 15, 2020 was area III, which led to the subsequent trend of the epidemic in whole Chinese mainland (Figures 3B, C). The reason might be that area III was adjacent to many countries, had more contacts with the outside world, and was more vulnerable to the epidemic in other countries. This also determined that area III failed to have a case clearing period in phase IV, and directly faced a greater risk of another COVID-19 epidemic outbreak.

From March 18, 2020 to July 2, 2020, almost all the new confirmed cases were in area III (Supplementary material 2, 6, Figure 2). From July 3, 2020 to January 1, 2021, there were newly increased 14, 0, and 3,512 COVID-19 cases in areas I, II, and III respectively (16–21). Before March 4, 2020, Chinese mainland only had accumulated 18 imported COVID-19 cases from abroad (22). But the imported cases from abroad rapidly accounted for more than 55–61% from March 18, 2020 to January 1, 2021 (Figures 6B, C), and almost all the imported COVID-19 cases entered area III (Figure 6A). Accordingly, after March 18, 2020, almost all the increased and imported COVID-19 cases were in area III, and the imported cases accounted for the majority. As a result, since March 18, 2020, area III had become the main battlefields for Chinese mainland to fight against imported epidemic.

In today's world, facing the continuous spread of COVID-19 epidemic, no country can be spared. Epidemic situations in different regions or countries will affect each other. In the process of combating the epidemic, mutual cooperation may be the only choice for mankind. With the improvement of people's awareness of epidemic prevention, their in-depth understanding of COVID-19, the popularity of cheap and effective vaccines and specific drugs, and the decline of virus virulence caused by virus mutation, people will eventually overcome the epidemic, however, we should not forget the disasters brought by COVID-19 to the whole world, and we should not forget the detours and even mistakes we have made in preventing and controlling the epidemic in the world. In the early stage of the epidemic, the virus was highly toxic and the mortality rate was high, and the World Health Organization unremittingly called on people to find COVID-19 cases as soon as possible and implement effective isolation and defense measures as soon as possible without hesitation, which was a valuable recommendation, but many people, regions and countries did not actively and effectively implement it.

In this study, the epidemic data were reported to the health committees at all levels from multiple regions, involving many reporting staff and reporting links. In the process of collecting and transmitting epidemic data, there were inevitably missing reports and false reports. In addition, referring to the boundary of administrative regions, we divide Chinese mainland into area I, II, and III from Wuhan as the center. The area and number of people in the three areas were different.



Conclusions

In Wuhan, human COVID-19 infection might occur before December 8, 2019, while the outbreak phase might occur before January 16 or even 10, 2020. The worst epidemic areas in Chinese mainland before March 18, 2020 and after June 15, 2020 were area I and area III, respectively, and area III had become the main battlefields for Chinese mainland to fight against imported epidemic since March 18, 2020. Area I alone had a long case clearing period of 17 days in phase IV. Insufficient understanding of COVID-19 hindered the implementation of early effective isolation measures, leading to COVID-19 outbreak in Wuhan, and strict isolation measures were effective in controlling the epidemic. When we again suffer from new infectious diseases with unclear transmission routes, we should first take strict isolation measures, which of course also requires corresponding laws to comply with. The import of foreign COVID-19 cases has made it difficult to control the epidemic of area III. Epidemic situations in different regions or countries will affect each other. In the process of combating the epidemic, mutual cooperation may be the only choice for mankind.
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Rationale: COVID-19 pandemic has imposed tremendous stress and burden on the economy and society worldwide. There is an urgent demand to find a new model to estimate the deterioration of patients inflicted by Omicron variants.

Objective: This study aims to develop a model to predict the deterioration of elderly patients inflicted by Omicron Sub-variant BA.2.

Methods: COVID-19 patients were randomly divided into the training and the validation cohorts. Both Lasso and Logistic regression analyses were performed to identify prediction factors, which were then selected to build a deterioration model in the training cohort. This model was validated in the validation cohort.

Measurements and main results: The deterioration model of COVID-19 was constructed with five indices, including C-reactive protein, neutrophil count/lymphocyte count (NLR), albumin/globulin ratio (A/G), international normalized ratio (INR), and blood urea nitrogen (BUN). The area under the ROC curve (AUC) showed that this model displayed a high accuracy in predicting deterioration, which was 0.85 in the training cohort and 0.85 in the validation cohort. The nomogram provided an easy way to calculate the possibility of deterioration, and the decision curve analysis (DCA) and clinical impact curve analysis (CICA)showed good clinical net profit using this model.

Conclusion: The model we constructed can identify and predict the risk of deterioration (requirement for ventilatory support or death) in elderly patients and it is clinically practical, which will facilitate medical decision making and allocating medical resources to those with critical conditions.

KEYWORDS
 coronavirus, COVID-19, deterioration model, prognosis, prediction


Highlights




• Emerging SARS-CoV-2 BA.2.2 threatens patients’ lives all over the world.

• A new model to estimate the risk of deterioration for patients inflicted by Omicron variants was built using a combination of blood biomarkers.

• The model we constructed can identify and predict the risk of deteriorationin of elderly patients and it is clinically practical.



Introduction

The COVID-19 pandemic has continued to overwhelm healthcare systems worldwide. The outbreak of Omicron sub-variant BA.2 in Shanghai in March 2022 has resulted in heavy medical burden to the healthcare system and economy recession (1). Due to the effective vaccination and variation of the virus, clinical characteristics of Omicron inflicted patients are totally different from those who were infected by COVID 19 when it broke out in Wuhan in 2020 (2). Effective triage of patients presenting to the hospital for risk of progressive deterioration is crucial to inform clinical decision making and to facilitate effective resource allocation, including hospital beds, critical care resources, and targeted drug therapies (3). Since the majority of Omicron sub-variant BA.2 patients show mild symptoms and a low mortality rate, early identification of subgroups of patients at a high risk of death or deterioration and requiring ventilation enables precise delivery of treatments.

Many multivariable clinical prognostic models for patients with COVID-19 have been developed to predict adverse outcomes, such as mortality or clinical deterioration (4–7). The deterioration model developed by the International Severe Acute Respiratory and emerging Infections Consortium Coronavirus Clinical Characterization Consortium (ISARIC4C) study (4) has combined 11 predictors to predict clinical deterioration and achieved a good clinical utility (c-statistic = 0.77), but the population included both confirmed and suspected COVID-19 patients and the missing data in the study led to the difficulty in integrating important variables into the model, such as D-dimer, which may cause the negligence of the clinical characteristics. Fang et al. (5) established a prognostic model based on 10 variables, which achieved a good prognostic value (AUC = 0.89), but it did not include patients aged ≥89, and it had a decent percentage of missing data. COVID-GRAM (6) established a deterioration model which included 1,590 Chinese patients and combined 10 indicators to build an online free risk calculator, which had a good prognostic value (AUC = 0.88), but the mean age of the included population was 48.9 years, and it was based on the COVID-19 outbreak in 2020 in Wuhan, China. The end-stage liver disease (MELD)(7) score model included 4,213 COVID-19 confirmed patients, but the model was also based on data collected during the outbreak of COVID-19 in 2020. Due to the difference in multiple respects between the two outbreaks (8), there is a surging demand to build a new model to estimate the risk of deterioration for patients inflicted by Omicron variants.

In the present study, a large cohort of COVID-19 patients with confirmed Omicron variant BA2.2 was utilized to develop a prognostic model for in-hospital clinical deterioration (requirement for ventilatory support or death) and its efficacy was validated in a separate cohort.



Methods


Study population

This research represented a single-center, retrospective study on COVID-19 patients admitted to Shanghai Fourth People’s Hospital affiliated to Tongji University between 22nd March and 17th June, 2022. During this time, COVID-19 patients were transferred to our hospital which was utilized exclusively to admit patients who had a positive SARS-CoV-2 reverse transcriptase polymerase chain reaction (RT-PCR) of Omicron sub-variant BA.2. Patients of different severity were all admitted for treatment in order to reduce negative conversion time of the SARS-CoV-2 RNA. Diagnosis of SARS-CoV-2 infection was based on the Guidelines for Diagnosis and Treatment of Novel Coronavirus Pneumonia (9th version) (9). The inclusion criteria included: patients were over 65 years old, and were admitted to the hospital for positive COVID-19 for the first time, and all the regarding data were obtained within the first 24 h in the hospital, and they reached the final endpoints during the hospitalization (death, requirement of ventilatory support, or discharged).



Outcome

A composite primary outcome of in-hospital clinical deterioration, comprising initiation of ventilatory support (non-invasive ventilation, invasive mechanical ventilation) and death.



Predictors

Electronic medical records (EMRs) were used to collect patients’ characteristics, including clinical features, symptoms, comorbidities, laboratory findings, treatments (including antiviral or anti-inflammatory drugs), and outcomes (discharged or death or requirement of ventilatory support), by following the standardized approach to each variable definition (10). All information was documented on a standardized record form.

Those variables were divided into routinely available and laboratory ones. Routinely available predictors included age, gender, comorbidities which were defined on the basis of the modified Charlson comorbidity index (11). Laboratory measurements included C-reactive protein (CRP), interleukin-6 (IL-6), procalcitonin (PCT), white blood cell count (WBC), neutrophil count, lymphocyte count, neutrophil/lymphocyte ratio (NLR), monocyte count, platelets (PLT), hemoglobin (HB), RDW-CV (red blood cell distribution width-coefficient variation), Red blood cell count (RBC), Albumin (ALB), Albumin/globulin (A/G), creatinine (Crea), blood urea nitrogen (BUN), aspartate aminotransferase (AST), alanine aminotransferase (ALT), total bilirubin (TBIL), γ-glutamyltransferase (GGT), glomerular filtration rate (GFR), prothrombin time (PT), thrombin time (TT), activated partial thromboplastin time (APTT), Fibrinogen (FIB), international normalized ratio (INR). Only the first results of measured predictors within 24 h of admission were included. These predictors were selected on the basis of literature describing their close association with COVID-19 prognosis (12). Predictors were excluded if they had incomplete information in order to minimize the deviation of the regression coefficient.

This study was conducted by complying with the principles of the Declaration of Helsinki. The associated Ethics Committee of Shanghai Fourth People’s Hospital approved the study and waived the need for informed consent. The methodology of the study followed the guidelines for transparent reporting of a multivariable prediction model for individual prediction or diagnosis (TRIPOD) (13).



Statistical analysis


Prediction model development

All patients were randomly assigned to a training cohort and a validation cohort (7:3). The predictive model and nomogram were constructed in the training cohort based on baseline characteristics as well as results of the first laboratory tests after admission, and they were then validated in the validation cohort.

Feature selection was performed using the least absolute shrinkage and selection operator (LASSO) regression method with the R package “glmnet” to identify the relative importance of each feature. Those important predictors were then entered into the logistic stepwise regression analysis to minimize the variable range. Finally, the coefficients of the logistic regression model were used to construct the prediction model using R “glm” function. After that, the R “rms” package was used to build the Nomograms (14).

A common problem should be taken into consideration when comparing laboratory data between institutions is that laboratory values are highly dependent on the methodologies used, and data normalization is needed. In general, results of laboratory tests have normal ranges that enclose 95% of values in a healthy population. When the laboratory values were beyond the testing ability of the lower or upper values of the normal range, we recommended to use the laboratory’s upper or lower limits as the value input.



Model performance assessment

Performance of nomograms was evaluated using discrimination [the area under the receiver operating characteristic curve (AUROCC)], calibration (calibration plots), and clinical applicability [decision curve analysis (DCA) and clinical impact curve analysis (CICA)] in R. During the internal validation of the nomogram, the total score of each patient in the testing cohort and their corresponding progression probability were calculated according to the established nomogram. Clinical utility was analyzed using the decision curve analysis and clinical impact curve analysis in the R “rmda” package (15). It was used to measure the net benefit using the prediction model in clinical practice which were compared between the treat-all and the treat-none modes. The concept of net benefit can be hard to understand, it could be interpreted as a hypothetical scenario where the prognostic index was used to decide whether a patient needed to be treated. All analyses were done in R (version 4.1.2).





Results

The selection process of the study population was illustrated in Figure 1. A total of 1,830 patients with COVID-19 were enrolled and 575 excluded due to their age younger than 65. Baseline characteristics between the training cohort and the validation cohort were shown in Tables 1, 2. The average time from PCR confirmation to admission was 2 days. Nearly half of them had hypertension (49.5%). The majority of these elderly patients showed mild to moderate symptoms, with a small proportion of them having severe and critical symptoms. Most patients received the Paxlovid (84.5%) and anticoagulation (71.0%) treatments. The proportion of deterioration rate was 11.6%. No difference was observed in above variables between the training cohort and the validation cohort.

[image: Figure 1]

FIGURE 1
 Flowchart of the study showing the recruitment process and data analysis as well as modeling.




TABLE 1 Clinical characteristics of the training and the testing cohorts.
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TABLE 2 Laboratory findings at study entry.
[image: Table2]


Model development and internal validation

A total of 44 features were collected from each patient in the training cohort which consisted of 855 patients and 29 continuous variables entered for LASSO regression analysis (Figures 2A,B). The remaining 8 important variables were then registered with the Logistic regression for deeper selection. Results of 855 patients in the training cohort showed that CRP, A/G, NLR, INR, BUN were predictive factors for clinical deterioration of COVID-19 (Table 3). Prediction models were then built using the coefficients form the above results.

[image: Figure 2]

FIGURE 2
 Construction of prediction nomogram in patients with COVID-19. (A) LASSO coefficient profiles (y-axis) of the 45 features. The lower x-axis indicated the log lamda, the top x-axis has the average numbers of predictors. (B) Identification of the optimal penalization coefficient (λ) in the LASSO model was performed via 3-fold cross validation based on minimum criteria. (C) Nomogram predicting the deteriorated COVID-19 probability in patients with COVID-19 infection was plotted. (D) Decision curve compares the net clinical benefits of three scenarios in predicting the deteriorated COVID-19 probability: treat- all (red line), treat- none (horizontal solid black line), and screen based on the nomogram (red line). (E) Clinical impact curve of the nomogram plot the number of COVID-19 patients classified as high risk (red line), and the number of cases classified high risk with deterioration at each high risk threshold (blue line). CRP, C-reactive protein; NLR, neutrophil/lymphocyte ratio; A/G: Albumin/globulin; BUN: blood urea nitrogen; INR: international normalized ratio; CI, confidence interval.




TABLE 3 Final multivariable model in training dataset.
[image: Table3]

The predictive nomogram that integrated 5 selected features for the prediction of in-hospital clinical deterioration in the training cohort was shown in Figure 2C. The AUC of the nomogram was 0.85, which showed a good capability of discriminating individuals with clinical deterioration from stable COVID-19 patients (Figure 3C). Furthermore, the nomogram showed a superior overall net benefit within the wide and practical ranges of threshold probabilities evidenced by the DCA and CICA results (Figures 2D,E).

[image: Figure 3]

FIGURE 3
 Calibration curve (top) and Receiver operating characteristic curves (bottom) of the nomogram. The calibration curve shows the locally estimated (solid line) smoothed observed probability versus estimated probability of deterioration events. The diagonal line (dashed line) shows ideal calibration. (A) training cohort, (B) testing cohort. The Receiver operating characteristic curves (red line) shows the performance to distinguish individuals with deteriorated COVID-19 from stable COVID-19 in the training cohort (C) and testing cohort (D). AUC, area under the curve.


The internal testing cohort included 370 patients (see Table 1). The AUC was 0.85 in predicting the deterioration rate (Figure 3D), indicating a good performance in differentiating the risk of progression in confirmed COVID-19 patients. When ventilation support or death was separately analyszed, the AUC of them was 0.8397 and 0.8355, respectively (Figures 4A,B).

[image: Figure 4]

FIGURE 4
 The Receiver operating characteristic curves (red line) shows the performance to distinguish individuals who needed ventilatory support (A) or those who died (B) using the five indicators.




Calibration of the training cohort and testing cohort

The calibration plot for in-hospital clinical deterioration probability showed a good agreement between the prediction by nomograms and actual observation in the training cohort (Figure 3A) and validation cohort (Figure 3B), respectively.




Discussion

In the present study, a prediction model on the outbreak of Omicron sub-variant BA.2 in Shanghai was built using clinical data from our hospital. It was found that high levels of CRP, NLR, INR, BUN, and decreased A/G at admission were significantly correlated with the probability of clinical deterioration. Using these 5 factors, an effective prognostic nomogram was constructed, which had a significantly high sensitivity and specificity to identify individuals with a high risk of deterioration. DCA and CICA further demonstrated the superiority of our nomogram evidenced by the net clinical benefit, which is invaluable for individualized assessment of in-hospital deterioration. To our best knowledge, this study is the first to build such a prediction model targeting the Omicron sub-variant BA.2. Other available models are based on clinical information of alpha or delta variant breaking out in 2020 or 2021.

From the baseline data, it can be seen that even the elderly in Shanghai showed mild to moderate symptoms although Omicron sub-variant BA.2 is so contagious. The deterioration rate is quite low, which is different from the outbreak of COVID-19 in Wuhan in 2020 (16). This might be attributed to the free vaccination among the public and strict quarantine policies in China (17, 18).

In the present study, continuous variables were used to build the prediction model, rather than categorical variables which are not always reliable and highly dependent on self-awareness. In contrast, laboratory tests are relatively accurate and readily available. High levels of CRP, NLR, INR, BUN, and low level of A/G are positively correlated with the deterioration rate. Compared with previous prediction models where age is always considered a major factor that influences the progression (4, 19, 20), our model did not take age into account. This is due to the observed characteristics in our study and a previous one (21), all patients were the elderly aged 65 or older. Initially, 1,830 patients were admitted to our hospital, but nearly all of the endpoint events occurred in elderly patients (age ≥ 65 years), only 3 patients had clinical deterioration among 575 patients younger than 65. In order to minimize the bias, we decided to focus on the elderly patients. Besides, age ≥ 65 is considered to be at highest risk for severe COVID-19 associated illness (22). In this elderly population, age is not an important factor that contributes to the endpoint events.

According to the previous research, the mechanism of COVID-19 infection is associated with inflammatory cytokine storm, oxidative stress, disseminated intravascular coagulation and distribution of ACE2 along the vascular endothelium, which lead to the multisystem dysfunction (23). Correlations between high levels of CRP and NLR and disease progression have been proven in many trials (24, 25), which have shown that Omicron BA.2 induces an inflammatory process evidenced by the activation of neutrophils and lymphocytes as well as the release of IL-6, CRP, and other inflammatory factors. INR is an index that reflects the functional status of the coagulation system. Increased INR values were significantly associated with COVID-19 severity and mortality (26). BUN reflects the function of the kidney, which has been validated as a significant risk factor of the disease severity (27). The reduced albumin-globulin ratio has been found to be a risk factor of COVID-19 severity in patients with cancer (28), and of great diagnostic significance in predicting the progression to severe disease states (29), which is consistent with our results.



Strengths and limitations

Our study has a number of strengths: first, a large sample size and sufficient patients’ information guarantees the credibility of our conclusion. All of the included variables had no missing values and all the endpoints were collected during the study period. After the last confirmed COVID-19 patient was discharged, the hospital was closed for full disinfection. Second, our model is a practical quantitative prediction tool based on 5 features which are commonly used and easily obtained from routine blood tests. The performance of our nomogram is efficient for clinical practice. Third, the first-hand information of the Omicron outbreak in Shanghai in 2022 was of great practical use for medical practitioners in other countries where Omicron sub-variant BA.2 prevails.

The study also has a number of limitations. As a retrospective cohort study, we did not collect all the predictors that had been reported to be related to the progression of the disease, such as BMI, pro-BNP. Different clinical approaches were adopted at the early and late stages of this outbreak, full conformity to the recommended treatments is not guaranteed at different stages. Second, this is a single-centre study, and validation was performed in the same setting as the training cohort, an external validation would be much better to prove the effectiveness of the model. Furthermore, the construction of the model was based on hospitalized patients, our conclusion can not be extrapolated to the general population, but needs to be adjusted based on the different population characteristics.



Conclusion

In summary, our data suggest that our nomogram can predict the risk of deterioration (requirement for ventilatory support or death) in elderly patients and it is clinically practical, which will facilitate medical decision making and allocating medical resources to those with critical conditions in order to reduce mortality.
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Background: Spore Trap is an environmental detection technology, already used in the field of allergology to monitor the presence and composition of potentially inspirable airborne micronic bioparticulate. This device is potentially suitable for environmental monitoring of Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) in hospital, as well as in other high-risk closed environments. The aim of the present study is to investigate the accuracy of the Spore Trap system in detecting SARS-CoV-2 in indoor bioaerosol of hospital rooms.

Methods: The Spore Trap was placed in hospital rooms hosting patients with documented SARS-CoV-2 infection (n = 36) or, as a negative control, in rooms where patients with documented negativity to a Real-Time Polymerase Chain Reaction molecular test for SARS-CoV-2 were admitted (n = 10). The monitoring of the bioaerosol was carried on for 24 h. Collected samples were analyzed by real-time polymerase chain reaction.

Results: The estimated sensitivity of the Spore Trap device for detecting SARS-CoV-2 in an indoor environment is 69.4% (95% C.I. 54.3-84.4%), with a specificity of 100%.

Conclusion: The Spore Trap technology is effective in detecting airborne SARS-CoV-2 virus with excellent specificity and high sensitivity, when compared to previous reports. The SARS-CoV-2 pandemic scenario has suggested that indoor air quality control will be a priority in future public health management and will certainly need to include an environmental bio-investigation protocol.

KEYWORDS
SARS-CoV-2, bioaerosol, aerobiology, environmental monitoring, environmental prevention


1. Introduction

Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) is transmitted through contaminated aerosols, released by infected individuals (1, 2). Viral particles are encapsulated in droplets of mucus, saliva, and water, which can travel through the environment in air suspension. The fate of droplets in the environment depends on their size. Large droplets fall to the ground soon after their emission, without evaporating. Indeed, droplets larger than 100 μm typically fall to the ground within 2 m from the source and can be sprayed only to nearby individuals; for this reason, physical distancing is a pivotal measure to prevent contagion by airborne pathogens (3).

On the other hand, droplets smaller than 100 μm can also travel longer than 2 m from the source. They can stay in air suspension for hours and are highly concentrated in the nearby of infected patients; furthermore, they can accumulate in poorly ventilated closed spaces, constituting a high-risk setting for viral transmission (4, 5). Therefore, the scientific community has established a particularly restrictive prevention protocol for indoor environments, where the highest concentration of small droplets can be found.

Besides established preventive measures, the possibility to detect the presence of SARS-CoV-2 in indoor environments, could help identifying subjects exposed to the pathogen, and adopting targeted preventive measures.

The Spore Trap environmental detection technology, already used in the field of allergology, monitors the presence and composition of potentially inspirable airborne micronic bioparticulate (pollen and fungal spores). For this purpose the machine aspirates a volume of air that corresponds to usual human pulmonary ventilation (6–8).

This technology, consisting of a microscope slide moving over a slit, was first designed in 1,952, and it successfully measured the total concentrations of spores and pollen in the atmosphere for each hour of the day. Currently used volumetric samplers, including the Burkard spore trap and the Lanzoni sampler, are based on this same design. Samplers generally operate continuously over a time lapse 1–7 days, and have a broad range of applications for indoor air sampling (9–11). The samples are usually analyzed under an optical microscope to identify visible bioparticulate. Recently, the application of molecular biology protocols significantly increased the sensibility and resolution of this method, allowing to analyze the aerosolized submicronic microbiota too (12).

The aim of the present study is to investigate the accuracy of the Spore Trap system in detecting SARS-CoV-2 in indoor bioaerosol of hospital rooms.



2. Materials and methods


2.1. Study design

All patients were tested for SARS-CoV-2 infection with PCR on nasopharyngeal swab at the hospital admission. Patients who resulted negative were checked again after 7 days, as per regulation in the Umbria region. The environmental monitoring was started within 24 h after the hospital admission. The Spore Trap device was placed in hospital rooms hosting patients with documented SARS-CoV-2 infection (n = 36) or, as a negative control, in rooms where patients with documented negativity to a PCR molecular test for SARS-CoV-2 were admitted (n = 10).

Measurements were conducted between March and June 2021 in two hospitals of the Umbria region (Italy): University Hospital “Santa Maria della Misericordia” of Perugia and “S.G. Battista” Hospital in Foligno (PG, Italy). SARS-CoV-2-dedicated spaces were in both hospitals, whereas the control spaces were located at the “S.G. Battista” Hospital only (Figure 1). Patients were single-roomed or double-roomed, and received standard oxygen therapy, non-invasive ventilation, or no respiratory support according to clinical necessities. Rooms had a mechanical ventilation system under atmospheric pressure. Subjects included in the study were aged at least 18 years old, hospitalized for any cause. No exclusion criterion was adopted for the SARS-CoV-2 positive patients, whereas patients in the control group were excluded if they turned out positive within 5 days from the environmental measurement (no case).


[image: Figure 1]
FIGURE 1
 Flow-chart of the study design.


Informed consent to participate in the study was acquired in compliance with the provisions of the EU Guidelines for Good Clinical Practice (DM 15th July 1997). The procedures required to acquire the data were in accordance with the ethical principles contained in the 1964 Declaration of Helsinki. The identification data of the subjects involved in this research (name, surname, date and place of birth, place of residence) have been made anonymous for storage and processing, in accordance with EU Regulation 2016/679. The study protocol was approved by the Ethical Commission of the University of Perugia (nr. 61812/2021).



2.2. Collected parameters

For each measurement, the following parameters were recorded: number of patients in the environment, PCR results of the nasopharyngeal swab for SARS-CoV-2 RNA, and use of respiratory support. General demographic and clinical characteristics of patients were also collected.



2.3. Sampling strategy

In each room the monitoring of the bioaerosol was carried out for 24 h using a Spore Trap air sampler (VPPS−1000 Lanzoni) for indoor biomonitoring.

The machine contains an electric vacuum pump that aspires a pre-determined volume of air (10 L/min) from the external environment. The flow of air is sucked through a slit (2 × 14 mm) and hits the sampling surface (2 × 48 mm slide), placed on a moving slide. The slide moves at 2 mm/h speed, so that 2 mm of the surface is exposed to the air flow for 1 h. The sampling surface was treated with an experimental solution [10% Poly-D-lysine (PDL) and poly-L-lysine (PLL) in Guanidine Hydrochloride Buffer Solution, 6 mol/L, pH 8,7] to improve adhesion and adsorption.

Considering the source of the bioaersol (patients in a constantly lying position) and the quality of the bioparticulate (dispersion by droplets), the device was positioned about 130–140 cm from the ground, in the corner of single rooms or equidistant between two beds in double rooms.

Collected samples were scraped off the slides and treated with lysis buffer. The RNA was extracted in a QIAsymphony® SP Workstation using the QIAsymphony® DSP Virus/Pathogen Kit (QIAGEN, Milan, Italy), in accordance with the manufacturer's instructions. Real time PCR (RT-PCR) was carried using the Thermo Fisher® TaqPath™ COVID19 CE-IVD RT-PCR kit and the QuantStudio™ 5 Real-Time PCR System. The TaqPath assay targets three sequences in the virus ORF1ab, N and S genes. The internal control for nucleic acid extraction was an MS2 phage. Reverse transcription was carried out at 53°C for 10 min, pre-denaturation at 95°C for 2 min followed by 40 cycles of denaturation at 95°C for 3 s and annealing at 60°C for 30 s. To quantify the RNA, dilutions of PCR-kit positive control (10-1-10-4) were used. Results were interpreted using the COVID19 Interpretive Software version v.2.5 on QuantStudio™ Design and Analysis Desktop Software v.1.5.1.



2.4. Statistical analysis

Data are expressed as mean (SD) for continuous variables and as number (%) for categorical variables. Significance of analyses is set at <0.05 for type I error. Comparisons are performed by Student's t-test and χ2 test for continuous and categorical variables, respectively. Sensitivity (Se) is calculated as [image: image]. Specificity (Sp) is calculated as [image: image]. For each indicator, a 95% confidence interval (95% C.I.) was calculated as follows: [image: image], where p represents the indicator and n is the sample size. Data were analyzed using GraphPad Prism 9.5.1 (GraphPad Software Inc. Boston, MA, USA).




3. Results

The characteristics of the involved patients are reported in Table 1. SARS-CoV-2 RNA was not detected in the ten control rooms, whereas it was detected in 25 out of 36 SARS-CoV-2 rooms (Figure 2). So, the estimated sensitivity of the Spore Trap device for detecting SARS-CoV-2 in an indoor environment is 69.4% (95% C.I. 54.3–84.4%), with a specificity of 100%.


TABLE 1 Characteristics of subjects enrolled in the study according to the SARS-CoV2 status.

[image: Table 1]
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FIGURE 2
 Performance of the SporeTrap device in detecting the presence of Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) in contaminated (SARS-CoV-2 +) and non-contaminated (SARS-CoV-2 -) hospital rooms.


Then we explored the potential factors influencing the sensitivity of the measure: no significant difference was observed between single and double rooms (Figure 3) and among different methods of respiratory support (Figure 3B). Although non-significant, an unexpected difference was observed between the two hospitals (Figure 3C). Raw data are reported in the Supplementary Table 1. Comparing the number of thermic cycles (nTC) of the PCR test on nasopharyngeal swab, patients had an average lower nTC in the “S.G. Battista” hospital than in the University hospital (Figure 4), consistent with the different sensitivity of the method observed in the two sites.


[image: Figure 3]
FIGURE 3
 Possible factors influencing the detection of Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) by the SporeTrap technology. (A) Double rooms vs. single rooms. (B) Presence and modality of respiratory support. (C) Site of detection. NIV, non-invasive ventilation; SGB, “San Giovanni Battista” Hospital; UH, University Hospital.



[image: Figure 4]
FIGURE 4
 Different viral load reported in patients admitted to the University Hospital (UH) or to the “San Giovanni Battista” Hospital (SGB).




4. Discussion

The environmental monitoring performed with the Spore Trap method has shown a high specificity in excluding the presence of SARS-CoV-2 in non-contaminated environments, with a good sensitivity in detecting the virus in contaminated environments.

Previous attempts to detect the presence of the virus in healthcare institutions yielded conflicting results (13), although it has been previously demonstrated that it is possible to detect microbial contamination in high-risk environments, by using an appropriate sampling protocol and a correct detection method (14). In this regard, the main issue is represented by the high variability of virus concentration in the air, depending on several factors: viral load emitted by sources, air clearance by ventilation, air dynamics in the environment, etc. As a result, to the present day, no method can reliably measure the concentration of viral particles in the air. To overcome this technical issue, we adopted a pragmatic study design, based on the estimation of the environmental biological risk, rather than on the measurement of viral particles in the air. To this end, the negative control was constituted by rooms inhabited by SARS-CoV-2 negative subjects, who remained negative for the subsequent 5 days after the air sampling. These environments were assumed to have a very-low risk of biologically relevant contamination from SARS-CoV-2 at the time of sampling. On the other hand, the positive control was constituted by rooms inhabited by SARS-CoV-2 patients, who resulted positive during the previous 24 h with a low/intermediate nTC at the nasal swab, as reported in Table 1. Since the ventilation system in the rooms operated under atmospheric pressure, these environments were judged to have a very-high risk of biologically relevant contamination from SARS-CoV-2 at the time of sampling.

The detection of airborne viruses in the environment may use different technologies, including gravitational deposition, solid impact, liquid impinging, filtration, and aspiration with varying efficacy in detecting SARS-CoV-2 (15). Previous studies indicated that solid impactors are more effective than liquid impingers or filters. Furthermore, additional parameters may influence the performance of a bioaerosol sampler, including the distance between the device and the source, its height from the floor, the flow rate and the volume of air sampled (13).

In this regard, the Spore Trap technology has multiple strength points: firstly, it employs a hybrid technology combining solid impact and aspiration, which allows to effectively process a large volume of air. Furthermore, by performing a 24-h monitoring, it allows to process a larger volume of air than short-time samplings (4, 16). In particular, the device processes a volume of air that corresponds to usual human pulmonary ventilation, providing a reliable risk estimate for detected particles to be inhaled by a person dwelling in that environment. The Spore Trap is designed for capturing large particles, like pollens and fungal spores; however, it could also capture large fluid droplets, containing viral particles, before evaporation. Furthermore, SARS-CoV-2 has been observed to associate to micronic bio-aerosol (17), then the Spore Trap technology could detect the virus associated to pollens and fungal spores, which constitute a component of environmental air where the virus is particularly concentrated.

At the best of our knowledge, three previous studies reported similar sensitivity in detect-ing SARS-CoV-2 in air samples from contaminated environments (66.7, 54.3, and 38.7%, respectively). In the study of Chia et al. (18) a NIOSH BC 251 bioaerosol sampler was employed, using a hybrid technology similar to the Spore Trap device, with the additional feature of separating particles by diameter (>4 μm, 1–4 μm, and <1 μm). The aspiration rate was set at 3.5 L/min and run for 4 h, collecting a total of 5040 L of air from each patient's room. However, the study included only 3 patients, so it could be considered as a proof-of-concept only. In the study of Liu et al. (19) three different sampling methods were employed, namely filtration with aspiration, cascade impactor and gravitational deposition. Although measurements were performed in two hospitals dedicated to SARS-CoV-2 positive patients, sampled environments had different risk of contamination (e.g., intensive care units with SARS-CoV-2 patients and medical staff rooms). Furthermore, different environments were sampled with different methods, so that it is not possible to estimate the detection performance of a specific method. Finally, Zhou et al. (20) employed a hybrid technology with aspiration and liquid impact. Like Liu et al. (19) they also sampled environments with different risk of contamination. All these studies were conducted in the very early phases of the pandemic, and they aimed at confirming the airborne transmission of SARS-CoV-2. None of them included a negative control group. In this regard, it is important to underscore that, in our study, none of the patients in the control group turned positive to SARS-CoV-2 in the 5 days following the measurement. This confirms that no clinically relevant contamination of the environment occurred at the time of the measurement.

Conversely, our study was controlled to test a potential practical use of environmental monitoring to prevent SARS-CoV-2 diffusion. Our data prove that the detection of airborne viruses by the Spore Trap device is specific and can be successfully applied to a real-world setting. Indeed, although the sensitivity of our protocol is still sub-optimal, it is yet the highest described so far. However, no comparative study has been performed yet.

The possibility to extend the use of environmental monitoring for SARS-CoV-2 to non-hospital spaces is an intriguing perspective. However, previous studies reported concentrations of SARS-CoV-2 RNA below the limit of detection for the protocols used. Conte et al. (21) investigated the presence of SARS-CoV-2 RNA in air samples collected in different indoor spaces (e.g., train stations, food markets, shopping centers, etc…) of three Italian cities. Air samples were collected using active sampling on quartz filters. The sampling volume differed from site to site, depending on opening hours of each site. All collected samples tested negative for the presence of SARS-CoV-2.

Limitations of the study include the small number of observations and the high variability between the two sampling sites. As outlined by the Figure 4, this is probably due to differences in the viral load of patients. However, we cannot exclude that other factors may in-fluence the detection performance of the Spore Trap device, such as rooms ventilation or the air dynamics. Finally, we did not test the viability of the collected viral particles, so we cannot assume that these particles could cause an infection. However, the absence of particles in the rooms hosting SARS-CoV-2 negative patients, confirms that these particles are spread by infected subjects only, and their detection in the air is evidence that the environment is hosting at least a SARS-CoV-2 positive subject. Further larger studies are needed to confirm this potential application of the Spore Trap device and to highlight possible pitfalls.



5. Conclusion

In conclusion, the Spore Trap technology is effective in detecting airborne SARS-CoV-2 virus with excellent specificity and high sensitivity, when compared to previous reports.

The SARS-CoV-2 pandemic scenario has suggested that indoor air quality control will be a priority in future public health management and will certainly need to include an environmental bio-investigation protocol.
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Background: It remains unclear how fear of COVID-19 and resilience are related to psychological distress based on occupations among healthcare workers (HCWs) in hospitals treating patients with COVID-19. We conducted a survey on the mental health of HCWs during the COVID-19 pandemic to determine the relationship between factors such as fear of COVID-19 and resilience as well as mental distress in each occupation of HCWs.

Methods: We conducted a web-based survey among HCWs at seven hospitals treating COVID-19 patients in Japan from December 24, 2020 to March 31, 2021. A total of 634 participants were analyzed, and information regarding their socio-demographic characteristics and employment status was collected. Several psychometric measures were used, including the Kessler’s Psychological Distress Scale (K6), the fear of COVID-19 Scale (FCV-19S), and the Resilience Scale (RS14). Factors related to psychological distress were identified by logistic regression analysis. The association between job title and psychological scales was examined by one-way ANOVA, and t-tests were conducted to examine the association between the FCV-19S and hospital initiatives.

Results: It was found that nurses and clerical workers were associated with psychological distress without considering FCV-19S or RS14; in a model that included FCV-19S, FCV-19S was associated with psychological distress, but job title was not; when RS14 was considered, resilience was protective. In terms of occupation, FCV-19S was lower among physicians and higher among nurses and clerical workers, while RS14 was higher among physicians and lower among other occupations. Having access to in-hospital consultation regarding infection control as well as to psychological and emotional support was associated with lower FCV-19S.

Conclusion: Based on our findings, we can conclude that the level of mental distress differed by occupation and the differences in the fear of COVID-19 and resilience were important factors. In order to provide mental healthcare for HCWs during a pandemic, it is important to create consultation services that enable employees to discuss their concerns. In addition, it is important to take steps to strengthen the resilience of HCWs in preparation for future disasters.
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1. Introduction

During the COVID-19 pandemic, the mental health of people worldwide deteriorated significantly, especially among healthcare workers (HCWs), who reported worse mental health than non-HCWs (1). This is believed to be due to factors specific to HCWs, such as physical and emotional exhaustion from treating COVID-19 patients, risk of infection, and fear of secondary transmission to family members, as well as discrimination and prejudice (2, 3). Based on a meta-analysis examining the psychological impact of COVID-19 on HCWs, the pooled prevalence of anxiety, depression, stress, post-traumatic stress syndrome, insomnia, psychological distress, and burnout was 34.4, 31.8, 40.3, 11.4, 27.8, 46.1, and 37.4%, respectively (4). The mental health of HCWs during the COVID-19 pandemic has also emerged as a major issue in Japan. For example, in a survey conducted among HCWs, 10% developed moderate-to-severe anxiety disorder and 27.9% developed depression (5). Additionally, an online cross-sectional survey of HCWs at a tertiary hospital revealed that 22.6% of the participants met the burnout criteria based on the Maslach Burnout Inventory–General Survey (6). Another study found that the prevalence rates of severe general and event-related distress worsened over time, and 8.6% of the hospital workers experienced suicide-related ideation in 2021 (7). Moreover, HCWs have been reported to have deteriorating mental health during outbreaks of infectious diseases, such as Severe Acute Respiratory Syndrome (SARS) and Middle East Respiratory Syndrome (MERS) (8). Given the long-term impact of the pandemic on mental health (9), as well as the possibility of emergence of mutant strains and new infections in the future, the impact of the COVID-19 pandemic on the mental health of HCWs is still an important issue 4 years after the outbreak began.

Several reports have been published on the factors related to the mental health of HCWs during the COVID-19 pandemic. In terms of gender, a higher prevalence of anxiety and depression was reported in females than in males (4), and in terms of age, mental health was worse among younger people (10). Associations of various factors, such as marital status, cohabitation, social support, employment status, and job description, have also been reported (11–13). In terms of occupations, nurses and other professionals reported more mental health problems than doctors (4, 14). Several studies in Japan have examined factors related to the mental health of HCWs during the COVID-19 pandemic from multiple perspectives. For instance, a cross-sectional survey of HCWs found that psychological distress was associated with occupations such as nurses, allied health professionals, and office workers/engineers; moreover, moral distress was not associated with psychological distress, but low resilience was (15). Other surveys conducted among HCWs showed that older and more resilient HCWs were less likely to develop depressive symptoms, and women, non-physicians, those who lived alone, and younger respondents had significantly greater psychological distress than their counterparts (5, 16). Moreover, nurses had the highest rates of depression, and younger and newer employees demonstrated the highest rates of depression independent of occupation (17). For HCWs at a national medical institution designated for COVID-19 treatment, chronic physical conditions were significantly associated with depressive symptoms (18). In another survey, frontline workers had increased odds of COVID-19-related discrimination, which was associated with PTSD symptoms and psychological distress, compared with second-line workers (19). According to a multi-center collaborative survey, COVID-19-related discrimination was significantly associated with subsequent depression and suicidal ideation among HCWs (20). However, the reasons for the differences in mental health among occupations in HCWs during the COVID-19 pandemic remain unclear. In particular, it is unclear whether fear of COVID-19, a factor unique to the COVID-19 pandemic, and resilience, an important concept as a protective factor for mental health, are associated with differences in mental health among occupations in HCWs. Studies showing the importance of stress coping skills, such as resilience (21, 22), defense mechanisms (23, 24), and personality traits, such as grit (25), highlight the need to consider not only sociodemographic characteristics but also psychological factors, such as fear of COVID-19 and resilience, for identifying factors related to the mental health of HCWs.

Therefore, we hypothesized that the reason behind the differences in mental health during the COVID-19 pandemic among HCWs in different occupations is not only because of differences in their sociodemographic characteristics, but also those in psychological factors such as fear of COVID-19 and resilience. Thus, we conducted a survey on the mental health of HCWs during the COVID-19 pandemic to determine the relationship between factors such as fear of COVID-19 and resilience as well as mental distress in each occupation of HCWs.



2. Materials and methods


2.1. Study design and participants

Data from an online questionnaire survey of seven hospitals in Ibaraki, Japan, treating patients with COVID-19 were analyzed in this cross-sectional study. An overview of the survey was widely announced at each hospital and participation was voluntary. Participants who gave informed consent on the web provided information regarding their socio-demographic characteristics and mental health. They were informed that they could discontinue their participation at any time. The survey period was from December 24, 2020 to March 31, 2021, and of the 709 respondents who completed the questionnaire, 634 (89.4%) with no missing values were included in the analysis.



2.2. Measures

We collected the following characteristics of the participants: facility affiliation (public/private hospital), gender (male/female), age group (20s/30s/40s/50s +), cohabitant (no/yes), occupation (Doctor/nurse or nursing assistant/pharmacist, laboratory technician, physical therapist, speech therapist or occupational therapist/clerical staff or other), workplace (ward/outpatient/other), and employment status (full-time/part-time), night shifts (no/yes), and COVID-19 related work (no/past/current). We also measured the Kessler’s Psychological Distress Scale (K6), the fear of COVID-19 Scale (FCV-19S), and the Resilience Scale (RS14) as indicators of mental health. Additionally, we inquired about the participants’ perceptions regarding the following four hospital initiatives: (1) training on infection control, (2) adequate supply of personal protective equipment, (3) availability for consultation regarding infection control at the hospital, and (4) availability of psychological and emotional support services at the hospital.

The K6 is a self-administered psychological scale with six items that are measured on a five-point Likert scale ranging from 0 to 4 points. The total score of K6 ranges from 0 to 24. This scale was developed to screen for mood and anxiety disorders (26). There is evidence of validity and reliability that supports the use of K6 in the Japanese population (27). A previous study (28) shows that K6 ≥ 5 points was adopted as the cut-off value to determine whether the participants were in moderate or higher psychological distress. Cronbach’s alpha for K6 was 0.894, indicating satisfactory reliability of the scale in the current study.

The FCV-19S is a seven-item self-administered psychological scale that uses a five-point Likert scale ranging from 1 to 5 points. The total score of FCV-19S ranges from 7 to 35 points. This scale was developed to measure the fear of COVID-19 (29). There is evidence of validity and reliability that supports the use of FCV-19S in the Japanese population (30, 31). Cronbach’s alpha for FCV-19S was 0.836, indicating satisfactory reliability of the scale in the current study.

The RS14 is a 14-item psychological scale that uses a seven-point Likert scale ranging from 1 to 7 points. The total score of the RS14 ranges from 14 to 98. This scale was developed to measure resilience, which is defined as a personality characteristic that moderates the negative effects of stress and promotes adaptation in response to it (32). There is evidence of validity and reliability that supports the use of RS14 in the Japanese population (33). Cronbach’s alpha for RS14 was 0.929, indicating satisfactory reliability of the scale in the current study.



2.3. Statistical analysis

First, we present the distribution of each variable in the groups with or without psychological distress. Second, binomial logistic regression analysis with psychological distress as the dependent variable was performed for models excluding RS14 and FCV-19S, including RS14, including FCV-19S, and including both RS14 and FCV-19S. Third, the Hosmer-Lemeshow test was used to evaluate the goodness of fit of the models. Fourth, for each model, the Variance Inflation Factor (VIF) of all the variables was assessed for multicollinearity. Fifth, a one-way analysis of variance was performed using the Bonferroni correction for multiple comparisons to compare the FCV-19S/RS14 for each job category. Finally, a t-test was performed for the association between FCV-19S and perceptions of hospital initiatives, and Cohen’s d was calculated as the effect size. A p-value of less than 0.05 is considered statistically significant. Additionally, all statistical analyses were performed using IBM SPSS Statistics (version 28, Armonk, NY, USA, 2021).




3. Results

The demographics of the participants are shown in Table 1. The majority of participants were female (n = 472) and in their 40s (n = 203). There were 492 participants who lived with another individual. In addition, 93 were doctors, 302 were nurses, 98 were pharmacists, laboratory technicians, physical therapists, occupational therapists, or speech therapists, and 141 were clerical workers and others. The majority of workplaces were hospital wards (n = 305), 585 were full-time, and 329 had night shifts; 65 were currently engaged in COVID-19-related activities. The psychological scales (mean ± standard deviation) of the participants were K6 6.0 ± 5.1, FCV-19S 18.9 ± 4.8, and RS14 61.8 ± 14.1.


TABLE 1    Characteristics of participants.
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According to our logistic regression analysis, the model excluding FCV-19S/RS14 (Hosmer-Lemeshow test p = 0.94) showed that nursing (OR = 2.27, 95%CI 1.29–4.01), office/other (OR = 3.98, 95%CI 2.09–7.58), and night shifts (OR = 1.51, 95%CI 1.01–2.27) were associated with psychological distress (Model 1, Table 2). However, in the model including RS14 (Hosmer-Lemeshow test p = 0.83), RS14 (OR = 0.93, 95%CI 0.92–0.95) and clerical worker (OR = 2.94, 95%CI 1.46–5.94), but not nurses (OR = 0.96, 95%CI 0.51–1.81) and night shift (OR = 1.32, 95%CI 0.85–2.05) were associated with psychological distress (Model 2, Table 2). In the model including FCV-19S (Hosmer-Lemeshow test p = 0.65), FCV-19S (OR = 1.28, 95%CI 1.22–1.34) and living with another individual (OR = 0.56, 95%CI 0.35–0.89), were associated with psychological distress, but not job title and night shift (Model 3, Table 3). In the model with both RS14 and FCV-19S (Hosmer-Lemeshow test p = 0.11), RS14 (OR = 0.93, 95%CI 0.92–0.95), FCV-19S (OR = 1.29, 95%CI 1.22–1.36), and living with another individual (OR = 0.50, 95%CI 0.30–0.82) were associated, but not job title (Model 4, Table 3). The VIF was < 4 for all models, and no serious multicollinearity issues were observed.


TABLE 2    Logistic regression analysis of psychological distress (Model 1 and Model 2).
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TABLE 3    Logistic regression analysis of psychological distress (Model 3 and Model 4).
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In a one-way analysis of variance to clarify the FCV-19S/RS14 for each job category, the FCV-19S was low for doctors (15.5 points) and high for nurses (19.8 points) and clerical workers/others (19.7 points); the RS14 was high for doctors (69.5 points) and low for nurses (59.5 points), pharmacists, laboratory technicians, physical therapists, speech therapists, or occupational therapists (62.0 points), and clerical workers/others (61.3 points) (Figure 1).


[image: image]

FIGURE 1
FCV-19S and RS14 in each occupation.


Regarding the association between FCV-19S and perceptions of hospital initiatives, it was found that being available for consultation regarding infection control in the hospital (p = 0.01, Cohen’s d = 0.26) and having access to psychological and emotional support (p = 0.04, Cohen’s d = 0.17) were associated with lower FCV-19S, but not with training on infectious diseases control or an adequate supply of personal protective equipment (Table 4).


TABLE 4    The associations between FCV-19S and perceptions of hospital initiatives.
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In summary, among HCWs during the COVID-19 pandemic, nurses and clerks experienced more mental distress than doctors. In contrast, HCWs in these occupations had stronger fear of COVID-19, as indicated by FCV-19S, and lower resilience, as indicated by RS14. Considering these psychological factors, there was no association between psychological distress and job title. In other words, psychological factors, such as fear of COVID-19 and resilience, played an important role in the mental health deterioration of nurses and clerks. Moreover, the availability of consultation regarding infection control at the hospital and psychological and emotional support services was important in reducing the fear of COVID-19.



4. Discussion

We conducted a survey on the mental health of HCWs during the COVID-19 pandemic to determine the relationship between factors such as fear of COVID-19 and resilience as well as mental distress.

It was found that females and younger participants seemed to experience more mental distress, however, no significant differences were found. Although many previous studies have reported that gender and age are associated with deteriorating mental health in HCWs during the COVID-19 pandemic (4, 10), a similar study of home-HCWs in Japan found no such association (14). It is unclear whether these associations differ from country to country or whether they are solely determined by the demographic characteristics of the population surveyed.

In this study, living with another individual was associated with mental distress only when FCV-19S was considered. While a previous study reported that living with another individual lowers the risk of mental health symptoms (34), and another study showed that HCWs feared infecting family members (35). The results of this study suggest that although living with someone may contribute to reduced mental health symptoms, a strong fear of transmission of COVID-19 may offset the benefits of living with others.

As in previous studies, mental health deteriorated among occupations other than doctors, such as nurses and clerks. According to previous studies, mental health has deteriorated in non-physician occupations in several countries (2, 4, 14). However, this association was lost in the present study, when FCV-19S was considered, while high FCV-19S levels were newly found to be associated with psychological distress. This suggests that fear of COVID-19 is a significant cause of psychological distress among nurses and clerical workers in hospitals treating patients with COVID-19. The higher total FCV-19S scores for other occupations compared to doctors also support this finding. In addition, the results are consistent with reports that the fear of COVID-19 has a negative impact on the mental health of HCWs (36) and that the FCV-19S is higher among nurses and clerical workers (14).

Moreover, resilience played an important role in explaining the association between job title and mental health. Logistic regression analysis showed that there was no significant difference between doctors and nurses when RS14 was considered, and the odds ratio for clerical workers was also lower. Additionally, resilience was lower in other occupations than in doctors. This result is consistent with previous reports, which show that resilience is a protective factor against pandemic stress among HCWs (37). The differences in mental health among occupations in this study may be partially explained by resilience. However, with regard to resilience by occupation, while there is evidence that doctors are highly resilient (38), as in this study, there is also evidence that doctors are less resilient than other occupations (39). The relationship between occupation in HCWs and their resilience may differ across countries, and further research is needed to examine it.

The results of this study suggest that mental health measures for HCWs during the COVID-19 pandemic may need to be implemented for a wide range of staff, including clerical staff, rather than targeting only those engaged in COVID-19-related work. Furthermore, the results suggest that efforts to reduce the fear of COVID-19 and to improve resilience may be effective. Although there are no definitive initiatives to reduce the fear of COVID-19, considering the factors associated with low FCV-19S, it seems important to build a support system that is not limited to one-way provision of knowledge, but is also interactive, such as providing emotional support and a point of contact for consultation regarding infection control, and making this information widely known. In addition, it was considered necessary to implement various interventions that have already been reported to improve resilience (40), and support individuals in obtaining enough rest, including sleep, and maintaining their quality of life during disasters (39).

The present study focused on psychological distress as measured by K6; however, in addition to general distress, Ide et al. (7) examined event-related distress and found that general and event-related distress were associated with isolation and exhaustion, while event-related distress was also associated with uncertainty. Moreover, fear of COVID-19 was associated with intolerance of uncertainty (41) and social isolation during the COVID-19 pandemic (42). Therefore, our results do not contradict those of the aforementioned studies; rather, given that severe general and event-related distress were a risk factor for suicidal ideation in Ide et al.’s study (7), the importance of fear of COVID-19 in the mental health of HCWs highlighted in the present study becomes more prominent.

However, there are certain limitations to the study. First, the exact number of staff at the time of the survey was unknown, and some staff members were hired, on leave of absence, or had retired during the survey. Moreover, the choice of the method of informing the staff about the survey was left open to each hospital. However, given that the size of each hospital covered in the study has not changed significantly in 2023, and based on the current number of staff, it can be estimated that there were approximately 7,000 staff members at the time of the survey. Therefore, the collection rate was about 10%, and given that it was a voluntary survey, the issue of representativeness is a limitation of this study. Second, it was not possible to determine causal relationships due to the cross-sectional nature of the survey. Third, owing to the small number of participants from professions other than doctors and nurses/nursing assistants, it was not possible to separately show the actual mental health status of those professions. Fourth, apart from fear of COVID-19 and resilience, there are several other factors, such as depression, anxiety, and stress that are related to the mental health of HCWs. In this study, we assessed psychological distress using the K6 as a mental health indicator. Thus, the study results represent only one aspect of the mental health status of HCWs during the COVID-19 pandemic.



5. Conclusion

This study found that the level of mental distress differed by occupation, but was not associated with COVID-19-related work, indicating that differences in the fear of COVID-19 and resilience were important. In order to provide mental healthcare to HCWs during a pandemic, it will be necessary to create consultation services where a wide range of employees can discuss their concerns and questions that arise during their work, rather than narrowing down intervention targets in advance. In addition, it was considered important to strengthen the resilience of HCWs in preparation for future disasters.

However, to counter the limitations of this study, there is a need to conduct studies with a larger sample size, longitudinal design, and that assess a variety of psychological factors. Furthermore, it is important to test the effectiveness of interventions for addressing the mental health issues of HCWs suggested in this study in future research.
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Background: Primary care patients, especially those with an older age, are one of the most vulnerable populations for post-COVID-19 symptoms. Identifying predictors of post-COVID symptoms can help identify high-risk individuals for preventive care.

Methods: Out of 977 primary care patients aged 55 years or above with comorbid physical and psychosocial conditions in a prospective cohort in Hong Kong, 207 patients infected in the previous 5–24 weeks were included. The three most common post-COVID-19 symptoms (breathlessness, fatigue, cognitive difficulty), which lasted beyond the 4-week acute infection period, were assessed using items from the COVID-19 Yorkshire Rehabilitation Scale (C19-YRS), together with other self-reported symptoms. Multivariable analyses were conducted to identify predictors of post-acute and long COVID-19 symptoms (5–24 weeks after infection).

Results: The 207 participants had a mean age of 70.8 ± 5.7 years, 76.3% were female, and 78.7% had ≥2 chronic conditions. In total, 81.2% reported at least one post-COVID symptom (mean: 1.9 ± 1.3); 60.9, 56.5 and 30.0% reported fatigue, cognitive difficulty, and breathlessness respectively; 46.1% reported at least one other new symptom (such as other respiratory-related symptoms (14.0%), insomnia or poor sleep quality (14.0%), and ear/nose/throat symptoms (e.g., sore throat) (10.1%), etc.). Depression predicted post-COVID-19 fatigue. The female sex predicted cognitive difficulty. Receiving fewer vaccine doses (2 doses vs. 3 doses) was associated with breathlessness. Anxiety predicted a higher overall symptom severity level of the three common symptoms.

Conclusion: Depression, the female sex, and fewer vaccine doses predicted post-COVID symptoms. Promoting vaccination and providing intervention to those at high-risk for post-COVID symptoms are warranted.

KEYWORDS
 COVID-19, primary care, older adults, infection, post-acute and long COVID-19 symptoms, predictors


1. Introduction

By 28 February 2023, over 758 million confirmed cases of COVID-19 and 6.86 million deaths were reported to the WHO (1). It is foreseen that many more people worldwide would get COVID-19 eventually. After the acute period in the initial few weeks, many people were found to have post-acute COVID-19 (5–12 weeks after infection) symptoms and long-term COVID-19 (more than 12 weeks after infection) symptoms (2). Fatigue, cognitive problems, breathlessness, headache, coughing, chest pain, hair loss, decreased mental status, and olfactory dysfunction are frequently persistent symptoms (3–7). The pandemic has placed a heavy burden on rehabilitation care for COVID-19 survivors around the world. Systematic reviews of different age groups and infection severities to date have consistently found a high prevalence of post-COVID symptoms (mean follow-up period from 3 weeks to 7 months) (3–6). Virus variants of concern, which include alpha, beta, delta and now omicron, have suggested that COVID-19 might become endemic and would continue its enormous impacts, especially on vulnerable populations including older adults, who usually have multiple chronic conditions and face higher risks for infection and post-COVID symptoms (8).

Understanding patients’ post-COVID symptoms status and relevant predictors is important for providing better preventive and rehabilitation services. However, it is yet unclear and needs more epidemiological studies with low recall bias to understand predictors of post-COVID symptoms among high-risk populations (9, 10). Currently, only a few longitudinal cohort studies have examined predictors of post-COVID symptoms in primary care (11–14) and further prospective studies are needed to determine the risk factors predicting post-COVID symptoms, especially among older patients in primary care who are more vulnerable (8). Based on a prospective cohort study that examines the physical and psychosocial needs of older patients with comorbid physical and psychosocial conditions in primary care, this study explored various predictors of the three most common post-COVID symptoms (fatigue, cognitive problems, and breathlessness) (3–7).



2. Materials and methods


2.1. Study design and setting

This study was based on a prospective cohort study (unpublished yet) among 1,440 older patients in public primary care clinics in Hong Kong, where the number of COVID-19 cases remained low (about 12,000 cases) until the 5th wave of Omicron dominant outbreak starting in late December 2021 (15, 16). The number of infected cases reached as high as 56,827 in a single day in early March 2022, and the government reporting system recorded 749,318 and 450,146 cases confirmed by nucleic acid amplification tests (NAATs) or rapid antigen tests (RATs), respectively, in the total population of 7.6 million (15.8%) as of May 2022 (15–17).



2.2. Participants

Participants were from an existing cohort. The original aim of the cohort was to identify the unique health needs of older primary care patients with both physical and psychosocial issues such that corresponding complex interventions can be developed to address their needs. The inclusion criteria were (1) Chinese; (2) aged 55 and above; (3) with at least one physical condition (e.g., hypertension, diabetes mellitus, chronic pain, sarcopenia) plus at least one mental/social condition (e.g., depression, anxiety, mild cognitive impairment, loneliness) (Supplementary Table S1). The exclusion criteria were (1) psychosis or bipolar disorder; (2) being actively suicidal; (3) receiving services for substance abuse; (4) receiving psychological therapy from a psychologist within the past 6 months.



2.3. Data collection

Pre- and post-5th wave outbreak assessments were conducted from November 2019 to May 2021 (pre-5th wave) and from April to May 2022 (during the 5th wave), respectively. Trained nurses, social workers, and research assistants conducted face-to-face pre-assessments in a public primary care outpatient clinic affiliated with an academic unit. The post-assessments were conducted over the telephone, with at least 3 phone calls made at different times on different days for unanswered calls. A preset database in REDCap (Research Electronic Data Capture) was used for baseline assessment and an online questionnaire was used simultaneously during the post-assessments. Score ranges and logic settings were set up in both databases to ensure the data entry quality.



2.4. Measures

Measures include basic socio-demographics (age, sex, and Comprehensive Social Security Assistance (CSSA) Scheme reception for low-income families), body mass index (BMI), waist, alcohol drinking behaviour, the number of chronic conditions, physical activity level, pain, sarcopenia, frailty, cognitive function, depression, anxiety, social support, and loneliness. All the scales have been validated (details below) and widely used, including in our previous study in Hong Kong (18). Except for COVID-19 vaccination information, all the independent variables below (2.4.1–2.4.10) were collected at baseline. Post-COVID-19 symptoms (dependent variable) were collected at follow-up.


2.4.1. Number of chronic conditions

The number of chronic diseases was collected via self-report and information retrieved from the public Clinical Management System (CMS) (18). The chronic condition list contained 43 chronic conditions with an additional question on other diseases (Supplementary Table S2). This was based on the International Statistical Classification of Diseases 11 and used in previous local studies (19, 20).



2.4.2. Depression and anxiety

The 9-item Patient Health Questionnaire (PHQ-9) (21) and the 7-item Generalised Anxiety Disorder (GAD-7) (22) scales were used to measure depression and anxiety, respectively. Both scales have been validated with acceptable psychometric properties among the Chinese population.



2.4.3. Loneliness and perceived social support

Loneliness was measured by the validated 6-item De Jong Gierveld Loneliness Scale (DJGLS) (23). The DJGLS has a total loneliness score besides two subscales on social and emotional loneliness. The perceived social support was measured by the validated Multidimensional Scale of Perceived Social Support (MSPSS) (24). Higher scores represent higher loneliness/social support levels.



2.4.4. Physical activity level

Physical activity level was measured by the validated Chinese version of the Physical Activity Scale for the Elderly (PASE-C) (25). Higher scores denote being more active.



2.4.5. Alcohol drinking

The validated 3-item Alcohol Use Disorders Identification Test-consumption (AUDIT-C) was used (26). It has satisfactory accuracy (0.83), a high negative predictive value (0.93) and a moderate level of positive predictive value (0.64) with the cut-off at ≥5 (26).



2.4.6. Sarcopenia

Sarcopenia was measured by a simple five-item Sarcopenia Assessment (SARC-F). It has been validated among Chinese and shown to have excellent specificity for screening sarcopenia with the cut-off at ≥4 (27, 28).



2.4.7. Frailty

Frailty was measured by the validated FRAIL scale. It has five items, each with a yes (1) or no (0) answer (score range: 0–5). A score of 1–2 denotes pre-frailty, and a score of 3–5 denotes frailty (29).



2.4.8. Pain

The pain severity score was measured by the subscale of the validated Chinese version of the Brief Pain Inventory (BPI) (30). It rated worst pain, least pain, average pain, and pain right now in the past week, on a scale of 0 (no pain)–10 (the worst pain one can imagine). Higher scores mean higher severity.



2.4.9. Cognitive function

The validated Hong Kong Montreal Cognitive Assessment (HK-MoCA) was used (score range: 0–30). A lower score suggests poorer cognitive function, adjusting for years of education (+1 point if <6 years of education) (31). The staff who conducted the assessment had the certification for using HK-MoCA.



2.4.10. COVID-19 vaccination

COVID-19 vaccine type and dose information was collected at follow-up.



2.4.11. Post-COVID-19 symptoms (dependent variable)

During follow-up, COVID-19 infection status was asked over the telephone for their results of either compulsory tests or self-tests (either using NAATs or RATs). Post-COVID-19 symptoms were symptoms that persisted beyond the initial acute infection period. The period defining post-acute and long COVID-19 symptoms was 5–24 weeks after infection: (2) post-acute COVID symptoms (week 5 to week 12) and long COVID symptoms (week 12 to week 24). Three most common post-COVID symptoms (breathlessness, fatigue and cognitive difficulty) (3–7) were asked using items from the self-reported COVID-19 Yorkshire Rehabilitation Scale (C19-YRS). The C19-YRS is an outcome measure for long COVID symptoms with high internal consistency (Cronbach’s α = 0.891) (32). The National Institute for Health and Clinical Excellence (NICE) guideline has advocated its use in all long-term COVID clinics in the UK. The scale has also been translated into multiple languages. It has been translated and back-translated into Chinese by bi-linguists. Each item was rated on an 11-point scale from 0 (none of this symptom) to 10 (extremely severe level or impact). Overall, the severity score with a range of 0 to 10 was the mean of the available symptom severity scores from the three post-COVID symptoms. In addition, an open-ended question was asked to understand if any other new symptoms had emerged since the infection, with a severity score (range: 0–10).




2.5. Statistical methods

Both univariable analysis (t-tests or chi-square tests) and multivariable logistic regression were conducted. The dependent variable was post-COVID symptoms, which were analyzed as categorical variables using two different methods: (1) having any of the three post-acute symptoms, respectively; (2) an overall symptom severity score, with the score collapsed into two groups (1–5 mild problem; 6–10 moderate or severe problem). The grouping was identified as recommended by the modified C19-YRS scale (33). Post hoc rescoring suggested that a 4-point response category structure would be more appropriate than an 11-point response. The rescore was: 0 (no problem); 1–5 (mild problem/does not affect daily life); 6–8 (moderate problem/affects daily life to a certain extent); 9–10 (severe problem/affects all aspects of daily life/life -disturbing). Since few respondents had a score larger than 8 and zero score, four categories were collapsed into two groups for analysis. The independent variables included age, sex, social security, number of vaccine doses, Body Mass Index (BMI), central obesity (≥80 cm for females, and ≥90 cm for males) (34), alcohol drinking, physical activity level, pain severity, sarcopenia, frailty, cognitive status, depression level, anxiety level, loneliness, and social support level. Factors with a value of p < 0.1 were entered into the multivariable models to examine the independent predictors. Adjusted OR (aOR) and its 95% confidence interval (CI) were obtained. p-value less than 0.05 (two-sided) were considered statistically significant. SPSS version 26.0 (SPSS Inc., Chicago, IL, United States) was used.




3. Results

A total of 977 (67.8%) patients completed both baseline and follow-up surveys. Out of these 977 patients, 212 (21.7%) had been infected during the 5th wave of the pandemic; 5 (2.4%) were infected within 4 weeks, 190 (89.6%) were infected in the previous 5–12 weeks and other 17 (8.0%) in the previous 12–24 weeks. Patients infected in the previous 5–24 weeks were included in the analysis.


3.1. Post-acute and long COVID-19 symptoms

Among the 207 participants who were infected in the previous 5–24 weeks, the mean age was 70.8 (SD = 5.7) years, and most were female (76.3%). The mean days since COVID-19 infection was 62.5 (18.5) days [median (IQR): 62 (20)] (Table 1). For post-COVID-19 symptoms, 60.9, 56.5, and 30.0% reported fatigue, cognitive difficulty and breathlessness, respectively; 22.2, 32.9, and 19.8% reported one, two and all of the three symptoms, respectively; 46.1% self-reported at least one other new symptom. In total, 81.2% reported at least one post-acute COVID-19 symptom. The average number of symptoms was 1.9 (SD = 1.3).



TABLE 1 Demographic characteristics and COVID-19-related information (N = 207).
[image: Table1]



3.2. Predictors of post-acute and long COVID-19 symptoms

Table 2 shows the distribution of the three common symptoms among patients with different characteristics and the univariable analysis results. In the univariable analyses, the female sex, sarcopenia, frailty, depression and anxiety were associated with all three post-COVID symptoms (p < 0.1). These variables, together with other variables with p < 0.1, were included in the respective multivariable analyses. Table 3 shows the respective multivariable analyses of the three most common symptoms and the overall severity. Compared to receiving three doses of vaccine, receiving two doses of vaccine was associated with post-acute breathlessness [aOR (95%CI): 2.84 (1.14, 7.05), p = 0.025], but no association was found among those with 0 or 1 dose. Higher levels of depression at baseline were associated with post-COVID fatigue [aOR (95%CI): 2.97 (1.06, 8.29), p = 0.038 for moderate or above depression], compared to no depression. Females were more likely to have cognitive difficulty [aOR (95%CI): 2.31 (1.12, 4.79), p = 0.024]. Additional analysis on predictors of the overall severity score of the three symptoms found a significant association of anxiety at baseline with a higher average severity score. Multivariable analysis on a subgroup of patients with 2 or more chronic conditions (multimorbidity) showed that frailty was significantly associated with fatigue and cognitive difficulty (Supplementary Table S3).



TABLE 2 Risk factors for the presence of post-acute and long symptoms (symptoms last for 5–24 weeks since SARS-CoV-2 infection, N = 207).
[image: Table2]



TABLE 3 Multivariable logistic regression for risk factors of post-acute and long COVID-19 symptoms (symptoms last for 5–24 weeks since SARS-COV-2 infection, N = 207).
[image: Table3]




4. Discussion


4.1. Summary

One in five older primary care patients in this prospective cohort was infected during the 5th wave of COVID-19 in Hong Kong. A total of 80% of patients with comorbid physical and psychosocial conditions suffered from post-COVID symptoms: about 60% had fatigue (predicted by depression), 60% had cognitive difficulties (predicted by the female sex), and 30% had breathlessness (predicted by two doses, but not 0 or 1 dose, in reference to three vaccine doses) in the multivariable regression models. Baseline anxiety predicted overall post-COVID symptom severity. In addition, frailty predicted fatigue and cognitive difficulty among those with multimorbidity after infection.



4.2. Strengths and limitations

The strength was that this was a prospective longitudinal study that examined various demographic, behavioural, physical, social and psychological predictors of post-COVID symptoms among old primary care patients with comorbid conditions. Risk factors for the three most common post-COVID-19 symptoms were examined. The study had several limitations. First, it might have a selection bias as participation was voluntary. The study only included those patients with complete data at both time points, though multiple calls were made to reach them. The results may not reflect all older patients in primary care, though we believe the rates of infection and symptoms could be higher as usually those who do not respond are those with more severe conditions (35). Second, the sample size may be insufficient for some subgroups and for identifying some potential risk factors (e.g., very few participants received 0 or 1 vaccine dose, or were underweight). But the sample size should be adequate for most risk factors. Future studies with a larger sample size are important to validate our findings. Third, only the three most common post-COVID-19 symptoms were asked using a validated measure, and other post symptoms were self-reported by open question. We might have under-reported some symptoms, though the rate was similar to the rate (76%) reported in another local study of 106 hospital-admitted patients (36, 37).



4.3. Comparison with existing literature

The infection rate found in this cohort was higher than the rate (10%) of the general population in Hong Kong in early May 2022 (38). This further implies older primary care patients with comorbid physical and psychosocial conditions as a vulnerable population for COVID-19 infection. The prevalence of post-COVID-19 symptoms was similar to the above local study (36) and twice the global prevalence in a recent meta-analysis: 43% (95% CI: 39–0.46%) (7). Although we only found 3 doses of vaccines had higher protection on post-COVID-19 symptoms compared to 2 doses, but not 0 or 1 dose, this might be due to fewer participants having 0 or 1 dose in the study. Recent population studies showed that 3 doses (mRNA vaccines or a combination of an mRNA vaccine and an inactivated vaccine) provided the best protection against COVID-19 severity (39–41). A recent retrospective matched cohort study using a UK-based primary care database with 486,149 adults found age, female sex, belonging to an ethnic minority, socioeconomic deprivation, smoking, obesity and a wide range of comorbidities (depression, anxiety, migraine, etc.) were risk factors for long COVID (37). The difference might be due to that we had a different study setting and population, adjusted many other various variables as well (e.g., frailty, sarcopenia, physical activity level), and had a smaller sample size. Further studies would be still needed to take a closer look at these risk factors. A study among 54,960 participants in a nurse cohort (predominantly females) in the United States also found that probable depression, probable anxiety, worry about COVID-19, perceived stress, and loneliness early in the pandemic before SARS-CoV-2 infection were associated with a higher risk for post-COVID-19 conditions [risk ratio (RR) ranged 1.32–1.47] (42). The potential reasons for this association might be that those with psychological distress have more chronic proinflammatory cytokines or low-grade microglia activation (42). Regarding gender differences, a recent review showed that the likelihood of having long COVID syndrome was significantly greater among females (OR = 1.22; 95% CI: 1.13–1.32) in general, including diseases of Ear, Nose, or Throat (ENT), gastrointestinal (GI), psychiatric/mood, neurological, dermatological, and other conditions, while the likelihood of endocrine and renal disorders was significantly greater among males (43). The review suggested that differences in the immune system might explain the sex differences. More rapid and robust immune responses with stronger IgG antibody production were seen in the early stages of SARS-COV-2 infection in women, protecting them from infection and severity. However, this might also result in prolonged autoimmune-related disease (43–45). In addition, it is also likely that women are generally more attentive to their body and related distress (46). Overall, there are still many unknowns regarding why depression and sex may predict post-COVID-19 symptoms.



4.4. Implications for research and/or practice

First, comparing to two doses, having 3 doses of vaccination was at a lower risk of post-COVID-19 symptoms. However, we did not see a difference of 3 doses comparing to 0 or 1 dose. This may need a further close look of the protective effect of vaccination among this population. Second, to identify at-risk populations with post-COVID-19 symptoms in primary care among older adults with comorbid physical and psychosocial conditions, attention should be paid to those with pre-existing depressive and anxiety symptoms. Future studies are needed to understand the potential mechanisms of these associations for effective intervention design. Studies with evidence-based interventions such as physical exercise, for reducing depressive and anxiety symptoms (modifiable risk factors) may be studied and incorporated into primary healthcare to prevent future outbreaks. In addition, it might need more attention to the sex differences in post-COVID-19 symptoms, its relevant mechanisms, and subsequent interventions. Finally, special attention should be paid to post-COVID symptom severity among frail older adults.

In conclusion, depression, the female sex, frailty and fewer vaccine doses predicted post-COVID-19 symptoms. Future studies should be conducted to explore the potential mechanisms. Promoting vaccination and providing intervention to those at high-risk for post-COVID symptoms are warranted.
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Background: To investigate whether ivermectin inhibits SARS-CoV-2 proliferation in patients with mild-to-moderate COVID-19 using time to a negative COVID-19 reverse transcription-polymerase chain reaction (RT-PCR) test.

Methods: CORVETTE-01 was a double-blind, randomized, placebo-controlled study (August 2020–October 2021) conducted in Japan. Overall, 248 patients diagnosed with COVID-19 using RT-PCR were assessed for eligibility. A single oral dose of ivermectin (200  μg/kg) or placebo was administered under fasting. The primary outcome was time to a negative COVID-19 RT-PCR test result for SARS-CoV-2 nucleic acid, assessed using stratified log-rank test and Cox regression models.

Results: Overall, 112 and 109 patients were randomized to ivermectin and placebo, respectively; 106 patients from each group were included in the full analysis set (male [%], mean age: 68.9%, 47.9 years [ivermectin]; 62.3%, 47.5 years [placebo]). No significant difference was observed in the occurrence of negative RT-PCR tests between the groups (hazard ratio, 0.96; 95% confidence interval [CI] 0.70–1.32; p = 0.785). Median (95% CI) time to a negative RT-PCR test was 14.0 (13.0–16.0) and 14.0 (12.0–16.0) days for ivermectin and placebo, respectively; 82.1% and 84% of patients achieved negative RT-PCR tests, respectively.

Conclusion: In patients with COVID-19, single-dose ivermectin was ineffective in decreasing the time to a negative RT-PCR test.

Clinical Trial Registration: ClinicalTrials.gov, NCT04703205.
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 double-blind, ivermectin, SARS-CoV-2 proliferation, RT-PCR test, Japan


1. Introduction

SARS-CoV-2 is a highly transmissible pathogenic coronavirus causing COVID-19 (1). Novel therapeutic agents approved for COVID-19 have demonstrated efficacy, especially for early disease (2); however, they pose a huge economic burden on overstretched healthcare systems (3). Drug repurposing, an efficient strategy for identifying rapid treatment solutions by reducing developmental costs owing to preexisting data, could increase drug affordability and ensure equitable and wider drug distribution (3).

Ivermectin, a broad-spectrum antiparasitic agent from the ivermectin family with a long history of safety (4), has been widely used over two decades in humans, pets, and livestock (5). An in vitro study demonstrated that SARS-CoV-2 viral RNA was reduced with ivermectin 5 μM versus control (6). This ivermectin concentration is unlikely to be achieved in human lungs or plasma with routine antiparasitic doses (150–400 μg/kg) (7). However, at routine doses, ivermectin could possibly demonstrate additional immunomodulatory effects in vivo through its metabolites, potentially concentrated in the lung tissue (8–10).

Several real-world observational studies of ivermectin in COVID-19 have been conducted, but they have demonstrated conflicting efficacy results (11–14), raising a worldwide debate. Of the randomized controlled trials (RCTs) that demonstrated favorable efficacy, some were fraudulent or of poor quality with a high bias risk (15, 16). A recently published open-label, clinical study showed that ivermectin plus standard of care could not reduce the proportion of high-risk patients progressing to severe disease (17). We conducted an RCT, CORVETTE-01, which used the time to a negative reverse transcription–polymerase chain reaction (RT-PCR) test to investigate whether a single ivermectin dose (200 μg/kg) without any concomitant treatment in patients with mild-to-moderate COVID-19 could inhibit SARS-CoV-2 proliferation.



2. Methods


2.1. Study design

This was a multicenter, double-blind, placebo-controlled, randomized study conducted in Japan from August 2020 to October 2021 (ClinicalTrials.gov: NCT04703205). Eligible patients were randomized 1:1 to ivermectin or placebo (see Supplementary Figure S1) using dynamic allocation with the minimization method, with age (<65 years/≥65 years) and presence/absence of chronic obstructive pulmonary disease (COPD), diabetes mellitus, and pneumonia as adjustment factors.

Both patients and investigators were blinded to the study drug. Ivermectin and placebo, indistinguishable by appearance, were placed in aluminum bags and packaged in individual boxes. Allocation was centrally managed at Kitasato University Hospital using interactive web response systems. The investigator administered the study drug to patients according to the drug ID documented on the electronic case report form during allocation. To ensure blinding during administration of the study drug, patients wore an eye mask and were assisted by an unblinded collaborator.

The study was conducted in compliance with the ethical principles based on the Declaration of Helsinki and all applicable regulatory requirements and was approved by the institutional review board. All patients provided written informed consent. The Consolidated Standards of Reporting Trials (CONSORT) guidelines for RCTs were followed for reporting the study (18).



2.2. Patients

Patients aged ≥20 years who were diagnosed with COVID-19 (including asymptomatic cases) using an RT-PCR test within 3 days before eligibility assessment, reported room air oxygen saturation (SpO2) of ≥95%, weighed ≥40 kg at eligibility assessment, and could provide written informed consent were included in the study. Patients who received prohibited concomitant medications within the past month (past 6 months for biologics) or required prohibited concomitant medications (see Supplementary Table S1) during the study period or those scheduled for SARS-CoV-2 vaccination between the date of informed consent and the completion of follow-up were excluded from the study (see Supplementary Appendix 1). The rationale for excluding patients with scheduled SARS-CoV-2 vaccination was attributed to the uncertainty of the optimal timing of vaccination following COVID-19 and the potential challenge of distinguishing adverse reactions due to vaccination from those due to ivermectin.



2.3. Treatment

Ivermectin was purchased from MSD. For each patient, 10 tablets were prepared, and five of them were individually sealed in an aluminum package to ensure that the contents remained opaque. Patients wore an eye mask and received the dose according to their body weight, with the assistance of a nurse or a pharmacist (Supplementary Appendix 3). Patients received a single oral dose of either ivermectin (200 μg/kg) or placebo on an empty stomach (fasting) on day 1. During the observation period, treatment for preexisting underlying diseases and adverse events (AEs) unrelated to COVID-19 and symptomatic treatment for COVID-19 were permitted, but concomitant use of either COVID-19 medications or drugs with potential efficacy for COVID-19 (see Supplementary Table S1) was prohibited.



2.4. Study outcomes

The primary outcome was the time to a negative COVID-19 RT-PCR test. Nasopharyngeal swab specimens were obtained and tested for SARS-CoV-2 nucleic acid detection (positive or negative) at enrollment; on days 3, 5, 7, 9, 11, 13, and 15. Patients who did not test negative for SARS-CoV-2 on RT-PCR at the protocol-defined test visits were continued to be tested until a negative result occurred at bidaily intervals for up to a maximum of 45 days.

Secondary outcomes included the proportion of patients with a change in disease status between enrollment and day 15 (see Supplementary Appendix 2), with onset of pneumonia on day 15 and in the survival follow-up period, and requiring oxygen support; the proportion of patients and number of days on mechanical ventilation; the pattern of body temperature until day 15; the proportion of patients with a negative COVID-19 RT-PCR test until day 15; all deaths until the end of follow-up; the proportion of patients requiring, and number of days on, rescue treatment until day 15; the proportion of patients and number of days with severe arteriovenous thrombosis, including cerebral infarction and pulmonary thrombosis; the number of days required for the normalization of SpO2 in room air (SpO2 ≥95% lasting 24 h) when oxygen support was required; and the proportion of patients whose clinical status improved from enrollment by more than one stage from stage 3 of the 7-point ordinal scale on day 15.

AEs including subjective and objective findings at presentation and change in vital signs (blood pressure, pulse rate, and temperature) and AEs observed in laboratory parameters were assessed. Subjective findings were collected using an electronic device (see Supplementary Appendix 3).



2.5. Statistical analysis

The target sample size was set at 240 patients to achieve a significance level of 5% and a power of ≥80% in a two-sided log-rank test and considering that a few patients would be unevaluable. It was estimated that 192 events would be required among 210 patients in the two treatment groups over an observation period of 45 days, assuming that the median time to achieve a negative COVID-19 RT-PCR was 15 days with placebo and 10 days with ivermectin.

The full analysis set included all enrolled patients evaluated for efficacy at least once and excluded those who were ineligible after enrollment or did not receive the study drug. The safety analysis set included all enrolled patients, except those who did not receive the study drug.

Categorical variables were expressed as the number and percentage of patients and continuous variables as mean (standard deviation [SD]) or median (range). The Kaplan–Meier method was used to summarize the number of events and time to a negative RT-PCR test. The number of patients with a negative RT-PCR test and point estimates and confidence intervals (CIs) of the median time to a negative RT-PCR test were calculated. CIs were estimated using the Brookmeyer and Crowley method (19). Data for patients with rescue treatment were censored uniformly at 15 days. Patients who were judged by the physician to have difficulty in continuing the study due to worsening of symptoms (without rescue treatment) were treated in the same manner as patients receiving rescue treatment. In case of death, the patient was treated as not having a negative RT-PCR test until 45 days (censored at 45 days). To compare survival (time to a negative RT-PCR test) between the treatment groups, stratified log-rank tests were performed using the allocation adjustment factors as stratification factors between the groups. To quantitatively assess the treatment effect, the point estimates and CIs of adjusted hazard ratios (HRs) were calculated using stratified Cox regression models, with the allocation group as the explanatory variable and the allocation adjustment factors as stratification factors.

Sensitivity analysis for the primary outcome was performed by censoring 45-day data of patients who received rescue treatment and those excluded at the investigator’s discretion as being unable to continue treatment owing to worsening of symptoms. Exploratory analysis was conducted to assess the time to a negative RT-PCR test using survival analysis in subgroups stratified by age (<65 years/≥65 years) and presence/absence of COPD, diabetes mellitus, pneumonia, and smoking history. For secondary outcomes, the Cochran–Mantel–Haenszel test with the allocation adjustment factors as stratification factors was used to calculate adjusted odds ratios (ORs) and their 95% CIs to compare the differences between the ivermectin and placebo groups. Missing data were not imputed; however, no patient was excluded due to missing data.

The number of patients with AEs was summarized using system organ class (SOC) and preferred term using the Japanese translation of the Medical Dictionary for Regulatory Activities. AEs were listed by severity (Common Terminology Criteria for Adverse Events, version 5.0 grade).

Statistical analysis was performed using SAS (SAS Institute, Cary, NC, United States) version 9.4 (or later).




3. Results


3.1. Patient disposition

Of the 257 patients who provided informed consent, nine (3.5%) withdrew consent and 248 were assessed for eligibility (Figure 1). Furthermore, 27 patients were excluded before randomization. As the number of infected patients decreased considerably in Japan, the study was discontinued before the targeted sample size of 240 patients could be achieved. Overall, 221 patients were randomized 1:1 to ivermectin (n = 112, 43.6%) and placebo (n = 109, 42.4%); 107 patients in each treatment group received the study drug (Figure 1). The full analysis set included 106 patients in each treatment group following the exclusion of one patient each owing to the use of prohibited concomitant drugs within a month before study drug administration. By day 15, 87 and 90 patients in the ivermectin and placebo groups, respectively, completed the observation period. Overall, 25 patients in the ivermectin group and 19 in the placebo group discontinued the study (Figure 1). No deaths were reported in either treatment group.

[image: Figure 1]

FIGURE 1
 Patient disposition. aFew patients met multiple criteria for exclusion. bWithin 3 days before eligibility assessment. RT-PCR, reverse transcription–polymerase chain reaction; SpO2, oxygen saturation.




3.2. Patient demographics and baseline characteristics

Demographics and baseline characteristics were generally well balanced between the two treatment groups, with mean (SD) age (years) of 47.9 (15.1) and 47.5 (15.0) in the ivermectin and placebo groups, respectively. Most patients were male (ivermectin, 68.9%; placebo, 62.3%) and reported comorbidities at baseline (ivermectin, 72.6%; placebo, 64.2%). Over 70% of patients in both treatment groups had pneumonia at baseline (ivermectin, 73.6%; placebo, 72.6%). Nine patients (8.5%) and seven patients (6.6%) in the ivermectin group and the placebo group, respectively, had prior SARS-CoV-2 vaccination.

The mean (SD) duration from the occurrence of a positive RT-PCR test to the administration of the study drug in the ivermectin and placebo groups was 2.7 (1.1) days and 2.7 (1.1) days, respectively; the corresponding mean (SD) duration from the first onset of a subjective symptom/first positive RT-PCR test to the administration of the study drug was 6.6 (2.6) days and 6.9 (2.8) days (Table 1). The treatment compliance rate was 100% in both treatment groups. During the study period in Japan, the Alpha (PANGO lineage; B.1.1.7) and Delta (AY.29) variants were predominant (20). Owing to the rapid emergence and spread of the new variant, conducting uniform testing across different facilities was challenging, particularly as the Alpha variant was being replaced by the new variant. Therefore, an analysis of the variants was not performed.



TABLE 1 Patient demographic and baseline characteristics (full analysis set).
[image: Table1]



3.3. Efficacy

One patient in each treatment group was excluded from the efficacy analysis because of their use of a prohibited medication within 1 month before the administration of the study drug. The survival analysis showed no significant difference in the occurrence of negative RT-PCR test results between the ivermectin and placebo groups (HR, 0.96; 95% CI, 0.70–1.32; p = 0.785; HR <1 favors placebo, whereas HR >1 favors ivermectin). The median (95% CI) time to a negative RT-PCR test was 14.0 (13.0–16.0) days and 14.0 (12.0–16.0) days in the ivermectin and placebo groups, respectively. Of 106 patients in each treatment group, 82.1% (n = 87) and 84% (n = 89) of patients achieved a negative RT-PCR test result with ivermectin and placebo, respectively, over the follow-up period for up to 45 days (Figure 2).

[image: Figure 2]

FIGURE 2
 Kaplan–Meier plot for time to a negative RT-PCR test. “Number at risk” for each follow-up period denotes the number of patients who were traceable and confirmed to have an RT-PCR-positive result. CI, confidence interval; HR, hazard ratio; RT-PCR, reverse transcription–polymerase chain reaction.


The sensitivity analysis yielded consistent results. The occurrence of a negative PCR test by age <65 years versus ≥65 years, with/without a history of COPD, diabetes mellitus, pneumonia, and smoking, and the interaction effect between treatment groups and subgroups was not significantly different (Figure 3; see Supplementary Table S2).

[image: Figure 3]

FIGURE 3
 Subgroup analysis for time to a negative RT-PCR test. CI, confidence interval; RT-PCR, reverse transcription–polymerase chain reaction.


From enrollment to day 15, a similar proportion of patients in the ivermectin (17.9%) and placebo (21.7%) groups showed disease worsening (OR, 0.77; 95% CI, 0.38–1.54; p = 0.462; see Supplementary Table S3). No notable difference was observed in the mean (SD) maximum daily temperatures from day 1 to day 15 in patients receiving ivermectin or placebo (see Supplementary Figure S2).



3.4. Safety

Overall, 29 patients (27.1%) in the ivermectin group and 28 (26.2%) in the placebo group reported AEs (Table 2). Six patients (5.6%) in the ivermectin group and five (4.7%) in the placebo group reported treatment-emergent AEs (TEAEs). Grade ≥3 TEAEs occurred in one (0.9%) patient in the ivermectin group and two (1.9%) patients in the placebo group. The most common TEAEs reported by SOC were gastrointestinal disorders and hepatobiliary system disorders (n = 2, 1.9% each) in the ivermectin group and hepatobiliary system disorders (n = 2, 1.9%) in the placebo group. No patient reported a TEAE that led to study discontinuation.



TABLE 2 Safety outcomes (safety analysis set).
[image: Table2]

One patient (0.9%) in the ivermectin group who reported a serious AE of the acute abdomen of grade 2 severity recovered. One patient reported blood creatine phosphokinase increased of grade ≥3 severity in the ivermectin group on day 15, and this TEAE was associated with the study drug; the patient did not improve, but the event was considered mild, and no follow-up was required based on the general condition of the patient. Two patients in the placebo group reported hepatic function abnormal of grade ≥3 severity, one of which was serious and of grade 4 severity; the condition of both patients improved (Table 2).

The mean (SD) changes in systolic/diastolic blood pressures and pulse rate from baseline to day 15 were 0.3 (17.68) mm Hg/−2.5 (12.58) mm Hg and 81.0 (11.80) min−1, respectively, in the ivermectin group (see Supplementary Table S4). The proportions of patients with clinical findings of sore throat, nasal discharge, cough, sputum, dyspnea, headache, nausea/vomiting, abdominal pain, diarrhea, myalgia, and arthralgia in both treatment groups are shown in Supplementary Figure S3. The severity scores for malaise, chest pain, diarrhea, and anosmia are reported in Supplementary Figure S4.




4. Discussion

This is the first multicenter, double-blind, placebo-controlled RCT in Japan that investigated the efficacy and safety of a single intervention with ivermectin monotherapy in patients with COVID-19. The mean time from a positive RT-PCR test to study drug administration (2.7 days) and the treatment compliance rate (100%) were similar for both treatment groups. No significant difference in the time to a negative RT-PCR test was observed between ivermectin-and placebo-treated patients with mild-to-moderate COVID-19.

In our study, the median duration to a negative RT-PCR test result was 14.0 days, and a similar proportion (⁓82%) of patients achieved a negative RT-PCR test result beyond the 15-day observation period, up to the end of the follow-up period. This result was observed with both ivermectin and placebo without any concomitant medication with potential efficacy for COVID-19. These results remained consistent in the sensitivity analysis and were similar to those from other RCTs with different dosages of ivermectin with/without concomitant treatments. In line with our study results with single-dose ivermectin 12 mg over a 15-day follow-up, the difference in the proportion of inpatients achieving a negative RT-PCR on days 5–6 with ivermectin versus placebo was nonsignificant with single doses of 12 mg/24 mg (8) or a 2-day course of 12-mg dose (21) in other double-blind RCTs. Similarly, a 3-day course of ivermectin 400 μg/kg (vs. placebo) demonstrated no significant difference in viral clearance on day 7 in high-risk symptomatic COVID-19 patients (22). Furthermore, no difference in the proportion of patients with a positive RT-PCR test on day 7 was observed with a single dose of ivermectin 400 μg/kg (vs. placebo) in patients with non-severe COVID-19 in another double-blind RCT (23). Thus, most RCTs demonstrated no significant increase in the proportion of patients achieving a negative RT-PCR test or viral clearance with standard doses of ivermectin for 1–3 days. However, a 5-day course of once-daily ivermectin 12 mg reduced the time to a negative RT-PCR test both versus placebo and with concomitant doxycycline 200 mg; the reduction was significant only versus placebo (9.7 days vs. 12.7 days; p = 0.005) (24).

The disparity in the efficacy of ivermectin in patients with COVID-19 observed among different trials could be attributed to differences in patient characteristics, ivermectin dosage, exposures, and measured outcomes and to unidentified confounders. Studies that showed favorable outcomes with ivermectin for COVID-19 generally used a higher dose (25) or multiday dosing (24), which could explain the lack of difference when compared with placebo observed in our study where ivermectin was used at the approved antiparasitic dose of 200 μg/kg. The antiviral activity of ivermectin in COVID-19 has been suggested to be dose dependent (26) and concentration dependent (27). Modeling simulation studies have predicted an unlikely probability of lung ivermectin concentration attaining the desired half-maximal inhibitory concentration of 2 μM following a single, approved, oral dose or even a dose 10 times higher (28, 29); however, lung tissue concentrations of ivermectin remain unsubstantiated from those in human studies. Furthermore, data to support a recommendation for ivermectin use in higher-than-approved doses are limited, although the safety profile of high (>400 μg/kg) and standard (≤400 μg/kg) doses is reportedly comparable (30). Moreover, doses up to 10 times the approved doses and more frequent dosing regimens are reportedly well tolerated (31). In our study, the incidence of TEAEs was low with ivermectin 200 μg/kg, confirming the safety of the standard dose in patients with COVID-19. Because efficacy was lacking at the standard dose, higher doses may be recommended, although the I-TECH trial has raised safety concerns (17). Therefore, different treatment protocols employing varying dosing regimens and drug delivery systems such as inhalers to achieve higher and more targeted, localized concentrations in the lungs while minimizing systemic exposure (32) can further elucidate the potential role of ivermectin in COVID-19 treatment.

In Japan, 6,832,377 confirmed cases of COVID-19 were reported until March 2022 (33), which is relatively lower than the number of cases reported worldwide. Furthermore, despite a large elderly population, Japan has a relatively lower number of deaths due to COVID-19 (28,456 deaths) (33), and no deaths were reported in our study. Thus, ethnicity may potentially impact COVID-19 characteristics and treatment response to various drugs in Japanese patients.

A recent report (16) that highlighted the role of fraudulent studies and studies with questionable evidence in causing a bias in favor of ivermectin reiterates the importance of scientific rigor in achieving unbiased, accurate, and robust outcomes. Our double-blind, placebo-controlled, randomized study with a reasonable sample size was carefully designed and conducted across multiple hospitals to minimize the risk of bias. Moreover, a detailed safety analysis was conducted, and pneumonia was assessed using computed tomography images. However, the results may not be generalizable because the study population comprised patients only of Japanese ethnicity. Furthermore, ivermectin has a plasma half-life of ⁓18 h, suggesting that multiple doses of ivermectin may be beneficial; however, only a single dose of ivermectin at the fasting state, as approved in Japan, was used in our study. The fasting state could have also contributed to our results, which is known to result in a lower blood drug concentration than that after postprandial administration.



5. Conclusion

The current study showed that, compared with placebo, single-dose ivermectin treatment was well tolerated but did not lead to a decrease in the time to a negative RT-PCR test for patients with mild-to-moderate COVID-19.
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Background: Information on antibody responses following SARS-CoV-2 infection, including the magnitude and duration of responses, is limited. In this analysis, we aimed to identify clinical biomarkers that can predict long-term antibody responses following natural SARS-CoV-2 infection.

Methodology: In this prospective study, we enrolled 100 COVID-19 patients between November 2020 and February 2021 and followed them for 6 months. The association of clinical laboratory parameters on enrollment, including lactate dehydrogenase (LDH), neutrophil–lymphocyte ratio (NLR), C-reactive protein (CRP), ferritin, procalcitonin (PCT), and D-dimer, with predicting the geometric mean (GM) concentration of SARS-CoV-2 receptor-binding domain (RBD)-specific IgG antibody at 3 and 6 months post-infection was assessed in multivariable linear regression models.

Result: The mean ± SD age of patients in the cohort was 46.8 ± 14 years, and 58.8% were male. Data from 68 patients at 3 months follow-up and 55 patients at 6 months follow-up were analyzed. Over 90% of patients were seropositive against RBD-specific IgG till 6 months post-infection. At 3 months, for any 10% increase in absolute lymphocyte count and NLR, there was a 6.28% (95% CI: 9.68, −2.77) decrease and 4.93% (95% CI: 2.43, 7.50) increase, respectively, in GM of IgG concentration, while any 10% increase for LDH, CRP, ferritin, and procalcitonin was associated with a 10.63, 2.87, 2.54, and 3.11% increase in the GM of IgG concentration, respectively. Any 10% increase in LDH, CRP, and ferritin was similarly associated with an 11.28, 2.48, and 3.0% increase in GM of IgG concentration at 6 months post-infection.

Conclusion: Several clinical biomarkers in the acute phase of SARS-CoV-2 infection are associated with enhanced IgG antibody response detected after 6 months of disease onset. The measurement of SARS-CoV-2 specific antibody responses requires improved techniques and is not feasible in all settings. Baseline clinical biomarkers can be a useful alternative as they can predict antibody response during the convalescence period. Individuals with an increased level of NLR, CRP, LDH, ferritin, and procalcitonin may benefit from the boosting effect of vaccines. Further analyses will determine whether biochemical parameters can predict RBD-specific IgG antibody responses at later time points and the association of neutralizing antibody responses.
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SARS-CoV-2, biomarkers, antibody, prediction, Bangladesh, COVID-19, long-term immune response


Introduction

COVID-19 is an acute inflammatory disease, and the severity of infection is related to dysregulation of the inflammatory immune response (1). The disease caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has resulted in a critical threat to global health since the outbreak in December 2019 in China. Evidence suggests that patients with advanced age, respiratory distress, oxygen saturation of <90%, or pre-existing comorbidities are more susceptible to suffering from a severe disease (2, 3). Common clinical manifestations of COVID-19 patients include fever, cough, breathlessness, myalgia, fatigue, normal or decreased leukocyte counts, and radiographic evidence of pneumonia (4). A lack of immunity to the virus triggers the pathogenesis of the disease. Increased levels of inflammatory cells and markers in the blood, as well as high serum levels of several cytokines and chemokines, have been reported to be associated with increased disease severity and death (1). Higher levels of inflammatory markers (C-reactive protein and ferritin), liver enzymes, lactate dehydrogenase (LDH), D-dimer, creatine phosphokinase (CPK), and elevated inflammatory cytokines (IL-6, TNF-α) have been related with worse clinical outcome (5). Another study highlights the fact that the early formation of IgM and IgG antibodies does not necessarily lead to early elimination of SARS-CoV-2; however, the titer and specificity of antibodies may play a more important role in virus eradication (6).

Upon the entry of the virus into the cells, its antigen is presented to the host antigen presenting cells (APC) that play the central role in the body's antiviral immunity system. Antigen presentation subsequently stimulates the body's humoral and cellular immunity, which are mediated by virus-specific B and T cells. The SARS-specific IgM antibodies disappear at the end of week 12, while the IgG antibody can last for a long time, which may indicate that there is a protective role of IgG antibody (5). A community-based study showed that the kinetic of SARS-CoV-2-specific IgG antibody levels correlate with clinical parameters such as length and severity of infection (7). A trend of increasing antibody levels from asymptomatic to mild, moderate, and severe infection was observed from the study analysis (7). Although most predictive models rely on demographic features and data on clinical parameters obtained during hospitalization, time-dependent biomarkers, such as antibody titers and clinical laboratory values, substantially contributed to the development of a more accurate prediction model associated with COVID-19 severity and mortality (8).

Previous analysis has identified several clinical biomarkers, such as neutrophil-lymphocyte ratio (NLR), LDH, ferritin, C-reactive protein (CRP), and D-dimer, predictive for disease progression (2, 9, 10). In this analysis, we aimed to explore whether similar clinical biomarkers during the acute phase of SAR-CoV-2 infection help to predict long-term SARS-CoV-2-specific IgG antibody response post-infection.



Methods


Study participants and study sites

We enrolled 100 patients between November 2020 and February 2021 in Dhaka, Bangladesh, aged 18 years and above, who were confirmed positive using SARS-CoV-2 reverse transcription polymerase chain reaction (RT-PCR) for the first time prior to or during enrollment in a prospective cohort study as mentioned previously (2). We used WHO guidelines for COVID-19 (clinical symptoms and oxygen saturation) for determining the severity of the patients, which were collected from the hospital records on admission or the patient's condition during enrollment (11). Patients who provided a confirmed history of previous SARS-CoV-2 infection were excluded. During the enrollment period, none of our participants were vaccinated as COVID-19 vaccination in Bangladesh was initiated only in February 2021. Biweekly phone calls and scheduled clinic visits were carried out to collect information on vaccination status, clinical symptoms, and re-infection. In this analysis, we included all COVID-19 patients who completed the 3-month and 6-month follow-ups following enrollment. We excluded patients who were re-infected with SARS-CoV-2, defined as RT-PCR positive, or received any dose of the COVID-19 vaccine during or prior to the follow-up visits as it may have an impact on the antibody response. We selected all hospitalized patients from two COVID-19 designated hospitals: Kurmitola General Hospital and Mugda Medical College and Hospital as well as non-hospitalized patients from the community in Dhaka city. Ethical approval of the study was taken from the Institutional Review Board of the International Center for Diarrhoeal Disease Research, Bangladesh (icddr,b) and also from the Directorate General of Health Services (DGHS) of Bangladesh. Written informed consent was obtained from all study participants.



Clinical and laboratory data

Socio-demographic data, comorbidities, anthropometric measurements, and relevant clinical information were recorded during enrollment (Day 1). All patients were prospectively followed up on day 7, day 14, day 28, day 90 (month 3), and day 180 (month 6). We considered the date of first symptom appearance as the disease onset date for all symptomatic cases. In the case of asymptomatic patients, the date of probable exposure with any COVID-19 patient plus a 2-day incubation period (12) or a positive report of RT-PCR was considered as the disease onset date.

We collected venous blood and nasopharyngeal swabs (NPS) from our study participants. NPS was collected for the detection of SARS-CoV-2 using CDC 2019-nCoV RT-PCR Diagnostic Panel (CDC 2019-nCoV_N2 primers and probe set) from China as mentioned earlier (2, 13). The clinical biomarkers consisting of complete blood count (CBC), alanine aminotransferase (ALT), CRP, LDH, ferritin, creatine phosphokinase (CK), procalcitonin, and D-dimer were measured on the day of enrollment for the study as per the national guideline for the management of COVID-19 (14). The ratio of absolute neutrophil count to absolute lymphocyte count was set as the NLR value (15). We measured the SARS-CoV-2-specific IgM and IgG responses to the receptor binding domain (RBD) as several groups showed a good correlation with levels of neutralizing antibody titers and COVID-19 severity (16–18).



RBD-specific antibody responses from enzyme-linked immunosorbent assay (ELISA)

The RBD-specific antibody concentrations (ng/ml) were measured from blood samples collected at all follow-up visits by ELISA (isotype-specific anti-RBD monoclonal antibodies- Mab CR3022) (2, 19). We determine the cutoff for seropositivity as 500 ng/ml (0.5 μg/ml) for both IgG and IgM antibodies, which was the median plus the range of concentrations of SARS-CoV-2 IgG and IgM antibodies measured among pre-pandemic serum samples (19).



Statistical analysis

Baseline characteristics were reported as mean with standard deviation (SD) for continuous variables and frequency measures for categorical variables. The distribution of clinical biomarkers during acute infection (day 1) was presented as a geometric mean (GM) with a 95% confidence interval (CI). Simple and multiple linear regression models were fitted to determine the association of the concentration of clinical biomarkers on enrollment (Day 1) with IgG concentration at 3 months and 6 months following enrollment. Both the outcome variables (IgG) and the predictors (clinical biomarkers) were log-transformed before putting into the models. We built separate models for each biomarker to avoid multicollinearity. All the multivariable models were adjusted for covariates of prior interest, such as age, sex, body mass index (BMI), blood group, diabetes mellitus, and the interval between disease onset and enrollment. These covariates were purposefully selected based on the literature review (20–22). The strength of association was reported as the percentage change in the GM of IgG (ng/ml) concentration for any 10% increase in the concentration of the clinical biomarkers (original unit). A p-value of <0.05 was considered a statistically significant association.




Results


Baseline characteristics of the cohort

The mean age of the 100 COVID-19 patients was 46.83 ± 14 years, and 60% of the patients in our cohort were male (Table 1). Diabetes mellitus was the most common comorbid disease (28%) in this cohort (Table 1). The mean BMI of the COVID-19 cases was 25.87 ± 3.65 kg/m2, and 32% of the patients belonged to the O blood group. In total, 68 and 55 COVID-19 patients were included in the final analysis who completed 3 months and 6 months of follow-up, respectively, after excluding re-infection, COVID-19 vaccines, death, and dropout cases (Figure 1). Patients were enrolled in the study at different time points from the disease onset, and the median days between symptom onset and enrolment were 10 days (IQR: 7.75, 12). The distribution of clinical biomarkers is outlined in Table 2. The geometric mean value of NLR 4.22 (95% CI: 3.40, 5.25), LDH 277.76 (95% CI: 251.56, 306.70), and CRP 1.45 (95% CI: 0.97, 2.17) was elevated above the normal range, whereas the geometric mean value of absolute lymphocyte counts 1.01(95% CI: 0.87, 1.17) was decreased during the acute infection (Table 2).


TABLE 1 Baseline characteristics of COVID-19 patients.
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FIGURE 1
 Analysis flow chart of cases.



TABLE 2 Baseline distribution of clinical biomarkers.
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RBD-specific antibody responses

The RBD-specific IgG responses increased initially till 3 months following the natural infection of COVID-19 and declined subsequently, whereas the RBD-specific IgM started declining within 1 month of infection after early responses (Figure 2). Approximately 96% of the patients were found seropositive against RBD-specific IgG at 3 months (day 90) and 93% of the patients were seropositive against RBD-specific IgG at 6 months (day 180) following infection (Figure 3A). Maximum (98.9%) IgG seropositivity was observed on day 14 and day 28. Only 33.8% of the patients were found seropositive against RBD-specific IgM at day 90, whereas only 18% of the patients had IgM concentration > 500 ng/ml at day 180 (Figure 3B). Maximum (79.8%) IgM seropositivity was observed on day 7.


[image: Figure 2]
FIGURE 2
 The trend of SARS-CoV-2-specific antibody IgG and IgM concentration over the time period.



[image: Figure 3]
FIGURE 3
 Seropositivity against SARS-CoV-2 RBD-specific IgG (A) and IgM (B) of patients at different follow-up days till 6 months.




Clinical biomarkers predicting SARS-CoV-2 IgG response at 3 months post-infection

We found several clinical biomarkers during acute infection predicting SARS-CoV-2 RBD-specific IgG concentration during the convalescent period. In adjusted models, for any 10% increase in the hematological parameters, such as absolute lymphocyte count (109/L) and NLR, there was a 5.32% (95% CI: 8.98, 1.53) decrease and 3.74% (95% CI: 0.93, 6.62) increase, respectively, in the GM of IgG (ng/ml). Any 10% increase in the inflammatory markers, such as LDH (U/L), CRP (mg/dl), ferritin (ng/ml), and procalcitonin (ng/ml), was associated with a 10.63% (95% CI: 4.33, 17.31), 2.87% (95% CI: 1.25, 4.51), 2.54% (95% CI: 0.59, 4.53), and 3.11% (95% CI: 0.32, 5.97) increase, respectively, in the GM of IgG antibody concentration (ng/ml). Absolute neutrophil count and D-dimer concentration on Day 1 were found to be significantly associated with IgG concentration at 3 months following infection in the unadjusted model, but the associations lost statistical significance after adjusting for the covariates (Table 3).


TABLE 3 Association of clinical biomarkers on day 1 with SARS-CoV-2 IgG at 3 months.
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Clinical biomarkers predicting SARS-CoV-2 IgG response at 6 months post-infection

We found some common clinical biomarkers from the acute phase of infection predicting SARS-CoV-2 RBD-specific IgG concentration at 6 months post-infection (Table 4). In adjusted models, for any 10 % increase in LDH (U/L), CRP (mg/dl), and ferritin (ng/ml), there was 11.28% (95% CI: 4.19,18.85), 2.48% (95% CI: 0.49, 4.50), and 3.00% (0.59, 5.46) increase in the GM of IgG (ng/ml) at 6 months post-infection. Although procalcitonin and D-dimer were found significantly associated (p = 0.043 and p = 0.005, respectively) in the unadjusted model for predicting IgG concentration at 6 months, the associations lost statistical significance after adjusting with the covariates.


TABLE 4 Association of clinical biomarkers on day 1 with SARS-CoV-2 IgG at 6 months.
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Discussion

SARS-CoV-2 antibody responses are presently an important scientific issue as they can determine the seropositivity following infection and/or vaccination. The longevity of this immunity following SARS-CoV-2 infection may vary individually and depend on clinical parameters during infection (20). In this prospective study, we evaluated the clinical biomarkers (NLR, LDH, ferritin, CRP, procalcitonin, and D-dimer) during the acute phase of SAR-CoV-2 infection which will help to predict long-term SARS-CoV-2-specific IgG antibody response as late as 6 months following natural infection.

The immune responses after SARS-CoV-2 infection differ between patients suffering from varying ranges of severity (2). The reasons for the variation in immune responses to natural infection remain unclear and unpredictable. The factors responsible for long-term immunity after SARS-CoV-2 infection are also current topics of major scientific interest. IgG and IgM responses during the acute stage are well studied in different settings in the world, but the long-term immune responses are yet to be determined in South Asian countries like Bangladesh. Investigating the routine clinical biomarkers with long-term antibody responses in Bangladesh will provide an appropriate understanding of the protection of the disease. Such biomarkers may be a surrogate for determining long-term immune response in resource-limited settings where measuring antibody concentration is challenging.

We analyzed RBD-specific antibody responses of the COVID-19 patients following natural infection who completed 3 or 6 months of follow-up. We found that both the IgG and IgM responses commenced within 10 days of disease onset. Different studies showed that serum IgM and IgG responses were detectable due to the development of adaptive immunity within 5 to 7 days and 7 to 10 days, respectively, following the onset of symptoms (23–25). A similar trend of IgG and IgM responses was found in the primary analysis of this cohort in Bangladesh (2). In general, serum antibody level responses tend to decline after the acute phase of the disease as the “effector” response of B cells is stimulated during the first weeks after infection (25).

We also found that high levels of the IgM responses persisted for 1 month following disease onset and began to decline gradually. A similar finding was confirmed by the other study conducted in China (26). The IgM response became lower than the cutoff value after the 3rd month of SARS-CoV-2 infection. In our study, we observed a declining trend of SARS-CoV-2 RBD-specific IgG responses after 3 months of infection though 95.6% of patients were seropositive at the end of 3 months. The seropositivity was 92.7% during 6 months of follow-up, and similar sero-responses were found in the other study conducted in Germany (20). Some studies suggested that anti-SARS-CoV-2-specific IgG antibodies declined at 3 months following an infection (27, 28), whereas others reported IgG responses sustained over 3 to 6 months (26, 29, 30). However, our findings on the long-term trend of SARS-CoV-2 antibody response are the first from Bangladesh, which is consistent with the results observed elsewhere (20, 26–30). Further studies are necessary to find out a clearer understanding of the anti-SARS-CoV-2- specific IgG antibody responses.

COVID-19 is a multisystem disease instead of a localized respiratory infection, caused by a diffuse systemic process involving a complex interplay of immunological, inflammatory, and coagulative cascades (31). Excessive pro-inflammatory response of the former and dysregulated host response of the latter lead to tissue damage. The extensive immune dysregulation results in the release of massive amounts of cytokines and chemokines typically known as the “cytokine storm” (31), which is characterized by an increase in several pro-inflammatory cytokines in the serum concentrations. Thus, lymphocyte counts and cytokine concentrations could be used as biomarkers to predict the severity grading and persistence of the disease (5). In our earlier analysis, we observed that individuals suffering from moderate-to-severe COVID-19 had higher SARS-CoV-2 RBD-specific IgG concentration compared to the mild and asymptomatic cases indicating that immune responses are correlated with disease severity (2). It has been studied that the magnitude of early CD4+ T-cell immune responses correlates with the severity of initial infection, although there was no correlation between soluble inflammatory markers, such as D-dimer, and the long-term T-cell responses (21).

Following infection, several acute-phase reactants, such as CRP, LDH, ferritin, and D-dimer, play a crucial role in inflammatory responses (32). CRP and LDH are plasma proteins, which are induced by various inflammatory mediators and are clinically used as biomarkers for various inflammatory conditions (33). Similarly, increased serum ferritin levels during acute infection indicate a significant host defense mechanism by limiting the availability of iron to pathogens and protecting immune cell function (34). In our analysis, we found a strong statistical association between CRP, LDH, and ferritin in predicting long-term SARS-CoV-2-specific IgG concentration at both 3-month and 6-month periods following infection, suggesting that elevated levels of these biomarkers during acute infection may surrogate the presence of antibody response as late as 6 months post-infection. On the other hand, elevated serum procalcitonin was observed commonly in hospitalized COVID-19 patients ranging from moderate-to-severe forms of the disease (2, 35). Procalcitonin is also an acute-phase reactant and is usually been associated with bacterial infections (36). This biomarker was significantly associated with predicting IgG concentration at 3 months post-infection but not at a later time point.

The coagulative cascade involves endothelial cells, platelets, neutrophils, monocytes, and macrophages. The vascular endothelium of a healthy individual is both anti-thrombotic and anti-inflammatory, which is disrupted in COVID-19 leading to thrombosis and inflammation. Macrophages, recruited to fibrin thrombi, generate plasmin, through which fibrin is degraded to D-dimers. Thus, macrophages possibly contribute to the unusually extreme elevation of D-dimers seen in COVID-19 (31). However, in our analysis D-dimer was was not significantly associated in predicting IgG concentration at both 3 and 6 months post infection.

One of the major limitations of this analysis was the final sample size included in the analysis. The sample analyzed for the 3-month and 6-month models is different from the original sample of 100 patients (2) because of the loss to follow-up, including death, and exclusion of cases with re-infection and vaccination. However, the background characteristics remain quite comparable between the samples. As the original cohort enrolled patients purposely based on severity, we were unable to adjust for disease severity due to bias. In the case of asymptomatic patients, as there were no symptoms, we assumed the disease onset was based on assumptions of the date of exposure with COVID-19 patient or RT-PCR positive report.



Conclusion

In this current analysis, we were able to identify some of the routinely performed clinical biomarkers during acute infection in predicting SARS-CoV-2 IgG responses over the time period, which suggested the importance of longevity of the immune response. The measurement of SARS-CoV-2-specific antibody responses is not feasible in all settings as it requires improved techniques. In Bangladesh, measuring RBD-specific IgM and IgG is approved by the government only for institutional and research purposes; hence, it is not easily available in hospitals or clinics. Thus, routinely performed clinical biomarkers during acute infection will serve as surrogate markers in predicting long-term immune response as late as 6 months post-infection. Additionally, patients exhibiting increased levels of NLR, CRP, LDH, ferritin, and procalcitonin during acute infection may benefit from boosting effect on the SARS-CoV-2 IgG concentration even with a single dose of COVID-19 vaccine after 3 months of infection (37). Although in our study we only analyzed the RBD-specific antibody response, previous studies have shown that RBD-specific antibody concentration correlates with neutralizing antibody titers (16, 17, 38). In addition, several studies have also shown a correlation between RBD-specific antibody titer and disease severity (2, 8, 18). However, to better understand the correlates of protection, a prospective analysis will be needed to study the association of neutralizing antibody with the acute-phase reactant biomarkers and RBD-specific antibody response.
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Background: The ultra-short wave diathermy (USWD) is widely used to ameliorate inflammation of bacterial pneumonia, however, for COVID-19 pneumonia, USWD still needs to be verified. This study aimed to investigate the efficacy and safety of USWD in COVID-19 pneumonia patients.

Methods: This was a single-center, evaluator-blinded, randomized controlled trial. Moderate and severe COVID-19 patients were recruited between 18 February and 20 April 2020. Participants were randomly allocated to receive USWD + standard medical treatment (USWD group) or standard medical treatment alone (control group). The negative conversion rate of SARS-CoV-2 and Systemic Inflammatory Response Scale (SIRS) on days 7, 14, 21, and 28 were assessed as primary outcomes. Secondary outcomes included time to clinical recovery, the 7-point ordinal scale, and adverse events.

Results: Fifty patients were randomized (USWD, 25; control, 25), which included 22 males (44.0%) and 28 females (56.0%) with a mean (SD) age of 53 ± 10.69. The rates of SARS-CoV-2 negative conversion on day 7 (p = 0.066), day 14 (p = 0.239), day 21 (p = 0.269), and day 28 (p = 0.490) were insignificant. However, systemic inflammation by SIRS was ameliorated with significance on day 7 (p = 0.030), day 14 (p = 0.002), day 21 (p = 0.003), and day 28 (p = 0.011). Time to clinical recovery (USWD 36.84 ± 9.93 vs. control 43.56 ± 12.15, p = 0.037) was significantly shortened with a between-group difference of 6.72 ± 3.14 days. 7-point ordinal scale on days 21 and 28 showed significance (p = 0.002, 0.003), whereas the difference on days 7 and 14 was insignificant (p = 0.524, 0.108). In addition, artificial intelligence-assisted CT analysis showed a greater decrease in the infection volume in the USWD group, without significant between-group differences. No treatment-associated adverse events or worsening of pulmonary fibrosis were observed in either group.

Conclusion: Among patients with moderate and severe COVID-19 pneumonia, USWD added to standard medical treatment could ameliorate systemic inflammation and shorten the duration of hospitalization without causing any adverse effects.

Clinical Trial Registration: chictr.org.cn, identifier ChiCTR2000029972.

KEYWORDS
 coronavirus disease 2019, ultra-short wave diathermy, rehabilitation, systemic inflammatory response scale, time to clinical recovery, pneumonia, pulmonary fibrosis


Introduction

The outbreak of the coronavirus disease 2019 (COVID-19) pandemic has prompted efforts to manage the threat to the well-being of populations worldwide (1–4). The new variants of SARS-CoV2 have emerged and have spread widely worldwide (5, 6). In response to the critical demand for high-quality clinical guidance at the peak of the outbreak in China, guidelines were published to clarify that physical therapy could play an important role in managing COVID-19 (7–10).

Ultra–short wave diathermy (USWD) and short-wave diathermy (SWD) are both forms of radiofrequency radiation energy with high-frequency electrotherapy (27.12or 40.68 MHz) as the commonly used tools of physical therapy and rehabilitation (11). The USWD and SWD have been used for decades in the field of rehabilitation for managing a variety of conditions: such as spontaneous pneumothorax (12, 13), knee osteoarthritis (14, 15), pelvic inflammation (16), peptic ulcer (17), peripheral myelinopathies (18), lung injury (19), and respiratory infectious diseases, etc. (20–22). USWD has similar therapeutic properties to SWD but the former got deeper penetration, less heat production, and is considered more suitable for the acute phase (23). The therapeutic effects of USWD and SWD on the body parts include producing deep heat (about 5 cm under the skin), inducing vasodilation, enhancing cellular activity, attenuating inflammation, and reducing pain (18, 24–29). It has previously been proven that raising the temperature decreases the activity and viability of the viruses (30). Thus, based on earlier studies, the utilization of short-wave diathermy could aid in such infectious conditions. During the outbreak of severe acute respiratory syndrome (SARS) in 2003, USWD was widely used by rehabilitation professionals in China to reduce pulmonary inflammation, and Zhang et al. (31) evaluated the efficacy of USWD and conventional therapy, finding that USWD could accelerate recovery and reduce the length of hospital stay in 38 patients with SARS. USWD has also been proven helpful for acute lung injury in rats by attenuating inflammation through the modulation of macrophage polarization (18). However, its application for COVID-19 pneumonia still needs to be validated.

In order to find robust evidence for the efficacy and safety of USWD in COVID-19 patients, we designed a randomized controlled trial to investigate the application of USWD in managing COVID-19 pneumonia.



Methods and materials


Trial design and ethical considerations

This single-center, evaluator-blinded, two-arm (1:1 ratio) parallel design, superiority randomized controlled trial was approved by the ethics committee of the Tongji Hospital, Tongji Medical College, Huazhong University of Science and Technology, Wuhan, China (certificate of approval number: TJ-C20200127), and prospectively registered on 17 February 2020, with the Chinese Clinical Trials Registry (Identifier: ChiCTR2000029972). The study was conducted in accordance with the relevant regulations and guidelines of good clinical practice and the Declaration of Helsinki. Patient recruitment, randomization, and study events are visually described in the CONSORT flow diagram (Figure 1). Participants were recruited between 18 February 2020 and 20 April 2020. Before randomization, written and verbal informed consent was obtained, and informative essays that clearly showed the risks and the supposed benefits accompanying the participation were provided to each patient.
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FIGURE 1
 Flow chat of participant screening and randomization. aAmang 15 exculded, 5 tested negatives for SARS-CoV-2, 3 were positive for other pathogens, 7 needed ICU care. bThree patients declined to participate during precliminary screening because of personal reasons.




Participants

Patients of all genders admitted at the Tongji Hospital of Huazhong University of Science and Technology (Wuhan, China), and qualifying the following criteria and were recruited in this study as follows: (1) aged 18 to 65 years, (2) positive SARS-CoV-2 nucleic acid test by nasopharyngeal swabs, and (3) multiple patchy ground-glass shadows or other typical manifestations in both lungs diagnosed in lung computed tomography (CT). The exclusion criteria were: (1) positive tests for other pathogens, such as influenza, tuberculosis, mycoplasma, etc., (2) patients with metal implants or pacemakers, (3) requiring mechanical ventilation, (4) multiple organ failure requiring intensive care unit (ICU) monitoring and treatment, (5) bleeding tendency or active bleeding in the lungs, (6) shock, (7) cancer and severe underlying diseases, (8) severe cognitive impairment, (9) pregnancy or lactation, (10) those without informed consent, and (11) those with other contraindications to ultra–short wave diathermy. Subjects who met any of the exclusion criteria were not enrolled in this study.

All participants were classified as moderate or severe COVID-19 according to the severity of the disease (Classification according to the sixth edition of COVID-19 Diagnosis Guidelines released by China’s National Health Commission). The detailed classification criteria of moderate and severe cases were as, moderate: COVID-19 patients with fever and respiratory symptoms (such as cough, dyspnea, etc.) with CT findings of pneumonia, severe: COVID-19 patients meeting any of the following three signs, (1) respiratory rate (RR) ≥ 30 times/min, (2) oxygen saturation (SpO2) ≤93% at rest, (3) Arterial oxygen tension/fractional inspired oxygen ratio (PaO2/FiO2) ≤ 300 mmHg (1 mmHg = 0.133 kPa).



Randomization, allocation, and blinding

A statistician, who was not a part of the study, created an online randomization plan on www.randomization.com using the permuted blocks method with small blocks of various sizes. A total of 50 patients were randomized to either an experimental USWD group (n = 25) or a control group (n = 25). This was an assessor-blinded, controlled study, and because of the nature of the interventions, it could not be a therapist-or patient-blinded study; however, a well-trained healthcare team comprising two evaluators, two statisticians, and two data collectors were blinded to the groups/treatment allocation. The outcomes were independently documented based on a mutual consensus between the data collectors (Figure 1).



Sample size

A priori sample size calculation was performed using GPower software version 3.1 (Düsseldorf, Nordrhein-Westfalen, Germany) based on the mean values of the length of clinical recovery from a previous SARS study (31), we estimated that with 80% power, 5% two-sided type I error rate, and an effect size of 0.72, enrolment of 62 participants should be sufficient to detect a statistically significant between-group difference of 6.6 days in the length of recovery from symptoms. However, four more participants were included in the total sample size to manage the expected 5% dropouts, making the total sample size 66 (33 participants in each group). We could not find a study with a similar intervention, reporting the primary variables as our study to calculate the required sample size more accurately.



Intervention

The control group received the standard medical treatment as recommended by the sixth edition of the Chinese COVID-19 Diagnosis Guidelines, which included medical care, oxygen therapy, fluid suppletion, nonsteroidal anti-inflammatory drugs (NSAIDs) with analgesic, anti-inflammatory, and antipyretic properties, antiviral drugs, and sufficient antibiotics when combined with bacterial infection. The experimental group (USWD) received the nationally recommended standard medical treatment in addition to the USWD. The USWD was performed through the application of ultra-short wave therapy electrodes on the anterior and posterior parts of the trunk for 10 min, twice daily for 12 consecutive days. The ultra-short wave therapy machine specifications and details are as follows: ultra-short wave electricizer (Dajia DL-C-C, factory no: BE1003094, A.C. power 220 V, 50 Hz, 700VA, Shantou Medical Equipment Factory Co., Ltd., China, Guangdong). We applied USWD in continuous mode with a frequency of 27.12 MHz and a power of 200 W. With these parameters, the patient would feel mild or no heat. In contrast, the control group received only the nationally recommended standard treatment. Moreover, the testing of USWD machine output, disinfection of the machine and electrodes, wearing masks, and protective suits, and testing of the patient’s skin sensation before the intervention were performed to ensure treatment safety.



Data collection tools

The data collection forms developed for this trial consisted of medical history forms to obtain relevant medical history, case report form (CRF) to collect treatment-related data, and adverse events form to collect data on the occurrence of any adverse event during the trial.



Clinical observation

The clinical assessment was performed at five-time points: at baseline, and on days 7, 14, 21, and 28 of treatment. The evaluation details are as follows:

Before treatment: (I) Evaluation and recording of demographic data, vital signs (pulse, respiration, blood pressure, body temperature), blood oxygen saturation, and vital capacity, (II) Medical history: including current medical history, past medical history, and drug-allergy history, (III) Laboratory tests: SARS-CoV-2 nucleic acid test by pharyngeal swabs RT-PCR, Complete blood count (CBC), Lactate dehydrogenase (LDH), (IV) Radiological examination: Chest CT, (V) Other tests: ECG, (VI) Combined medications, and (VII) Symptoms evaluation: Completing the 7-category ordinal scale and SIRS scores.

Treatment and follow-up period (days 7, 14, 21, and 28): (I) Evaluation and recording of vital signs (pulse, respiration, blood pressure, body temperature), blood oxygen saturation, and vital capacity, (II) Laboratory blood tests: SARS-CoV-2 nucleic acid test by pharyngeal swabs RT-PCR, Complete blood count (CBC), Lactate dehydrogenase (LDH), serum enzyme levels of alanine aminotransferase (ALT) and aspartate aminotransferase (AST), and international normalized ratio (INR), (III) Radiological examination, in some patients chest CT scans were not performed frequently due to radiation hazards, but only underwent CT scans after treatment, mainly on day 14, (IV) Other tests and assessments. ECG, and (V) Symptoms evaluation, completion of SIRS scores (including heart and respiratory rate, mean arterial pressure, SpO2, body temperature, white blood cells, and level of consciousness), and the 7-category ordinal scale.




Outcome measurements


Primary outcomes

The primary outcomes were the negative conversion rate of SARS-CoV-2 nucleic acid test by reverse transcription PCR (RT-PCR) and Systemic Inflammatory Response Scale (SIRS) (Supplementary Appendix 1) in the USWD group on days 7, 14, 21, and 28 of treatment, compared with those in the control group (standard medical treatment alone).



Secondary outcomes

The secondary outcomes included the clinical outcomes (the time to clinical recovery, 7-point ordinal scale), lung CT images, combined medications, and laboratory blood tests in the USWD group at days 7, 14, 21, and 28 after treatment, compared with those in the control group. An artificial intelligence (AI)-aided CT image analysis tool was applied for the quantitative analysis of the infected lung area proportion and volume. The quantification of lung pneumonia in COVID-19 patients was measured from chest CT by using an available deep learning approach described detailedly before (32). Quantitative analysis of lung opacification was performed using a commercial deep learning software in InferScholarTM Center (InfervisionTM, Beijing, China).

The definitions of clinical recovery were as follows: (1) temperature returned to normal for more than 3 days; (2) significant improvement in respiratory symptoms (such as cough and breathing difficulty); (3) significant decrease in acute exudative lesions on lung CT imaging; and (4) two consecutive negative nucleic acid test results with nasopharyngeal swabs (the sampling interval was at least 24 h).



Safety

Adverse events, assessment of vital signs, abnormal serum laboratory tests and clinical complications during the intervention were collected in both groups.



Statistical analysis

We planned to enroll 66 participants according to our protocol; however, due to the subsequent unavailability of COVID-19 patients at our hospital, we had to restrict the study to 50 patients. All statistical analyses were performed using Statistical Package for Social Sciences (SPSS) version 25.0 and GraphPad Prism 8. An intention-to-treat analysis was used. Data normality was assessed with the Kolmogorov–Smirnov, and Shapiro–Wilk tests. Continuous variables are presented as mean (standard deviation, SD) in case of normal distribution of data or median (inter-quartile range, IQR) in case of non-normal distribution, while categorical variables are presented as count (%). Descriptive statistics (mean, frequencies, and percentages) were calculated for demographic variables and primary and secondary variables in the study. Baseline and post-intervention comparisons between the USWD and control groups were performed using an independent samples t-test and Mann–Whitney statistics based on the normality results of the data. The proportions of categorical variables were compared using Fisher’s exact test/chi-square test. The Chi-square test was used for the evaluation of the 7-point ordinal scale, and the Mann–Whitney test was used for the SIRS scale (treated as ordinal scales). A difference-in-difference (D-in-D) analysis was used to analyze the AI-assisted CT scan data. Patients who failed to reach the negative conversion of SARS-CoV-2 by the cut-off date of the analysis were considered as right-censored at the last visit date. All patients were treated after the completion of follow-up (28 days).




Results


Patient demographics and clinical characteristics

A total of 70 patients were screened in this study, 20 were excluded for reasons and finally, 50 subjects were eligible to be enrolled, and randomized for this study. The CONSORT flow diagram is shown in Figure 1. Of the 50 enrolled participants, 22 (44.0%) were men and 28 (56.0%) were women, with a mean age (SD) of 53 ± 10.69 years. With 30 (60%) moderate and 20 (40%) severe cases, the USWD group contained more patients with severe conditions (52%) than the control group (28%), The median duration between onset and admission were 21 (13–27.0) days. The majority of the participants were non-smokers (86.0%), and 34.0% had co-morbid conditions (Table 1), such as diabetes (22%), hypertension (20%), and cardiovascular diseases (8%). Fever (90%), breathing difficulty (56%), dry cough (50%), diarrhea (34%), and fatigue (24%) were the top five most common symptoms reported on presentation (Table 2). Moreover, most of the patients had a dry cough (50%), while very few had a productive cough (14%). The baseline clinical characteristics of all participants are shown in Tables 1, 2, and Supplementary Table S1. Both groups were balanced at baseline with insignificant differences in demographic data, clinical features, disease severity, and laboratory tests.



TABLE 1 The demographics, severity, and baseline characteristics.
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TABLE 2 The comorbidities and symptoms at baseline.
[image: Table2]



The negative conversion rate of SARS-CoV-2 nucleic acid

In this study, we continuously conducted nucleic acid tests at least once weekly. The SARS-CoV-2 nucleic acid test negative conversion rate showed no significant difference between the USWD and control groups at days 7 (p = 0.066), 14 (p = 0.239), 21 (p = 0.269), and 28 (p = 0.490) (Table 3; Figure 2A).



TABLE 3 Primary and secondary clinical outcomes.
[image: Table3]
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FIGURE 2
 Primary and secondary outcomes at baseline, on days 7, 14, 21 and 28 by treatment group. (A) The SARS-CoV-2 nucleic acid negative conversion rate showed no significant difference between the USWD and control group at day 7 (p = 0.239), day 14 (p = 0.269), and day 28 (p = 0.490). (B) The clinical condition on SIRS score showed statistically significant difference on day 7 (p = 0.030), day 14 (p = 0.002), day 21 (p = 0.003) and day 28 (p = 0.011). (C) Time to clinical recovery in the USWD group was significantly shortened comparing with the control group (p = 0.037). (D) Clinical status on 7-point ordinal scale on study days 21 and 28 showed significance (p = 0.002, 0.003), whereas the difference at day 7 and 14 was insignificant (p = 0.524, 0.108).




Clinical status of patients

Antiviral treatments were widely used in our study, there were 22 (88%) in the control group and 23 (92%) in the USWD group receiving different types of antiviral drugs, mainly oseltamivir, and abidol. The SIRS scores, which reflect patients’ present clinical condition, were statistically significantly different between the two groups at days 7 (p = 0.030), 14 (p = 0.002), 21 (p = 0.003), and 28 (p = 0.011) (Table 3; Figure 2B). The time to clinical recovery (days) in the USWD group was (6.72 ± 3.14) days shorter than that in the control group (36.84 ± 9.93 vs. 43.56 ± 12.15, p = 0.037). Moreover, the 7-point ordinal scale after intervention on days 21, and 28 also showed significant differences between the two groups (p = 0.002, and p = 0.003, respectively). However, the difference on days 7 and 14 was not statistically significant (p = 0.524, p = 0.108) (Table 3; Figures 2C,D). These findings suggest the therapeutic efficacy of implementing USWD in patients with COVID-19 pneumonia.



CT scans and quantitative analysis

In Figure 3, the CT images depicted the recovery progress in moderate and severe cases in both groups. Obvious multiple ground-glass opacities (GGOs) were observed, especially in the bilateral lower lung, with local thickening and adhesion of bilateral pleura. Pulmonary fibrosis, d stripe shadows, and consolidations could be seen in severe COVID-19 cases. Most of all, the worsening of pulmonary fibrosis was not observed in any group. The pulmonary fibrosis found before treatment was recovered in most of the patients (recovery: USWD = 14/15 and control = 16/18, p = 1.000).
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FIGURE 3
 Chest CT images of moderate and severe cases in control and USWD group. (A–D) the CT scan of moderate cases in the control group show. (E–H) the CT scan of moderate cases in the USWD group. (I–L): the CT scan of severe cases in the control group (M–P) the CT scan of severe cases in the USWD group.


The further artificial intelligence (AI)-aided quantitative analysis of CT images found that the mean volume of infected lung could reach 337.81 cm3 before treatment, while the lower lung had the worst infection areas and proportion (221.56 cm3, 65.6%) (Supplementary Table S2). Both groups showed improvements in the AI-aided CT imaging analysis. Following comparisons of quantitative values demonstrated USWD group got more decreased whole lung infection volume (69.7 cm3 vs. 46.2 cm3) and proportion (3.8% vs. 1.4%) than the control group without between-group significant differences (Table 4).



TABLE 4 Comparison of mean AI-assisted CT quantitative analysis of CT images between USWD and control group.
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Adverse events (AEs), and complications

No serious AEs, deaths, permanent disability, neoplasia, or empyrosis cases were registered during the trial. Routine serum laboratory tests showed that all parameters were in almost equal and normal ranges in both groups. However, the WBC counts were significantly lower in the USWD group than in the control group (5.51 ± 1.38 vs. 6.56 ± 1.97). In contrast, the median (IQR) monocyte count was significantly higher in USWD than in the control group (8.92 [2.20] vs. 7.10 [1.15]), but the difference was of uncertain clinical importance (Table 5). Out of 50 patients, 22 each in the USWD and control groups had complications, 16 (64%) and 15 (60%) patients in the control and USWD group, respectively, had complications of bacterial pneumonia infections in the course and were treated with antibiotic drugs. Other complications included abnormal liver function test (LFT; 52% vs. 48%, p = 0.777), electrolyte imbalance (32% vs. 44%, p = 0.382), hyperfibrinogenaemia (44% vs. 48%, p = 0.777), and mild anemia (32% vs. 52%, p = 0.152) (Table 5). All complications were unrelated to USWD treatment and were not statistically different between the two groups.



TABLE 5 The laboratory values and complications in USWD and control groups.
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Discussion

USWD could induce vasodilation, increase blood flow, reduce inflammation, and decrease pain in a continuous mode (15, 18), suggesting that USWD might be beneficial for COVID-19 pneumonia. However, high-quality evidence to recommend the application of USWD in improving COVID-19 pneumonia is still lacking. To the best of our knowledge, this is the first randomized clinical trial investigating the efficacy of USWD treatment in COVID-19.

In this randomized clinical trial, we systematically investigated the therapeutic efficacy and safety of USWD in patients with moderate or severe COVID-19 pneumonia. The administration of USWD improved the clinical condition of patients with COVID-19 pneumonia who were hospitalized and required supplemental oxygen therapy. However, the SARS-CoV-2 negative conversion rate was not significantly increased by USWD, suggesting that USWD exerts therapeutic function independent of the direct antiviral effect. Surprisingly, after a 12-day course of USWD administered twice daily, there was a significant improvement in the mean scores of SIRS, an indicator of clinical condition. At the same time, USWD could shorten the course of COVID-19 pneumonia by (6.72 ± 3.14) days. These findings of this study are consistent with previous studies in 2003 during the SARS. Zhang LF (31) used USWD in 38 SARS pneumonia patients, and found that the administration of USWD accelerated pneumonia recovery and shortened the length of hospital stay. Some other studies with bacterial pneumonia patients treated with USWD showed similar results in clinical recovery as the findings in our study. He YG (33) found USWD could reduce inflammation, and promote lung tissue repair in children with bronchopneumonia. Du QP (34) applied USWD therapy in infants with pneumonia and reported that additional USWD reduced the duration period of symptoms, shortened the treatment course, and reduced the use of antibiotics. Moreover, Zhu Q (35) reported that USWD combined with standard medications could impart better properties to pulmonary function and clinical recovery. Our study provided further evidence of the effectiveness of USWD in the role of inflammation control, which suggests that USWD might be a potential therapeutic means for COVID-19 pneumonia.

Treatment with USWD, however, increased the number of monocytes in our study, which are an important component of the body’s immune system, although within normal range, and reduced the number of WBCs, which is a biological marker of inflammation. These findings are consistent with those of previous studies of the physiological effects of short-wave therapy (24), supporting the immune response to accelerate recovery. Thus, the administration of USWD at an early stage in pneumonia may stimulate and boost the body’s natural defenses against microorganisms (36).

Lung CT images could provide supportive assistance in the early diagnosis and monitoring of lung lesions in patients with COVID-19 pneumonia. Previously, there were concerns like USWD induces fibroblastic activity, and that the enriched oxygen environment could hypothetically increase the risk of pulmonary complications, such as pulmonary fibrosis. There was a theoretical hypothesis that the synergistic activity of USWD and high oxygen environment in COVID-19 pneumonia patients could cause or aggravate pulmonary fibrosis (26, 37, 38). In fact, some pre-clinical studies found that USWD could increase the extensibility of collagenous tissue (15), protect damaged lung tissue, and reduce pulmonary interstitial fibrosis (39, 40). Previous clinical studies have shown that USWD as adjuvant therapy in children and adults with pneumonia was effective and did not aggravate pulmonary fibrosis (41–43). In our study, the pulmonary fibrosis observed in CT before treatment was recovered in most of the patients, and worsening of pulmonary fibrosis was not observed in any patient. Overall, the finding of pulmonary fibrosis recovery could completely overcome the safety concerns of fibrosis in USWD.

Additionally, Lung opacification percentages and volume of the whole lung and five lobes were automatically quantified by using a deep learning algorithm (32). Traditional visual evaluation of CT scans is subjective, and its validity mainly depends on the radiologist’ experience. Quantitative analysis of the CT imaging using the artificial intelligence tool, such as deep learning, could provide an automatic and objective estimation to identify the severity, monitor disease progression and help understand the course of COVID-19 pneumonia (44, 45). We applied AI-aided CT assessment tools to compare the therapeutic effect on lung opacification between the two groups in this study, which made our research more rigorous.


Strengths and limitations

The strength of our study is the rigorous design of our randomized controlled trial. As the cases in our study were from the early period of the pandemic outbreak when the virus was extremely virulent and there was no vaccine available, which was conducive to fully demonstrating the effect of USWD. Finally, USWD therapy was easy to apply and had few contraindications, it could economize the medical costs and may help to reduce the consumption of antibiotics or antivirals once widely applied in the future.

The major limitation of the present study was the relatively small sample size, and the follow-up period of only 28 days, which maybe not be long enough for severe COVID-19 patients. Moreover, many novel SARS-CoV-2 variants like delta and omicron had emerged, and the effectiveness of USWD for the new variants was uncertain. Given that the function of USWD was dependent on non-specific anti-inflammatory properties, USWD might conceivably be effective for different SARS-CoV-2 variants.




Conclusion

USWD could not accelerate the SARS-CoV-2 nucleic acid negative conversion rate. However, the administration of USWD could significantly improve the clinical status and effectively shorten the length of hospitalization in patients with moderate and severe COVID-19 pneumonia, without aggravating pulmonary fibrosis. Further studies are necessary to understand the definite curative effects of USWD in COVID-19 pneumonia and other different pathogens.
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Background: Specific underlying diseases were reported to be associated with severe COVID-19 outcomes, but little is known about their combined associations. The study was aimed to assess the relations of number of and specific underlying diseases to COVID-19, severe symptoms, loss of smell, and loss of taste.

Methods: A total of 28,204 adult participants in the National Health Interview Survey 2021 were included. Underlying diseases (including cardiovascular diseases, cancer, endocrine diseases, respiratory diseases, neuropsychiatric diseases, liver and kidney diseases, fatigue syndrome, and sensory impairments), the history of COVID-19, and its symptoms were self-reported by structured questionnaires. Multivariable logistic regression models were used to assess the combined relation of total number of underlying diseases to COVID-19 and its symptoms, while mutually adjusted logistic models were used to examine their independent associations.

Results: Among the 28,204 participants (mean ± standard deviation: 48.2 ± 18.5 years), each additional underlying disease was related to 33, 20, 37, and 39% higher odds of COVID-19 (odds ratio [OR]: 1.33, 95% confidence interval [CI]: 1.29–1.37), severe symptoms (OR: 1.20, 95% CI: 1.12–1.29), loss of smell (OR: 1.37, 95% CI: 1.29–1.46), and loss of taste (OR: 1.39, 95% CI: 1.31–1.49). In addition, independent associations of sensory impairments with COVID-19 (OR: 3.73, 95% CI: 3.44–4.05), severe symptoms (OR: 1.37, 95% CI: 1.13–1.67), loss of smell (OR: 8.17, 95% CI: 6.86–9.76), and loss of taste (OR: 6.13, 95% CI: 5.19–7.25), cardiovascular diseases with COVID-19 (OR: 1.13, 95% CI: 1.03–1.24), neuropsychiatric diseases with severe symptoms (OR: 1.41, 95% CI: 1.15–1.74), and endocrine diseases with loss of taste (OR: 1.28, 95% CI: 1.05–1.56) were observed.

Conclusion: A larger number of underlying diseases were related to higher odds of COVID-19, severe symptoms, loss of smell, and loss of taste in a dose–response manner. Specific underlying diseases might be individually associated with COVID-19 and its symptoms.

KEYWORDS
 underlying diseases, COVID-19, severe symptoms, loss of sensory, cross-sectional study


Introduction

Coronavirus disease 2019 (COVID-19) is a global pandemic caused by the severe acute respiratory syndrome coronavirus (1, 2), which can lead to multiple clinical outcomes, from asymptomatic infection to severe infection and even death (3–5). COVID-19 patients with underlying diseases (e.g., cardiovascular disease, diabetes, liver disease, and lung disease) were identified as particularly vulnerable populations, may have worse COVID-19 outcomes and a greater mortality (6). A research estimates that 1.7 billion people (22% of the global population) have at least one underlying disease, who might have higher odds of developing serious symptoms after contracting SARS-CoV-2 (7). The existence of underlying diseases implies functional decline of the corresponding systems, indicating that individuals are in poor health and an increased risk of COVID-19 (8). Lacking knowledge about novel variants and insufficient vaccination (especially in high-risk populations), COVID-19 remains dangerous and continues to cause a significant personal and social healthcare burden (9, 10).

Previous population-based studies had reported the associations of individual underlying diseases with COVID-19 and its symptoms (11–13). For example, an umbrella review reported diabetes, heart failure, chronic obstructive pulmonary diseases, and dementia were related to higher risk of fatal COVID-19 (hazard ratio ranged from 1.2 to 7.7) (13). Using comorbidity indexes, some studies examined overall impact of comorbidities in hospitalized patients, but the approach eliminated specific system information and general population evidence remain relatively scarce (14, 15). Additionally, the types of underlying diseases covered by the currently available studies were not comprehensive (e.g., mental disease and sensory impairment were not included). Considering that the functions of human systems interact with each other (16), it is necessary to explore these relations from a holistic perspective by linking the diseases of each system.

In order to advance this field of study and offer fresh perspectives on the pathogenesis and treatment of COVID-19 disease in the context of underlying diseases, data from the National Health Interview Survey (NHIS) 2021 was used to examine the independent and combined associations of underlying diseases with COVID-19 and its symptoms.



Methods


Study population

The NHIS is an annual survey conducted by the US Centers for Disease Control and Prevention (CDC) with a national representative of the noninstitutionalized US population. It selects a sample of dwelling units using geographically clustered sampling techniques. Each randomly selected family has an adult and a child interviewed over the telephone or in person. More detailed information can be found elsewhere.1 In 2021, NHIS collected information on demographics, health insurance, medical access and use, health status, tobacco use, function and disability, and the history of COVID-19 and its symptoms for adults. The NHIS was approved by the research ethics review board of the National Center for Health Statistics of the US, Centers for Disease Control and Prevention (CDC). Oral or written informed consent was provided by all participants.

Among 29,482 NHIS adult participants (aged ≥18) in 2021, 191 participants without information on COVID-19 and 1,087 participants with missing data on underlying diseases were excluded. The analysis finally included 28,204 participants in the NHIS.



Assessments of underlying diseases

Self-reported underlying diseases were collected through a structured questionnaire, including cardiovascular diseases (hypertension, coronary heart disease, angina, heart attack, and stroke), cancer, endocrine diseases (diabetes and high cholesterol), respiratory diseases (asthma, chronic obstructive pulmonary diseases [COPD], emphysema, and chronic bronchitis), neuropsychiatric diseases (dementia, epilepsy, depression, and anxiety), liver and kidney diseases (weak or failing kidneys, hepatitis, cirrhosis, and liver conditions), fatigue syndrome, and sensory impairments (visual, hearing, olfactory, and taste impairments). The total number of underlying diseases ranged from 0 to 8. Participants were asked whether they had ever been told by a doctor or other health professional that they had a certain disease. Individuals who answered yes were considered to have the corresponding diseases. Additionally, self-reported difficulties in seeing, hearing, smelling, and tasting were used to define sensory impairments (17–19).



Assessments of history of COVID-19, severe symptoms, loss of smell, and loss of taste

In NHIS 2021, self-reported information was collected on the history of COVID-19, severity of post-infection symptoms, and loss of smell and taste. Participants who were received a diagnosis of COVID-19 from doctors or other health professionals or had tested positive for COVID-19 were deemed to have a history of COVID-19, and they were further asked about the symptoms of COVID-19. Participants reported ‘severe symptoms’ defined as severe symptoms.



Other covariates

Covariate data were collected by structured questionnaires in the NHIS, including age (continuous variable, years), gender (male/female), race (Hispanic/Non-Hispanic White/Non-Hispanic Black/other races), education (below college/college and above), family income-poverty ratio (<1.5/1.5–3.5/>3.5), household region (Northeast/Midwest/South/West), health insurance hierarchy (Private/Medicaid and other public/other coverage/uninsured), marital status (married or partnered/other statuses), ever smoking (yes/no), body mass index (BMI, <25/25- < 30/> = 30 kg/m2), history of pneumonia shot (yes/no) and flu vaccine in the past 12 months (yes/no), and interview month (from Jan. to Dec.).



Statistical analyses

The mean ± standard deviation (SD) for normally distributed continuous data and the relative number for categorical variables were presented after standardization according to weights given by NHIS. Using the “mice” package (20), multiple imputations were conducted to handle the presence of missing values of the covariates.

To explore the association of comorbidity of underlying diseases with COVID-19 and its symptoms, the Student’s t test and Chi-square test were used to univariable analysis of COVID-19 and its symptoms. Logistic regression models were used to evaluate the odds ratio (OR) and 95% confidence intervals (CIs). Multivariable models were adjusted for socioeconomic factors (including age, gender, race, education, family income-poverty ratio, marital status, household region, and interview month), lifestyle factors (including smoking status and BMI), and health related behaviors (including health insurance hierarchy and history of pneumonia shot and flu vaccine). In analyses of the number of underlying diseases, participants without any underlying diseases were defined as the reference group. Moreover, the P-trend was calculated by allowing the number of underlying diseases to be a continuous variable. To further assess the independent associations of specific underlying diseases with COVID-19 and its symptoms, each disease was individually included in the multivariable adjusted models, and then the eight underlying diseases were included in the mutually adjusted models simultaneously to assess the independence of each component. Additionally, an exploratory analysis was conducted to evaluating the associations of dyads of underlying diseases with COVID-19, adjusted for covariates as in the main analyses and the presence of other underlying diseases. The reference group was also made up of participants without any underlying diseases.

Furthermore, subgroup analyses were conducted by age (<65/> = 65 years), gender (male/female), race (Hispanic/Non-Hispanic White/Non-Hispanic Black/other races), education (below college/college and above), family income-poverty ratio (<1.5/1.5–3.5/>3.5), and marital status (married or partnered/other statuses).

All analyses were conducted by R (version 4.2.2, http://www.R-project.org). Two-sided P-values and 95% confidence intervals were reported throughout, and P-value less than or equal to 0.05 represented statistical significance.




Results


Participants characteristics

Among 28,204 NHIS participants, 51.7% were female, 63.2% were non-Hispanic White, 37.3% had education level lower than college degree, 49.9% had family income-poverty ratio higher than 3.5, 60.2% were married or partnered, 34.9% had ever smoked, 32.7% were obese, 37.9% lived in the South, 90.1% had health insurance, 48.9% had received an influenza vaccination in the past 12 months, 23.9% had history of pneumonia vaccination, and the weighted mean (SD) age was 48.2 (18.5) years (Table 1). Moreover, among 12.8% of participants with history of COVID-19, 18.5% had severe symptoms, 59.1% lost the sense of smell, and 57.0% lost the sense of taste.



TABLE 1 Characteristics of the study participants in the National Health Interview Survey.
[image: Table1]

In NHIS participants, 28.1% had no underlying disease, and 27.2, 21.0, 13.0, and 10.8% had one, two, three, and more than three diseases, respectively. The prevalence of cardiovascular diseases, cancer, endocrine diseases, respiratory diseases, neuropsychiatric diseases, liver and kidney diseases, fatigue syndrome, and sensory impairments were 33.9% (95% CI: 33.4–34.5%), 9.9% (95% CI: 9.6–10.3%), 30.7% (95% CI:30.1–31.3%), 16.6% (95% CI:16.2–17.1%), 24.5% (95% CI: 24.0–25.1%), 4.9% (95% CI: 4.7–5.2%), 1.3% (95%CI: 1.2–1.5%), 34.4% (95% CI: 33.9–35.0%). The pattern of co-existence of eight underlying diseases with their minor to moderate correlations are presented in the Figure 1.

[image: Figure 1]

FIGURE 1
 Co-existing pattern (A) and correlation (B) of diseases in the National Health Interview Survey. The size of the circle on the right represents the P-value, while the depth of the circle’s color represents the size of the Spearman’s rank correlation coefficient. The absolute value of the correlation coefficient is closest to 1 when the color is darker, and a wider circle denotes a smaller P-value.




Univariable analyses for basic characteristics and diseases with COVID-19 and its symptoms

Table 2 presents the univariable analyses for basic characteristics and diseases with COVID-19 and its symptoms. Participants with history of COVID-19 were more likely to have respiratory diseases (χ2 = 4.16, P = 0.041), neuropsychiatric diseases (χ2 = 27.28, P < 0.001), fatigue syndrome (χ2 = 6.51, P = 0.011), and sensory impairments (χ2 = 876.57, P < 0.001). In term of severe symptoms, individuals trended to have all underlying diseases (P < 0.05) except for fatigue syndrome. Compared to participants without loss of smell, the prevalence of cardiovascular diseases (χ2 = 5.23, P = 0.022), cancer (χ2 = 15.36, P < 0.001), and sensory impairments (χ2 = 562.14, P < 0.001) were higher in those who lost sense of smell. The prevalence of cancer (χ2 = 6.78, P = 0.009), neuropsychiatric diseases (χ2 = 5.98, P = 0.014), and sensory impairments (χ2 = 475.75, P < 0.001) were also higher in participants who lost their sense of taste than in those without taste loss. The results of univariable analyses of other covariates can be found in Table 2.



TABLE 2 Univariable analyses of COVID-19 history and its symptoms in the National Health Interview Survey.
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Multivariable analyses for number of and specific diseases with COVID-19 and its symptoms

In NHIS, participants with more underlying diseases were more likely to have history of COVID-19 and severe symptoms, and to lose their sense of smell and taste (Table 3). Each additional underlying disease was associated with higher odds of COVID-19 (OR: 1.33, 95% CI: 1.29–1.37, P-trend <0.001), severe symptoms (OR: 1.20, 95% CI: 1.12–1.29, P-trend <0.001), loss of smell (OR: 1.37, 95% CI: 1.29–1.46, P-trend <0.001), and loss of taste (OR: 1.39, 95% CI: 1.31–1.49, P-trend <0.001). Compared to those without any underlying disease, participants who had one, two, three, and more than three diseases were related to 121% (OR: 2.21, 95% CI: 1.97–2.49), 181% (OR: 2.81, 95% CI: 2.48–3.19), 239% (OR: 3.39, 95% CI: 2.94–3.91), 305% (OR: 4.05, 95% CI: 3.47–4.73) higher odds of COVID-19, respectively. Additionally, the number of underlying diseases showed similar dose–response associations with severe symptoms, loss of smell, and loss of taste.



TABLE 3 Associations of numbers of diseases with COVID-19 and its symptoms in the National Health Interview Survey.
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The associations of specific underlying diseases are presented in Table 4. In the multivariable adjusted model, besides cancer, cardiovascular diseases (OR: 1.25, 95% CI: 1.14–1.37), endocrine diseases (OR: 1.12, 95% CI: 1.03–1.23), respiratory diseases (OR: 1.14, 95% CI: 1.03–1.25), neuropsychiatric diseases (OR: 1.25, 95% CI: 1.15–1.36), liver and kidney diseases (OR: 1.28, 95% CI: 1.08–1.50), fatigue syndrome (OR: 1.60, 95% CI: 1.20–2.10), and sensory impairments (OR: 3.77, 95% CI: 3.48–4.09) were related to higher odds of COVID-19. In the mutually adjusted model, sensory impairments were independently associated with higher odds of COVID-19 (OR: 3.73, 95% CI: 3.44–4.05), severe symptoms (OR: 1.37, 95% CI: 1.13–1.67), and loss of smell (OR: 8.17, 95% CI: 6.86–9.76) and taste (OR: 6.13, 95% CI: 5.19–7.25). In addition, the independent relations of cardiovascular diseases to COVID-19 (OR: 1.13, 95% CI: 1.03–1.24), neuropsychiatric diseases to severe symptoms (OR: 1.41, 95% CI: 1.15–1.74), endocrine diseases to loss of taste were also detected (OR: 1.28, 95% CI: 1.05–1.56). The dyads most strongly associated with COVID-19 were those involving sensory impairments (Figure 2), particularly sensory impairments combined with cardiovascular diseases (OR: 1.16, 95% CI: 1.15–1.17), fatigue syndrome (OR: 1.15, 95% CI: 1.11–1.20), endocrine diseases (OR: 1.14, 95% CI: 1.13–1.15), and neuropsychiatric diseases (OR: 1.14, 95% CI: 1.13–1.16). Furthermore, dyads of fatigue syndrome with liver and kidney diseases were also relatively strongly associated with COVID-19 (OR: 1.16, 95% CI: 1.09–1.24).



TABLE 4 Associations of specific diseases with COVID-19 and its symptoms in the National Health Interview Survey.
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FIGURE 2
 Odds ratio and 95% confidence intervals of COVID-19 according to the dyads of underlying diseases in the National Health Interview Survey. The odds ratio of dyads was adjusted for age, gender, race, education, family income-poverty ratio, household region, health insurance hierarchy, marital status, smoking status, body mass index, history of pneumonia shot and flu vaccine in the past 12 months, interview month and presence of other underlying diseases. Participants without any underlying diseases were defined as the reference group. Each block represents the relation of the combination of its corresponding disease on the horizontal and vertical axes to COVID-19. The depth reflects the strength of associations, ranging from white (the lowest odds ratio) to red (the highest odds ratio).




Subgroup analyses

Subgroup analyses were conducted by age, gender, race, education, family income-poverty ratio, and marital status (Table 5), and the results were generally consistent. Moreover, the associations of number of underlying diseases with COVID-19 were strengthened in participants who were married or partnered than those who were not (P-interaction = 0.041). Among younger participants, the number of underlying diseases was more profoundly related to loss of smell (P-interaction = 0.021). No other covariates significantly interacted with number of underlying diseases in relation to COVID-19 outcomes.



TABLE 5 Subgroup associations of the number of underlying diseases with COVID-19 and its symptoms stratified by selected characteristics in the NHIS.
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Discussion

The nationwide study detected dose–response associations of larger numbers of underlying diseases with higher odds of COVID-19, severe symptoms, loss of smell, and loss of taste. Each additional disease was related to 33% higher odds of COVID-19. Specific diseases were independently associated with COVID-19 and its symptoms. The associations were generally consistent across the study subgroups. The findings support that individuals with poorer health conditions are more likely to become infected with COVID-19 and have more severe post-infection symptoms.

Previous studies also reported that COVID-19 patients were more likely to have underlying diseases. For instance, Onder et al. reported that most COVID-19 patients in Italy had underlying diseases, 25.6% had 2 underlying diseases, 48.5% had 3 or more underlying diseases, and multiple comorbidities account for a larger proportion of infection and severe symptoms (21), which was consistent with the present study. The findings echoed the established knowledge that pre-existing worse health conditions might be related to severe COVID-19 outcomes (13, 22, 23). According to a meta-analysis of 160 studies in North America, Europe, and the Western Pacific (13), pre-existing diabetes (hazard ratio [HR] ranged 1.2–2.0), heart failure (HR ranged 1.3–3.3), COPD (HR ranged 1.12–2.2), dementia (HR ranged 1.4–7.7), liver cirrhosis (OR ranged 3.2–5.9) were related to higher risk of severe COVID-19 symptoms and deaths, which was generally confirmed by findings in the present study. A relation of active cancer to worse COVID-19 outcomes was also detected in the study, which was not found in this study, possibly because the study restricted general cancer patients, including active cancers and other types. Further studies on different types of cancer patients are needed. The study confirmed previous research in related fields and provided more evidence on the relationship of underlying diseases such as neuropsychological disorders, fatigue syndrome, and sensory impairments to COVID-19 and its symptoms. Furthermore, present findings suggest that dyads involving sensory impairments were particularly associated with higher odds of COVID-19, and married or partnered participants with underlying diseases may be more likely to be infected. There findings may provide evidence for prevention work of key populations.

Although the typical mechanisms are not well understood, the observed associations could be explained by several possible pathways, including dysregulation of immune responses, pro-inflammatory environments, high expression of ACE2 receptors, and neuroinflammation. SARS-CoV-2 enters the cell by attaching to the ACE2 receptor on the cell surface with its spike protein S (1). ACE2 receptors are highly expressed in adipose tissue (24) and are more active in diabetics (25), which may promote viral invasion. The pro-inflammatory environment in patients with underlying diseases like pre-existing cardiovascular and endocrine disorders will be more likely to have adverse outcomes such as cytokine storms, immune system disorders, endothelial cell destruction, thrombosis-related inflammation, and an imbalance in oxygen supply and demand, causing damage to multiple organs and severe symptoms (26–28). The decline in ACE2 activity during viral infection might exacerbate the renin–angiotensin–aldosterone system (RAAS) dysfunction, altering the body’s fluid/electrolyte balance and blood pressure, aggravating infection symptoms (29, 30). Several studies have shown that cancer patients have a higher susceptibility to COVID-19 and adverse outcomes (31, 32), which are related to the suppression of the immune response, radiotherapy, and chemotherapy (33). When people have multiple underlying conditions, which is particularly common in the older adult, their bodies may be affected by many of these factors at the same time, leading to a higher likelihood of infection and more severe symptoms. This research also found that neuropsychological illness is a risk factor for severe COVID-19. Research on neuropsychiatric disorders has discovered that Alzheimer’s disease (AD) and all-cause dementia are age-independent risk factors for disease severity and mortality in COVID-19 (34, 35). Since neuronal endothelium express ACE2 receptors, the virus can infect the human nervous system directly (36). As a result, in the context of neuropsychiatric and sensory disorders, acute and secondary immunological alterations could affect these individuals more severely (37). According to previous studies (38–40), the prevalence of COVID-19 can lead to interruptions in rehabilitation training and recovery, and also decrease physical activity. Patients would have an increase in neuropsychiatric disorder symptoms as a result of this transition, which may have an impact on their physical functioning and interact with psychosocial factors to contribute to COVID-19 symptoms. Meanwhile, Care facilities may provide long-term care to patients with underlying diseases. These human-intensive living environments are more prone to infectious disease outbreaks, and the underlying clinical characteristics of these patients may increase susceptibility and disease severity rates.

In the context of COVID-19 pandemic, the present study has both public health and social significance. As mentioned earlier, people with underlying diseases are more likely to develop severe symptoms after infection, leading to higher hospital admissions and medical treatment needs (7, 41). Approximately 22% of people worldwide currently have at least one underlying medical condition and are at high odds of developing severe COVID-19 (7). A significant portion of the additional healthcare burden of the COVID-19 pandemic is caused by infections in people with underlying medical conditions (41). In responding to the COVID-19 pandemic, structural inequalities in public health resources may contribute to the development of such underlying conditions or exacerbations in pre-existing populations (42–44). Comprehensive health conditions and underlying diseases need to be taken into consideration when formulating prevention strategies (45). Given the limited medical resources (46), people with multiple underlying diseases need to be relatively prioritized for inclusion in vaccine protection to reduce the odds of infection, alleviate symptoms after infection, and lessen the social healthcare burden. It could be necessary to scale up certain health measures, such as improving surveillance and basic healthcare and incorporating people and families in the management of chronic diseases (47–49).

The strengths of the present study were the large and national sample and the relatively comprehensive consideration of underlying diseases. However, it should be cautiously interpreted the findings due to some limitations. Because of the cross-sectional nature of this study, reverse causality might exist. Given the long latency of underlying diseases the study focused on Allegrante et al. (50), participants may already have functional decline before diagnosis. It may help to explain the impact of functional states of various organ systems on COVID-19 and its symptoms as the short duration of the COVID-19 pandemic, although the chronological order of underlying diseases and COVID-19 is difficult to determine. Secondly, since self-reporting of some diseases might underestimate the actual prevalence (51), measurement error may be inevitable. The lack of studies on reliability of self-reported underlying diseases in NHIS was another limitation, although some of them have been validated in other studies (52–55). Further research on more comprehensive and clearly diagnosed diseases is needed. Additionally, it was difficult to define symptoms precisely. For instance, opinions on the severity of COVID-19 varied between individuals and participants in poor health may accurately report their conditions. Fourth, residual confounding may not be fully considered. Owing to lack of related information, physical activity and drinking status were not able to be adjusted for in the NHIS. In addition, due to the lack of information on SARS-CoV-2 variants, it was unable to assess the consistency in subgroup infected with different variants. Relevant population studies are needed since there are variances in COVID-19 outcomes brought on by various variants (56). Finally, because the study was based on the US population, whether it applies to other populations warrants further confirmation.



Conclusion

In this nationwide study, dose–response relations of a larger number of underlying diseases to higher odds of COVID-19, severe symptoms, loss of smell, and loss of taste were detected. Specific underlying diseases might be individually associated with COVID-19 and its symptoms. Although COVID-19 is largely under control worldwide, people with multiple underlying diseases should receive adequate attention, and precautions should be taken to lessen the risk of infection and potential serious consequences.
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Introduction: The recent coronavirus (COVID-19) outbreak posed a global threat and quickly escalated to a pandemic. However, accurate information on potential relationships between SARS-CoV-2 shedding in body fluids, especially saliva, and white blood cell (WBC) count is limited. In the present study we investigated the potential correlation between alterations in blood cell counts and viral shedding in saliva in a cohort of COVID-19 patients.

Method: In this preliminary clinical research, 24 age-matched COVID-19 patients without comorbidities, 12 (50%) men and 12 (50%) women, were followed up for a period of 5 days to investigate whether changes in the level of viral shedding in saliva might parallel with temporal alterations in WBC count. Viral shedding in saliva was qualitatively measured by performing SARS-CoV-2 rapid antigen tests on patient saliva samples, using SARS-CoV-2 Rapid Antigen Test Kit (Roche, Basel, Switzerland). These patients were classified into two groups with sputum and non-sputum cough. WBCs counts including leukocyte (LYM), neutrophil (NEU), and LYM counts were recorded for each patient on days 1, 3, and 5.

Results: The results of the present study showed that the levels of WBC, LYM, and NEU as well as erythrocyte sedimentation rate (ESR) increased significantly on the 5th day compared to the first day in both groups with sputum. However, the levels of C-reactive protein (CRP), Neutrophil-to-Lymphocyte Ratio (NLR) and lactate dehydrogenase (LDH) did not show significant changes.

Conclusion: This study proves that investigating the change in the number of blood LYMs as well as laboratory parameters such as CRP, LDH, and ESR as biomarkers is an accurate indicator to detect the amount of viral shedding in people with sputum and non-sputum. The results of our study denote that the measured parameters exhibit the intensity of viral shedding in people with sputum.
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 SARS-CoV-2, COVID-19, laboratory tests, biomarkers, blood cell count, sputum, non-sputum


1. Introduction

Severe acute respiratory syndrome (SARS), Middle East respiratory syndrome (MERS), and coronavirus disease 2019 (COVID-19) are all examples of outbreaks that pose a hazard to public health that are caused by coronaviruses, which primarily attack the human respiratory system (1). Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) was first identified in patients with atypical pneumonia in the Chinese province of Wuhan in December 2019, and it has spread quickly around the world, causing substantial lung inflammation and acute respiratory distress syndrome (ARDS) (2), particularly in elderly patients with underlying comorbidities (1). Patients with COVID-19 can spread the virus to multiple people during the early subclinical period before being diagnosed. Usually the symptoms are mild in the early stages of the disease, but the patient’s condition rapidly deteriorates 7–10 days after the infection, leading to death in 1.4–2.3% of patients (3). Common symptoms include fever, cough, sore throat, shortness of breath, myalgia, and malaise (4). Myalgia is frequently suggested to be a result of cytokine response and widespread inflammation, and is reported in up to 36% of patients with COVID-19 at the onset of disease, according to many investigations (5). In most cases, severity is mild to moderate and many remain asymptomatic (6).

In this way, evaluation of viral shedding in a variety of bodily fluids, such as saliva, is necessary to comprehend the dynamics of transmission and improve infection control procedures. In addition, numerous variables of the disease, including clinical considerations, patient condition and outcome have been the subject of studies pertaining COVID-19. To assist physicians with the diagnosis, treatment and prognostication of COVID-19 patients, a description of the clinical characteristics associated with COVID-19 is essential (7). It is predicted that in severe COVID-19 patients whose immune responses are dysregulated, hyperinflammation is exacerbated and neutrophils (NEUs) may aggravate pathological damage (8). Neutrophil-to-Lymphocyte Ratio (NLR) is a clinical indicator of balance between the innate immune response and adaptive immunity, and increased NLR is regarded as an early indicator of the severity of COVID-19 (7). Lymphopenia is a significant component of severe COVID-19, and a lymphocyte (LYM) count may be helpful in determining the severity of clinical consequences (9). It is well known that cytotoxic T lymphocytes (CTLs) and natural killer (NK) cells are crucial in the fight against viral infections. Recent studies have shown that a significant portion of severely sick COVID-19 patients, up to 85%, suffer from lymphopenia, which is characterized as an unusually low number of LYMs (10). Despite the possibility of a temporary rise in T cells at the outset of COVID-19, these individuals often had low LYMs counts (10). Recent research indicates that a significant subset of COVID-19 patients may be susceptible to developing cytokine storm syndrome. This hyperinflammatory condition is known to be associated with viral infections and can trigger a potentially life-threatening complication known as secondary hemophagocytic lymph histiocytosis (10). Monitoring of NLR may assist physicians in early detection of high-risk COVID-19 patients as it takes into consideration both NEU and LYM levels, delivering a thorough, accurate, and reliable index for comparative purposes (11). In the context of severe cytopenia, it is advisable to account for NEU and LYM counts, as patients with such conditions may exhibit a heightened likelihood of salivary HSV-1 shedding (12).

Moreover, clinical characteristics and laboratory findings associated with COVID-19 may vary in different age groups (13). Some laboratory tests have also been reported to change in COVID-19 patients, including white blood cells (WBCs), NEU ratio, LYM count, C-reactive protein (CRP), erythrocyte sedimentation rate (ESR) and creatinine (13). CRP, for instance, has been proposed as a useful biomarker for predicting the likelihood of exacerbation in non-severe COVID-19 patients (14). In this study, we aimed to investigate the extent of changes in WBCs such as NEUs and LYMs during the infection, and to see whether changes in the level of viral shedding in saliva might be parallel to temporal alterations in WBC counts.



2. Method and material


2.1. Study design

This study was conducted on patients with RT-qPCR-confirmed COVID-19 who had referred to tertiary institutional hospital in northwestern Iran. Patients without underlying health conditions who had presented with lymphopenia at the time of admission were deemed as potentially eligible participants. A total of 24 COVID-19 patients who met these criteria were enrolled at the study. We qualitatively measured viral shedding in saliva by performing SARS-CoV-2 rapid antigen tests on patient saliva samples, using SARS-CoV-2 Rapid Antigen Test Kit (Roche, Basel, Switzerland). Participants were classified into two groups, sputum and non-sputum, based on the state of sputum expectoration in cough.



2.2. Participants

In this preliminary clinician study, 24 age-matched COVID-19 patients, 12 (50%) men and 12 (50%) women, were followed up for a period of 5 days to investigate whether changes in the level of viral shedding in saliva might be parallel to temporal alterations in WBC counts. Three consecutive series of saliva samples were collected from patients at 6 a.m. on day 1, 3, and 5. The samples were collected under the supervision of an expert and tested for the presence of viral antigens with rapid antigen testing (Table 1).



TABLE 1 Samples collections during 3 periods.
[image: Table1]



2.3. Data gathering

Pharyngeal swab samples were collected for RT-qPCR COVID-19 test on arrival. Blood samples were collected from each participant and routine blood test such as WBC counts including leukocyte, NEU and LYM counts were recorded for each patient on days 1, 3 and 5. By the end of the 5th day, a total of 72 samples had been tested. NLR was calculated by dividing the total number of NEUs by the total number of LYMs from the peripheral blood sample, or the percentage of NEUs by the percentage of LYMs (7). Also, circulating pro-inflammatory markers such as CRP, ESR and lactate dehydrogenase (LDH) were measured as part of the routine COVID-19 in-patient care.



2.4. Statistical analysis

Data collected from patients were then imported into an Excel Spreadsheet for statistical analyses. Data on WBC, NEU, LYM, NLR levels were expressed as confidence interval (CI = 95%) and analysis with two-way ANOVA in GraphPad Prism v8. Differences in the levels of CRP, LDH, and ESR between the sputum and non-sputum patients were assessed using Mann–Whitney test in GraphPad Prism v8 (San Diego, California, United States1). Receiver operating characteristic (ROC) curve and AUC were used to analyze the optimal cut-off for prediction of sputum and non-sputum patients. In the current study, an AUC of 0.9 to 1 was defined as excellent accuracy, 0.8 to 0.9 as very good, 0.7 to 0.8 as good, 0.6 to 0.7 as sufficient, 0.5 to 0.6 as equivocal, and <0.5 as poor.




3. Results


3.1. Clinical characteristics of patients

A total of 24 patients, 12 (50%) men and 12 (50%) women, with a mean age of 53.91 ± 2.62 (range: 50–59) were included in this study, of whom 50% were classified as patients with sputum and 50% as non-sputum. Laboratory parameters and clinical characteristics are summarized in Table 2. All our patients had mild to moderate disease. Severe COVID-19 was not considered in this study.



TABLE 2 Patients’ demographic characteristics.
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3.2. Laboratory parameters

Table 3 compares the laboratory parameters of sputum and non-sputum patients. In sputum patients, the levels of LYM, WBC, NEU, and ESR were significantly higher. However, no significant differences were found in CRP, LDH, NLR in sputum patients compared to non-sputum patients. Figure 1 shows the area under the ROC curve (AUC) of CRP, LDH, and ESR for both groups. We found that while CRP (AUC = 0.5833) and LDH (AUC = 0.5833) did not show significant accuracy in predicting viral shedding intensity, ESR demonstrated good accuracy in predicting viral shedding in COVID-19 patients. Moreover, a statistically significant difference was noted in ESR between the groups (Figure 2). In Figures 3, 4, we also analyzed the Neu, LYM, and NLR amounts with regression diagrams. It has been shown that 5 days after admission, Neu-weighted NLR increases while LYM-weighted NLR decreases, indicating a statistically significant change from NEU-dominant to NEU-balanced disease. Moreover, due to increased viral shedding in saliva, the level of NLR in the COVID-19 positive group falls as LYM counts rise, but NLR levels considerably increase as NEU counts rise.



TABLE 3 Comparing the laboratory parameters between the sputum and non-sputum COVID-19 cases.
[image: Table3]

[image: Figure 1]

FIGURE 1
 Area under the receiver operating characteristic curve of different laboratory parameters and immune cells (WBC, LYM, Neu) in predicting sputum and non-sputum cases.


[image: Figure 2]

FIGURE 2
 Measurements of LDH, CRP and ESR represented per group. The box plots show the data from all analyzed patients. In every box plot, we show the mean values and the standard error of the means. In every box plot, the upper line is the highest measurement detected. All measurements are grouped as sputum and non-sputum.


[image: Figure 3]

FIGURE 3
 The linear regression analysis of NLR-Neu% and NLR-LYM% of patients in the negative type in 5 days. Within the five-day period after admission Neu-weighted NLR shows an increase, while Lym-weighted NLR exhibits a fall, suggesting a shift from neutrophil-dominant to neutrophil-balanced illness, which was statistically significant (p < 0.05).
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FIGURE 4
 The linear regression analysis of Neu-weighted NLR and Lym-weighted NLR of patients in the positive type in 5 days. The level of NLR in the positive group decreases with the increase in the lymphocytes counts due to increased shedding of virus in saliva, while the amount of NLR promotes significantly with the increase in the number of neutrophils.





4. Discussion

The public health is now threatened globally by newly developed coronavirus (2). While the majority of patients develop moderate disease, some patients can progress to pneumonia, ARDS, and multi-organ failure (6, 16, 17). It has been confirmed that several laboratory parameters may differ among COVID-19 patients with varying degrees of severity (13, 16). In spite of a competent immune system, hyperinflammation may still occur in COVID-19, resulting in ARDS (8). Pathogen removal by phagocytosis is the main function of NEUs, which are part of the innate immune system. In addition, they show a variety of additional immunological activities, including cytokine production to limit viral replication (8), and secreting leukotrienes and reactive oxygen species (ROS) (18). Based on the findings of this study Neu, LYM, WBC count, NLR, and ESR level have very good accuracy in viral shedding in saliva to temporal alterations in COVID-19 patients. In line with our results, Eun Kim et al. also showed that the viral load kinetics of saliva in patients with sputum resembled those of nasopharyngeal/oropharyngeal swabs; however, the viral load kinetics of saliva in patients without sputum was more comparable to those of gastrointestinal tract samples, including stool, than respiratory samples (19).

In addition, analysis of the laboratory findings of our patients showed that the levels of NEU and LYM in the sputum group increased during five-day period compared to the non-sputum group; while, NLR exhibited a significant decrease in the sputum group compared to the non-sputum group. As a result, according to our findings, Neu can be considered as a predictive factor for viral shedding (or viral clearance) in the early stages of the disease and the amount of sputum secretions. The results of the ROC curve in our study also showed, based on an AUC = 0.8, NEUs can be considered as a type of diagnostic factor with appropriate specificity and sensitivity. In this regard, it has been reported that the number of circulating NEUs increases gradually as COVID-19 progresses, and NEU extracellular traps (NETs), the extracellular network of NEUs that produce DNA/histone proteins to control infection, lead to increase the intensity of inflammation (20). NEUs and LYMs are the primary components of the human defense system against infection (21).

Lymphopenia and leukopenia have been observed in patients with COVID-19, which can be due to increased expression of FAS and FAS-L in T-cells, B-cells, and NK cells and as a result of increased apoptosis in these cells. Also, as a result of the increased expression of PD-1 and TIM-3 on the CD4+ and CD8+ T-cells, it leads to the exhaustion of T cells and deregulation of inflammatory cytokines secretion (22, 23). It has also shown that the WBC level in patients with mild symptoms is higher than its normal values (24). An increase in WBC indicates a promotion in the cellular immune system response to control viral infection and as a result, an increase in the inflammatory cytokines expression such as IL-10 and CRP (15). Moreover, it has been shown that following an increase in viral load, various anti-inflammatory cytokines such as IFN-γ or IL-10 are secreted as a result of an increase in CD4+ or CD8+ T lymphocytes, which lead to a decrease in inflammation and disruption of viral replication. In general, the increase of WBC in COVID-19 patients, regardless of age or sex, can be used as a diagnostic marker in the early stages of the disease (25, 26).

After analyzing the data related to laboratory results, we noticed significant differences between the first and the 5th day following hospitalization of patients (sputum and non-sputum). Accordingly, we examined the changes in the levels of LYMs, NEUs, WBC, and NLR during this period (Figure 5). The correlation between the amount of sputum secretion was analyzed using ROC curves. The NLR AUC was approximately 0.5, which cannot be used as potential diagnostic biomarkers for analysis. Nevertheless, it was observed that the levels of WBC, LYM, and Neu can predict the amount of sputum secretion and the predictive effect of Neu was significant in the sputum group compared to non-sputum during this period. In line with our observations, Feng et al. demonstrated that immune-inflammatory measurements including WBC count, LYM count, PCT, CRP, and NLR may indicate COVID-19 progression. However, in contrast to our results they suggested that monitoring of NLR may assist physicians in early detection of high-risk COVID-19 patients (6). Moreover, according to the findings of Moradi et al., ischemic heart disease (IHD), age, NEU count, and NLR may all be thought of as predictors of survival in COVID-19 patients, which generally corroborate studies from other countries (27).

[image: Figure 5]

FIGURE 5
 The degree of changes in WBCs and NLR in sputum (black) and non-sputum (gray) groups.


In contrast, in the current study, the level of NLR decreased during the 5 days of investigation and since the NLR level has a negative correlation with the level of LYMs and positive correlation with NEUs, it was shown that the number of lymphocytes increases as the level of NLR decreases.

According to another study performed by Xia et al., WBC count, NEU count, NLR, platelet to lymphocyte ratio (PLR) and neutrophil-to-platelet ratio (NPR) were all substantially enhanced in the severe groups than in the non-severe group. The LYM count, basophil count, red blood cell (RBC), haemoglobin (HGB), hematocrit (HCT), and lymphocyte-to-monocyte ratio (LMR), on the other hand, were all significantly lower in the group with severe disease. The findings imply that in severe COVID-19 patients, NLR may represent a novel diagnostic biomarker (28). Naoum et al. indicated that it is possible to distinguish between severe and non-severe presentations in COVID-19 patients by using baseline WBC counts and comprehensive cell population data (CPD) measures, as the baseline WBC and NEU counts were higher in COVID-19-positive individuals who were later hospitalized or died (29). Moreover, Li et al. demonstrated a higher count of WBCs, NEUs, LYMs, CRP, fibrinogen, D-dimer, creatine kinase, and LDH levels in severe COVID-19 patients compared to their non-severe counterparts, and strong correlations between CRP and LDH and other indices were observed, which suggested that these two variables had a significant impact on the severity of COVID-19 (30). Almigdad H. M. et al. also reached similar results such as increased CRP and LDH levels in acute COVID-19 patients than negligible patients (31). LDH is a metabolic and immune biomarker, and the immune-suppressive cells such as macrophages and dendritic cells (DCs) are enhanced by LDH; however, cytolytic cells such as NK cells and cytotoxic T-lymphocytes are inhibited. In addition, as shown using cellular studies, in the early stages of SARS-CoV infection, there is secretion of cytokines and chemokines in respiratory epithelial cells, and immune cells such as dendritic cells and macrophages. These cells secrete low levels of INF-γ, and high levels of pro-inflammatory cytokines such as IL-6, IL-1β and TNF-α (32). Han et al. discovered that LDH was negatively connected with LYMs and their subsets, including CD3+, CD4+, and CD8+ T cells, and positively correlated with CRP (33). In our study, also, it was shown that there is no significant difference in CRP and LDH levels between the sputum and non-sputum groups in the patients examined in this study. Besides, the blood level of ESR showed a significant difference between the two groups. The present research demonstrates that the AUC of ESR exceeds 0.8, indicating its suitability and high predictive capacity in forecasting SARS-CoV-2 infection.

Previous research found that lymphopenia is frequently seen in people with SARS-CoV, and has a reported incidence of 69.6–54% (34, 35). SARS infection has been found to elicit two possible pathophysiological outcomes, namely immune-mediated LYM destruction resulting in lymphopenia, or direct inhibition of bone marrow function (36). There exists a possibility of comparable pathogenic mechanisms shared between SARS-CoV-2 and SARS-CoV, such as direct cellular infection and cytokine-mediated LYM destruction (9). Moreover, a meta-analysis suggested that in contrast to individuals with normal or higher LYM counts, patients with COVID-19 who arrived with lower LYM levels upon admission to a healthcare institution showed a greater chance of poor clinical outcomes. Due to COVID-19’s capacity to cause LYM destruction, lymphopenia, a disorder marked by an unusually low number of LYMs in the blood, is frequently noticed in COVID-19 patients. The degree of lymphopenia can offer prognostic data about the course of the illness and the likelihood that a patient will have life-threatening consequences (37).

In addition, it has been shown that LYMs, especially T lymphocytes, may be potentially affected by SARS-CoV-2. In other words, viral particles spread through the respiratory system and by infecting other cells and creating an immune response, they lead to a change in the number of peripheral WBCs such as LYMs (38). In this regard, Tsui et al. showed that due to the high number of NEUs and LDH in the admission of COVID-19 patients, it is a factor for predicting unfavorable clinical outcome (39). So, according to our results and the analysis of the regression curve, the amount of NEU in the positive group is higher than the negative group on the 5th day. Also, in the positive group compared to the negative group, the number of lymphocytes decreases significantly on the 5th day (Figures 3, 4). According to the findings of Pirsalehi et al. study, severe instances of the illness typically show leukocytosis in addition to a statistically significant increase in the mean number of WBCs. This finding implies that a high WBC count may be a possible sign of a poor prognosis (40).

With COVID-19, neurological issues have been reported. Myalgia and headaches are rather typical, although it is uncommon to develop a major neurological condition (41). Liu et al. studied the major early symptoms of the disease which included fever in 81.8%, coughing in 48.2%, and myalgia in 32.1% of the patients, with additional, almost 80% of the patients had normal or reduced WBC counts, and 72.3% had lymphocytopenia (42).



5. Limitation

There were some inescapable restrictions on this study. First of all, the sample size was not large. Second, not every patient was constantly observed for all clinical symptoms because this study only focused on blood laboratory measurements. Last but not least, the study was a single-center study. In conclusion, our future research will concentrate on large-sample, multi-center, and systematic prospective studies to address these limitations.



6. Conclusion

In general, this study was conducted with the aim of investigating the change in the number of WBCs such as LYM and Neu as well as laboratory parameters such as CRP, LDH, and ESR as biomarkers to detect the amount of viral shedding in people with sputum and without sputum. The results indicate that these parameters, along with WBC counts, correlate with the intensity of viral shedding in individuals with sputum. Moreover, ESR demonstrated promising predictive value, while NEU showed potential as a diagnostic factor with appropriate specificity and sensitivity. These findings suggest that these parameters could be valuable in identifying individuals with viral shedding.
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Background: On September 28, 2022, the first case of Omicron subvariant BF.7 was discovered among coronavirus disease 2019 (COVID-19) infections in Hohhot, China, and then the epidemic broke out on a large scale during the National Day holiday. It is imminently necessary to construct a mathematical model to investigate the transmission dynamics of COVID-19 in Hohhot.

Methods: In this study, we first investigated the epidemiological characteristics of COVID-19 cases in Hohhot, including the spatiotemporal distribution and sociodemographic distribution. Then, we proposed a time-varying Susceptible-Quarantined Susceptible-Exposed-Quarantined Exposed-Infected-Asymptomatic-Hospitalized-Removed (SQEIAHR) model to derive the epidemic curves. The next-generation matrix method was used to calculate the effective reproduction number (Re). Finally, we explored the effects of higher stringency measures on the development of the epidemic through scenario analysis.

Results: Of the 4,889 positive infected cases, the vast majority were asymptomatic and mild, mainly concentrated in central areas such as Xincheng District. People in the 30–59 age group primarily were affected by the current outbreak, accounting for 53.74%, but females and males were almost equally affected (1.03:1). Community screening (35.70%) and centralized isolation screening (26.28%) were the main ways to identify positive infected cases. Our model predicted the peak of the epidemic on October 6, 2022, the dynamic zero-COVID date on October 15, 2022, a number of peak cases of 629, and a cumulative number of infections of 4,963 (95% confidential interval (95%CI): 4,692 ~ 5,267), all four of which were highly consistent with the actual situation in Hohhot. Early in the outbreak, the basic reproduction number (R0) was approximately 7.01 (95%CI: 6.93 ~ 7.09), and then Re declined sharply to below 1.0 on October 6, 2022. Scenario analysis of higher stringency measures showed the importance of decreasing the transmission rate and increasing the quarantine rate to shorten the time to peak, dynamic zero-COVID and an Re below 1.0, as well as to reduce the number of peak cases and final affected population.

Conclusion: Our model was effective in predicting the epidemic trends of COVID-19, and the implementation of a more stringent combination of measures was indispensable in containing the spread of the virus.

KEYWORDS
 COVID-19, epidemiological characteristics, transmission dynamics, time-varying SQEIAHR model, effective reproduction number, higher stringency measures


Introduction

As the most widespread and severe public health crisis in the last 100 years, coronavirus disease 2019 (COVID-19) has affected more than 200 countries to varying degrees (1, 2), with 600 million people infected and 6.5 million deaths to date. At present, Omicron has replaced Delta as the predominant strain worldwide, accounting for approximately 58.5% ~ 80.6% of cases (3). From March 1 to April 22, 2022, more than half a million local Omicron cases were reported in almost all provinces across China (4). In the UK, the prevalence of the Omicron variant and its multiple subvariants has led to high infection rates across all age groups, particularly among young children (5). The monthly incidence rate of COVID-19 infections (new cases per 1,000 persons per day) in the US increased substantially when Omicron became the dominant strain compared to Delta (3.8–5.2 vs. 0.5–0.7) (6). The sheer number of Omicron cases has strained health care systems worldwide.

Recent outbreaks of COVID-19 in mainland China were distributed in multiple locations, with wide coverage and frequent occurrences, involving many provinces, cities, counties and districts nationwide, so the epidemic prevention and control situation remains severe and complex. On September 28, 2022, one new indigenous confirmed case of COVID-19 was reported in Hohhot, Inner Mongolia Autonomous Region. This was the first time that the Omicron subvariant BF.7 had appeared in China. The variant, called BA.5.2.1.7 or BF.7 for short, is an offshoot of the Omicron subvariant BA.5, which has the characteristics of extremely strong transmissibility, pathogenicity and immune escape capacity. As of October 3, 2022, the cumulative number of COVID-19 cases reported in Hohhot has exceeded 500, suggesting that the anti-epidemic situation is not optimistic. A serious concern at present is that there is no clear description or consensus on the epidemiological characteristics and future course of the current outbreak. There is an urgent need to explore the epidemiological characteristics of COVID-19 in Hohhot and to develop a prediction model to estimate the incidence trend and determine the priorities of prevention and control measures to provide a scientific basis for an effective response to subsequent outbreaks.

Since the outbreak of COVID-19, scholars have carried out related research from various perspectives, including mathematical modeling, epidemiology, and spatial analysis. Infectious disease dynamic models are regarded as important tools to forecast the prevalence of COVID-19, among which Susceptible-Infected-Removed (SIR) and Susceptible-Exposed-Infected-Removed (SEIR) compartmental models are particularly popular (7–9). Huarachi Olivera RE et al. applied the SIR model to characterize the epidemic evolution of COVID-19 and found that stringent measures can effectively prevent the spread of COVID-19 (10). Hao X et al. used the SAPHIRE model to reconstruct the full-spectrum dynamics of COVID-19 (11). Cai J et al. developed an age-structured stochastic compartmental SLIRL model to project the COVID-19 burden under mitigation scenarios (4). Shin HY conducted multi-stage estimations of the COVID-19 transmission dynamics using SEIR(D) epidemic models, and the results showed that the SEIR(D) is useful and informative (12). Kuniya T estimated the basic reproduction number (R0) for the epidemic in Japan based on the SEIR compartmental model using a least-square-based method with Poisson noise (13). A Bayesian approach has also been proposed to monitor the COVID-19 pandemic and to estimate the proportion of people who died or became infected with SARS-CoV-2 (14). Some studies have investigated the epidemiology and spatial distribution of COVID-19, for example, examining the associations of self-reported COVID-19 infection and SARS-CoV-2 serology test results with persistent physical symptoms and analyzing the spatiotemporal variations of cases and deaths of COVID-19 (15, 16).

Although the above models have achieved rather good prediction results, the SEIR model and its parameters still need to be further modified in due course because the transmission characteristics of the mutant strains differ considerably from those of past strains, and the speed and intensity of implementation of prevention and control measures are inconsistent across regions. Our objectives were to (1) establish a dynamic model based on the current epidemiological situation in Hohhot, (2) predict the development trends of COVID-19, including the peak, size, and reproduction number, and (3) evaluate the effectiveness and priority of different non-pharmaceutical interventions in halting the spread of COVID-19.



Methods


Data sources

Daily COVID-19 report data were obtained from the Inner Mongolia Autonomous Region Health and Health Commission,1 including newly confirmed cases, newly asymptomatic infections and newly asymptomatic infections converted to confirmed cases. Epidemiological survey data of positive infected cases included age, sex, place of residence, disease severity (asymptomatic/mild/moderate/severe/critical) and identification methods (community screening/centralized isolation screening/home quarantine screening/mass screening/risk region screening/close contact screening/others).



Time-varying SQEIAHR model

In the study of dynamic models of infectious diseases, individuals are abstracted into several compartments: Susceptible (S), Exposed (E), Infected (I) and Removed (R), and transitions between individuals constitute different transmission models. The classical transmission models include SI, SIR, SIS and SEIR, of which SIR and SEIR occupy a central place in epidemiology (17–19). Given the existence of a latent period for COVID-19 and the ability of patients to acquire some immunity after healing, a modified SEIR model was selected for analysis in this study.

Figure 1 provides a comprehensive description of the time-varying Susceptible-Quarantined Susceptible-Exposed-Quarantined Exposed-Infected-Asymptomatic-Hospitalized-Removed (SQEIAHR) model established under the actual epidemic characteristics in Hohhot, such as the large number of asymptomatic infections and the changing transmission rate. The model has eight compartments (S, Q_s, E, Q_e, I, A, H, R) and 14 parameters ([image: image]), of which [image: image]and [image: image] are related to intervention strategies. It is important to note that compartment I did not include those who moved from an asymptomatic infection to a confirmed case during isolation.

[image: Figure 1]

FIGURE 1
 The structure of the SQEIAHR model.


In the SQEIAHR model, we have the constraint N = S + Q_s + E + Q_e + I + A + H + R with the following set of differential equations:

[image: image]
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The compartments and parameters in the above equations are described in Table 1.



TABLE 1 Descriptions of the model compartments and parameters.
[image: Table1]

In this study, [image: image] and [image: image] are piecewise functions that represent the time-varying transmission rate and time-varying quarantine rate, respectively. The function expression was split into two segments using October 3, 2022, as the turning point. Since October 3, 2022, Hohhot has upgraded its level of management and control, applied more rigorous measures and paid greater attention to the hardest-hit and high-risk areas. In Eq. (9), [image: image] represents the initial transmission rate, [image: image] stands for the exponential decline rate of the transmission rate after taking preventive and control measures, and [image: image] refers to October 3, 2022. In Eq. (10), [image: image] and [image: image] represent the initial quarantine rate and the maximum quarantine rate after the implementation of preventive and control measures, respectively, [image: image] stands for the exponential increase rate of the quarantine rate, and [image: image] refers to October 3, 2022.

[image: image]
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The transmission process of COVID-19 in the SQEIAHR model is as follows:

The model assumes that S enters E, Q_s, and Q_e with probabilities [image: image], [image: image], and [image: image] after exposure to infectious sources such as E, I, and A. If S acquires specific immunity through vaccination, then it will enter R with probability [image: image]. If no abnormality is found at the end of the quarantine period [image: image], then Q_s will re-enter S. E enters A and I at rates [image: image] and [image: image]. I, A, and Q_e enter H for treatment at rates [image: image], [image: image], and[image: image] The cured I, A, and H enter R at rates [image: image], [image: image], and [image: image]. Regarding R, as the antibody level decreases, it re-enters S at rate [image: image].



Estimation of model parameters

The Markov Chain Monte Carlo (MCMC) method has become very popular for Bayesian computation in complex statistical models. The basic idea is to first construct a Markov Chain whose desired distribution is close to its equilibrium distribution, and then generate samples of the posterior distribution through this Markov Chain, and finally perform Monte Carlo integration based on the valid samples when the Markov Chain reaches its equilibrium. To compensate for the low acceptance probability of MCMC sampling, we used the Metropolis-Hastings (M-H) algorithm to sample the posterior distribution of [image: image](20, 21). We ran this algorithm for 60,000 iterations with a burn-in period of 55,000. The posterior means and 95% Bayesian credible intervals for 12 parameters are displayed in Table 2, and the model compartments and remaining parameters were derived from actual epidemic or literature reports.



TABLE 2 The values and sources of model compartments and parameters.
[image: Table2]



Time-varying reproduction number of disease-free equilibrium

The basic reproduction number (R0) is defined as the number of second-generation cases caused by an individual infected in a fully susceptible population without any intervention. It is a threshold indicator for measuring the transmission capacity of infectious diseases and determining the point of disease-free equilibrium. Notably, the effective reproduction number (Re) is more appropriate than R0 for assessing the effectiveness of vaccines or other non-pharmaceutical interventions. It can be used to track changes in the reproduction number, and whether the epidemic is controlled depends on whether Re is consistently less than 1.

The next-generation matrix method (24, 25) was applied to calculate Re:

[image: image]



Statistical analysis

The calculations of the SQEIAHR compartmental model were performed using Python software (version 3.7.1, Python Software Foundation, Python Language Reference). The figures were produced by GraphPad Prism software (version 9.0, La Jolla, CA, United States). The coefficient of determination (R2) was used to evaluate the goodness-of-fit of the model.




Results


Epidemiological characteristics of COVID-19

As of October 18, 2022, a total of 4,889 positive infected cases have been reported in Hohhot. Among them, 4,160 cases were asymptomatic, 727 were mild, 2 were moderate, and there were no severe or critical cases.



Spatiotemporal distribution

From September 28, 2022, the daily number of new infections showed a fluctuating growth trend, reaching the first peak (n = 653) on October 6, 2022, and then rapidly decreasing after arriving at the second peak (n = 645) on October 10, 2022 (Figure 2). A spatial distribution map of cumulative infected cases in Hohhot is shown in Figure 3. Among the information officially released by the Hohhot government on the activity trajectories of the 1,941 indigenous positive infected cases, nearly half of the cases were found in Xincheng District, followed by Huimin, Yuquan, and some other nearby districts, while southern areas such as Tuoketuo, Helingeer and Wuchuan had extremely low infection rates, accounting for a total of 0.72%.

[image: Figure 2]

FIGURE 2
 The daily number of new infections in Hohhot.
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FIGURE 3
 The spatial distribution of COVID-19 cases in Hohhot.




Sociodemographic distribution

People with COVID-19 had broad age-specific variation, ranging from 3 days to 89 years of age. People in the 30–59 age group were the main victims of the current outbreak, accounting for 53.74% of the total cases. In terms of sex, females (n = 984) and males (n = 957) were almost equally affected, and the sex ratio was approximately 1.03:1 (Figure 4). In addition, community screening (35.70%) and centralized isolation screening (26.28%) were the main ways to detect cases, suggesting that the focus should be on the social transmission of the epidemic (Figure 5).

[image: Figure 4]

FIGURE 4
 The distribution of age and sex of positive infected cases in Hohhot.
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FIGURE 5
 The distribution of identification methods of positive infected cases in Hohhot.




Transmission dynamics of COVID-19


Prediction of COVID-19 cases

During the epidemic, the four most important indicators were the time to reach the peak, the time to achieve dynamic zero-COVID, the number of peak cases, and the cumulative number of infections (26). We plotted the actual daily number of new infections up to October 18, 2022, onto our forecasted curve and found that there was an overall good fit between our projected and reported data (R2 = 0.739, p < 0.001) (Figure 6A). The number of newly confirmed cases and newly asymptomatic infections was expected to reach an inflection point on October 6, 2022 (n = 629), with the sum of the two dropping below 100 cases on October 15, 2022, after which the epidemic gradually died out (Figures 6B,C). Our model predicted that the final affected population in Hohhot would reach 4,963 (95% confidential interval (95%CI): 4,692 ~ 5,267), including 740 (95%CI: 699 ~ 786) confirmed cases and 4,224 (95%CI: 3,993 ~ 4,481) asymptomatic infections (Table 3). The above projections demonstrated the reliability of our model in assessing COVID-19 trends (actual peak date: October 6, 2022; actual dynamic zero-COVID date: October 14, 2022; actual number of peak cases: 653; actual cumulative number of infections: 4,889).

[image: Figure 6]

FIGURE 6
 The predicted daily number of new COVID-19 cases in Hohhot; (A) Newly infected cases; (B) Newly confirmed cases. (C) Newly asymptomatic infections.




TABLE 3 The predicted cumulative number of COVID-19 cases in Hohhot in different time periods.
[image: Table3]



Prediction of the effective reproduction number

The effective reproduction number can be discussed in two stages. During the first stage, from September 28, 2022, to October 3, 2022, the risk of virus transmission increased as population mobility increased during the National Day holiday, with an R0 of approximately 7.01 (95%CI: 6.93 ~ 7.09). The second stage occurred after October 4, 2022. Following the implementation of a series of measures, such as multiple rounds of nucleic acid testing and resident travel control, Re began to decline rapidly until it dropped below 1.0 on October 6, 2022, and has since maintained a steady trend (Figure 7).

[image: Figure 7]

FIGURE 7
 Change trend of Re in Hohhot.





Scenario analysis of higher stringency measures

In this study, higher stringency measures were aimed at curbing the spread of the epidemic by decreasing the transmission rate and increasing the quarantine rate. The scenario design of higher stringency measures was divided into three parts: (1) increasing the exponential decline rate of the transmission rate (2.000 vs. 1.001), (2) increasing the maximum quarantine rate (0.700 vs. 0.499) and the exponential increase rate of the quarantine rate (2.000 vs. 0.999), and (3) increasing the exponential decline rate of the transmission rate (2.000 vs. 1.001), the maximum quarantine rate (0.700 vs. 0.499), and the exponential increase rate of the quarantine rate (2.000 vs. 0.999). Our results showed that scenario design 3 was the optimal strategy: the time to reach the peak, the time to achieve dynamic zero-COVID, and the time for the Re curve to fall to 1.0 would be brought forward to October 5, 2022, October 13, 2022, and October 5, 2022, respectively, while the number of peak cases and final affected population would be greatly reduced by 14.31% and 19.83%, respectively (Figures 8A–C; Table 4).

[image: Figure 8]

FIGURE 8
 Trends in the epidemic under different measure scenarios. (A) Newly infected cases. (B) Re. (C) final affected population.




TABLE 4 Values of epidemic indicators under different measure scenarios.
[image: Table4]




Discussion

Overall, the peak of the epidemic in Hohhot has passed, and the number of new cases is steadily declining, indicating that the epidemic has been effectively controlled. The time-varying SQEIAHR compartmental model we proposed in this study captured some important qualitative features and hence could provide guidance in policy-making. To the best of our knowledge, this is the most comprehensive report investigating the latest epidemiological characteristics and development trends of COVID-19 in Hohhot.

According to epidemiological investigations, the majority of cases in the current outbreak were asymptomatic and mild, which may be related to the fact that COVID-19 vaccination reduces the threat of serious illness and death (27). People aged 30–59 years were at particular risk of COVID-19, contrary to the finding that older people were the main vulnerable group (28). We conjectured that this might be because the middle-aged population has a wider range of activities and is more likely to be exposed to the virus, for example, engaging in group work or recreation. The key to stopping the spread of the virus is to identify all infections quickly. In Hohhot, those who had positive nucleic acid test results were mainly derived from community screening, indicating that the efficiency and scope of nucleic acid testing should be further improved (29). Wu Zunyou, chief epidemiologist at the Chinese Center for Disease Control and Prevention, recommended that “each round of mass screening should be completed within one to three days and be guaranteed to cover all target groups.” Additionally, areas with a large number of cases were primarily concentrated in the central part of Hohhot, and therefore, more medical resources should be prepared in advance and allocated to Xincheng and surrounding districts as soon as possible.

Dynamic model is an important method for the theoretical and quantitative study of infectious diseases. It can be used to describe the pattern of disease transmission, predict disease status and assess the effectiveness of prevention and control measures (30–32). The time-varying SQEIAHR model we constructed is methodologically robust and built on the classical SEIR model previously applied to forecast the development trends of infectious diseases. In earlier studies, scholars did not consider the impact of asymptomatic infections, immune threshold, and antibody titer reduction on the spread of the epidemic in their modeling due to an inadequate understanding of the transmission mechanisms and clinical characteristics of COVID-19 (33, 34). Our SQEIAHR model was inspired by the key factors mentioned above and accommodated the influence of the time-varying transmission rate, time-varying quarantine rate and reinfection, so the prediction results were highly robust.

The four key indicators predicted by our model were (1) the epidemic peak on October 6, 2022, (2) dynamic zero-COVID on October 15, 2022, (3) the number of peak cases of 629, and (4) the cumulative number of infections of 4,963, all of which were in fairly good agreement with the actual situation in Hohhot. Compared to the outbreak also caused by Omicron BF.7, the number of infections in Beijing far exceeded that in Hohhot (35). The reason for this is that at the time of the outbreak in Hohhot, China was still employing the “dynamic zero-COVID policy,” whereas the outbreak in Beijing occurred during the transition stage from the announcement of 20 measures to the gradual liberalization of the epidemic, so the intervention intensity was much more lenient than before, leading to a surge in infections. The effective reproduction number is a critical threshold parameter in epidemiology that can be used to measure the real-time transmissibility of an outbreak (36). Initially, R0 was a constant greater than 7. After the implementation of a series of control measures, Re showed a rapid downward trend, and it took only nine days from the discovery of the first case to achieve an Re below 1.0. After the outbreak of COVID-19 in Shanghai on March 1, 2022, Re did not drop below 1.0 until day 45 (37). This reflects the remarkable achievement of epidemic prevention and control efforts in Hohhot.

Non-pharmaceutical interventions such as decreasing the transmission rate and increasing the quarantine rate have been recommended in the battle against COVID-19. We conducted a quantitative comparison of different intervention strategies and found significant effects of a combination of both in shortening the time to peak, the time to dynamic zero-COVID and the time to an Re below 1.0, while substantially reducing the number of peak cases and accumulated cases. These results emphasized the importance of decreasing the transmission rate by travel restrictions and the necessity of increasing the quarantine rate by close-contact tracing. Liu W et al. also recommended that isolation measures be implemented in communities and outbreak sites in a timely manner to ensure social distancing between people, thereby reducing the level of human contact (38). It is worth noting that the values of [image: image]and [image: image] in the scenario design only increased by a very small amount, and we have reason to believe that with the further strengthening of prevention and control measures, even better results will be achieved.


Limitations

Admittedly, this study has some limitations. First, our model did not take into account the difference between the rate of reinfection among recovered individuals and the rate of infection in the general population. Second, in addition to decreasing the transmission rate and increasing the quarantine rate, other interventions, such as promoting a social consensus on self-protection and expanding environmental decontamination, may also have a potential impact on the development of the epidemic. In reality, the end of the outbreak may come earlier than we predicted. In future work, efforts must be made to optimize the SQEIAHR model by introducing additional parameters that can reflect different infection rates and non-pharmaceutical interventions. Work is also needed to test the model in various geographical and demographic contexts.




Conclusion

In this paper, we developed a time-varying SQEIAHR compartmental model to investigate the transmission dynamics of COVID-19. Our projections suggested that this model was well suited to capture key epidemic indicators, including the time to reach the peak, the time to achieve dynamic zero-COVID, the number of peak cases, and the cumulative number of infections. Moreover, decreasing the transmission rate by travel restrictions and increasing the quarantine rate by close-contact tracing could achieve remarkable results in curbing the spread of COVID-19. These findings can not only help health departments prepare in advance for a possible outbreak of COVID-19 but also provide an important reference for optimizing non-pharmaceutical intervention programs.
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Background: The COVID-19 epidemic has put an enormous strain on the world’s healthcare systems, lifestyles, and quality of life. Ethiopia attempted to meet the myriad needs of its people due to the COVID-19 epidemic and the government has demonstrated a strong commitment in order to lessen the epidemic’s impact on the populace. Despite this fact, the population’s compliance with measures was not as needed.

Objectives: To assess knowledge, attitude, and practice regarding COVID-19 transmission, prevention, and self-quarantine management among public employees in selected locations of the Sidama Region, Southern Ethiopia, in 2020.

Methods: An institution-based cross-sectional study was conducted from 01 October to 30 October 2020, among 399 public servants in selected locations of the Sidama Region, Sothern Ethiopia. One-stage cluster sampling was used to randomly select 16 public service sector offices from the total 32 sector offices in the selected locations of the region. Simple random sampling was employed to select respondents following equal distribution of the samples to 16 sector offices. Data were collected using an adapted self-administered questionnaire. Data entered using EpiData version 3.1 and SPSS version 24 were used for statistical analysis. Descriptive statistics was used to compute frequencies, percentages, and means for independent and dependent variables.

Result: Overall, 42.36% of respondents had good knowledge of COVID-19, while the remaining 57.64% had poor knowledge. The percentage of favorable attitudes toward COVID-19 prevention and control were 65.2, 54.4% of respondents had a good level of practice of COVID-19 preventive and control measures, and 52.4% of the respondents had a good level of knowledge regarding self-quarantine management.

Conclusion: The level of knowledge, attitude, practice, and self-quarantine management in the area is insufficient for preventing and controlling the disease. Evidence-based awareness creation and law enforcement in the study areas and surroundings, with an emphasis on infection prevention and control (IPC) in the public sector and other public gathering areas, is recommended.

KEYWORDS
 COVID-19, awareness, perspective, implementation, lockdown, health, quarantine, civil servant


Introduction

Worldwide healthcare systems, as well as people’s lifestyles and quality of life, are all being strained by the COVID-19 epidemic. Ethiopia attempted to meet the myriad needs of its people as the COVD-19 epidemic was approaching. The government demonstrated a strong commitment to lessening the epidemic’s impact on the populace (1).

Fever, headache, cough, and shortness of breath are some of the non-specific symptoms that can occur. Acute respiratory distress syndrome, the most severe of the clinical manifestations that necessitate mechanical ventilator support to preserve life, can develop in COVID-19 patients with underlying medical conditions (2). According to reports, the majority of deaths happened in adults over the age of 50, followed by small children (3).

By March 2020, the WHO had detected community transmission in some African countries, including Ethiopia, and the risk of coronavirus spreading was due in part to deep challenges in practicing social distancing and frequent hand washing in settings with high population densities and lack of running water, as well as COVID-19’s non-specific symptoms, which make it difficult to distinguish from endemic illnesses like malaria and influenza (4).

In May 2020, Africa had 87,925 confirmed COVID-19 cases spread across 55 nations. The biggest number of cases were in South Africa, where there were 16,433 instances (or 18.7% of the total), followed by Egypt with 12,229 cases (or 13.9%), Algeria with 7,019 cases (or 8.0%), Morocco with 6,952 cases (7.9%), Nigeria with 5,959 cases (6.8%), and Ghana with 5,735 cases (or 6.5%) (5).

The lack of publicly shared knowledge has been a challenge not only in the face of increased worries about fake news but also in the face of widespread distrust of public institutions that promote individual behavior norms and coordinate communal cooperation during epidemics (6, 7).

To stop the transmission of coronavirus, people must adopt personal hygiene and public health behaviors, including hand washing and social distancing, although this will be difficult in many cities and rural areas in poor countries (8). Ethiopia’s government instituted strong control measures after confirming its first incidence of COVID-19 on March 12th, 2020, and the response was increasingly forceful as the days passed. Social distancing, continual cleanliness, the use of face shields, limiting public vehicle traffic, shutting down public facilities that did not dispense vital supplies, and limiting traffic hours to specified daily hours were all enforced (1).

Even though public preventive measures were mandated, adherence to each of them was somewhat weak among the population. Non-compliance and, to some extent, apathy on the part of certain human groups about these regulations was concerning. Cross-sectional studies identified this phenomenon as an attitudinal problem attributable to the population. One of the first and most current studies on coronavirus attitudes and knowledge, conducted in Hubei, found that opinions toward government actions to manage the epidemic were strongly linked to awareness about COVID-19. The authors explained that the more information and education people have, the more positive attitudes they have concerning COVID-19 prevention efforts (9, 10).

A major obstacle to controlling the pandemic was the lack of understanding and biased attitudes surrounding the prevention of COVID-19 transmission. Poor understanding, attitudes, and practice had a big influence on the fight against the coronavirus in nations like Ethiopia, in addition to the nation’s limited testing capabilities and management. These findings would help policy makers, the academic community, and the partners working on COVID-19 have better understanding before taking action.

We created a poll to study this topic due to the scarcity of previous studies on epidemics, knowledge, and attitudes in our nation. This study aimed to see how much people know about COVID-19’s most prevalent symptoms, transmission pathways, and severity, specifically to investigate civil servants’ perceptions of the disease’s threat or severity, as well as the behaviors developed in response to it in the Sidama Region.



Methods and materials


Study area

The Sidama Region is the newly established regional state of the Southern Nations, Nationalities, and People’s Region (SNNPR). The study was conducted in the city of Hawassa, and the towns of Yirgalem and Leku. Hawassa is the capital of the region, containing eight sub-cities and 32 kebeles (20 urban and 12 rural). Yirgalem and Leku towns are located 33 km and 10 km away from Hawassa, respectively.



Study design and period

An institution-based cross-sectional study was conducted from 01 October to 30 October 2020, among 399 public servants in the selected locations of the Sidama Region, Sothern Ethiopia. Public servants in the chosen locations used an interviewer-administrated questionnaire.



Sample size determination

The required sample size was determined using a single population formula where the proportion of public servants with knowledge, attitude, and practice (KAP) toward COVID-19 transmission prevention and self-quarantine management in the study area was unknown. Hence, a 50% prevalence (p = 0.5) was taken to calculate the sample size. The chosen margin of error was 5% with a 95% confidence interval, and, considering the no response rate was 10%, the final sample size yielded was 422.



Source population

All public personnel in specific locations’ administrations were used as the source population.



Study population

All public officers working in specified public sectors who were accessible during the study period made up the study population.



Eligibility criteria

All public servants in selected public sectors and who were working in the office during data collection time. Public servants who graduated in health and health-related fields and those working as members of the COVID-19 prevention task force were excluded from the study.



Sampling procedure

The respondents were chosen using one-stage cluster sampling. The 32 sector offices offer a variety of services to the public. Of these, 16 public service sector offices were chosen at random using a lottery system, accounting for half of all the public service offices. Then, the sample size was selected and divided evenly among the 16 sector offices. Finally, using a simple random sampling procedure, the assigned number of samples were collected from sector offices. Before using the basic random sampling technique, a sampling frame was created for each selected sector based on the alphabetical order of the selected public service offices.



Data processing and analysis

EpiData version 3.1 was used to enter data, which were then exported to SPSS version 24 for statistical analysis. For independent and dependent variables, descriptive statistical analysis was used to compute the frequencies, percentages, and means.



Data quality assurance and tool

A standardized and pre-tested questionnaire was used to ensure data quality. A pre-test was done on 5% of the sample size. The validity of the questionnaire was conducted using Pearson’s product moment correlations by correlating each questionnaire item with the total score using SPSS. The total linear correlation coefficient (xry) of 0.712 was greater than the r table product moment for each item assessing KAP. The reliability of the variables was checked using Cronbach’s alpha before data collection. The internal consistency of Cronbach’s alpha for items assessing knowledge, attitude, and practice was 0.82, 0.8, and 0.78, respectively.

Before data collection, data collectors and supervisors were given two days of training. COVID-19 prevention and transmission were the topics of the training. During the data collection, supervisors checked daily for consistency and completeness of the data, and, at the end of the day, all investigators collected all completed questionnaires from the data collectors and checked for completeness and consistency.



Operational definitions

Knowledgeable: participants who scored the mean value or above for the provided knowledge-based questions.

Poor knowledge: participants who scored below the mean value for the provided knowledge-based questions.

Favorable attitude: participants who scored above the mean value for the provided attitude-related question.

Unfavorable attitude: participants who scored below the mean value for the provided attitude-related questions.

Good practice: participants who scored greater than the mean value for the provided practice-based questions.

Poor practice: participants who scored below the mean value for the provided practice-based questions.



Ethical consideration

The Hawassa University College of Medicine and Health Sciences’ health ethical review board provided ethical approval and clearance. The goal of the study was explained to the participants, and they gave their agreement. The right to drop out of the study at any time was guaranteed. To maintain participant confidentiality, coding was utilized to remove names and other personal identifiers from respondents throughout the study procedure.




Results


Socio-demographic characteristics of the respondents

A total of 399 public servants responded to the study, yielding a response rate of 94.5%. Of the total respondents in the study, more than half (53.6%) were male, 64.9% were married, 76.7% had a degree or above in their educational status, and the mean age of the respondents was 32.31 years with a standard deviation of 6.77 (Table 1).



TABLE 1 Sociodemographic characteristics of study participants among selected public servants in the Sidama Region, 2020.
[image: Table1]



Source of information on COVID-19

Mass media was the main source of information for the respondents in this study (76.2%) and more than half of the respondents (55.6%) shared the information they found with friends, family, and society (Table 2).



TABLE 2 Information source and dissemination of COVID-19 infection prevention and transmission among selected public servants in the Sidama Region, 2020.
[image: Table2]



Knowledge of COVID-19 infection prevention and transmission

Overall, 42.5% of respondents had good knowledge of COVID-19 infection prevention methods and modes of transmission with a median (IQR) of 13 (12–14) (Table 3).



TABLE 3 Knowledge of COVID-19 infection prevention and transmission among the corresponding locations of the selected public servants in the Sidama Region, Ethiopia, 2020.
[image: Table3]



Attitude toward COVID-19 infection prevention

Overall, 65.2% of respondents in the three locations had a favorable attitude, and 34.8% had an unfavorable attitude toward COVID-19 infection prevention and transmission (Table 4).



TABLE 4 Attitude toward COVID-19 infection prevention and transmission among the corresponding locations of the selected public servants in the Sidama Region, Ethiopia, 2020.
[image: Table4]



Practice toward COVID-19 infection prevention and transmission

More than half of the respondents in this study, 54.4%, had a good level of practicing COVID-19 infection prevention and control measures, whereas the rest, 45.6%, recorded a poor level of practicing infection prevention and control measures (Table 5).



TABLE 5 Practice toward COVID-19 infection prevention and transmission among the corresponding locations of the selected public servants in the Sidama Region, Ethiopia, 2020.
[image: Table5]



Self-quarantine management toward COVID-19 prevention and control

Half of all participants in the study, 52.4%, had a good knowledge of self-quarantine management protocol for COVID-19. The rest had poor knowledge of staying at home in a private room if exposed or having a contact history (Figure 1).

[image: Figure 1]

FIGURE 1
 Knowledge of self-quarantine management for COVID-19 infection prevention and transmission among the corresponding locations of selected public servants in the Sidama Region, Ethiopia.





Discussion

Our research aimed to determine public servants’ attitudes toward COVID-19 in Hawassa city, Leku, and Yirgalem.

The investigation looked into where COVID-19 information came from. The bulk of the research participants (76.2%) got their knowledge from the mass media and then followed it up with social media. This suggests that the media plays a crucial role in disseminating vital public health information. A study from Addis Ababa supports our findings (11) and, according to a study in Iran (12), COVID-19 information was most commonly obtained from the media and short message services (SMS). This backed up a study from the Philippines that showed traditional media outlets like television and radio were the primary sources of knowledge about the virus (13). In contrast, a recent Ethiopian study found that social media was the primary source of information (14).

In our study, 42.35% of participants had a strong understanding of how to prevent COVID-19 infection and transmission. In the study area, however, there was some variation between cities. As a result of this finding, public officials in various healthcare sectors will have varying levels of access to COVID-19 information. This finding is in line with a study undertaken in the Tigray Region (15).

Participants in this study had a better degree of knowledge than those in the Addis Ababa study (11). In Addis Ababa, however, the proportion of high-risk groups with good knowledge was 52%, which is greater than the current study (16).

This discrepancy may be attributable to differences in the study populations. Furthermore, persons who are at high risk may have a stronger desire to learn about COVID-19 than others. The current study’s findings differ from those of Chinese studies (17) and one conducted in Arba Minch (18). The proportion of participants with good knowledge in the current study was similar to that found in an adult population study in the Sidama Region (19).

The majority of respondents (65.2%) in this study had a favorable opinion toward COVID-19 infection prevention and control. This result is lower than that of a Nigerian study (79.5%) and also in Uganda, where 72.4% had a good attitude (20). Differences in the study site, demographics, and tools used could explain the disparity.

These results (61%) are very similar to those of the Gondar study (21). In our study, 57.6% of people believed that COVID-19 infection is spiritual or that it is caused by sin as a punishment from God. One of the primary obstacles in preventing and controlling COVID-19 could be a pessimistic attitude. This idea is similar to one expressed in a Ghanaian report (22).

Furthermore, traditional medicine is trusted by 41.6% of the survey participants as a remedy for the ailment. This mindset may lead to neglect and a deterioration of the healthcare delivery system.

According to the results of this study, 217 (54.4%) of the participants had good practice regarding COVID-19 and its prevention. This suggests that a large number of government employees were not following the health sector’s and government’s infection prevention and control messages. Our findings are higher than those of a study conducted in Debre Tabor. However, regarding hand washing practice, in our study, 55.9% reported proper hand washing as a means of COVID-19 prevention. This finding is lower than the study in Debre Tabor, which was 67.2% (23). According to a study conducted in Arba Minch, 33.3% of people wore a mask while going out (18), whereas in our study, 64.2% reported they wore a mask while going out. This difference may be due to variations in law enforcement in the study areas and differences in the study population. Our study area’s COVID-19 prevention practice was lower than that of a study done in China (17).

According to the assessment, 52.4% of self-quarantine management against COVID-19 transmission was good, while 47.6% was bad. The majority of participants (74.2%) stated that they would stay at home in a secluded room and avoid social events to decrease COVID-19 transmission. This figure is lower than the 95.9% figure reported in a Saudi study (24). Even though the majority of survey participants (78–81%) said they would get tested voluntarily if they had a contact history, were exposed to COVID-19, or experienced COVID-19 symptoms, a significant number of participants still had reduced regard for COVID-19 transmission control. Furthermore, 27.6% said they would not refrain from sharing equipment during self-quarantine and 15.8% of respondents stated that they lacked knowledge about self-quarantine management.



Conclusion

This study indicates that the current level of knowledge, attitude, practice, and self-quarantine management is insufficient for preventing and controlling the disease and that evidence-based awareness creation and law enforcement in the study areas and surroundings, particularly in the public sector and other public gathering areas, is required. The results imply that poor hygiene practice would perpetuate the spread of the infection in the county and create a barrier for early infection mitigation. In both governmental and non-governmental sectors, as well as public events, wearing a mask and maintaining a physical distance should be frequently practiced.



Limitations

• The associated factors have not been examined; only descriptive components have been presented.

• The results may not adequately explain the current COVID-19 situation in Ethiopia due to the timing of the report.

• Practice was not assessed using observational methods.
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Introduction: The COVID-19 pandemic continues to ravage the world, and mutations of the SARS-CoV-2 continues. The new strain has become more transmissible. The role of aerosol transmission in the pandemic deserves great attention.

Methods: In this observational study, we collected data from market customers and stallholders who had been exposed to the virus in the Qingkou night market on July 31 and were subsequently infected. We analyzed the possible infection zones of secondary cases and aerosol suspension time in ambient air. We described and analyzed the characteristics of the secondary cases and the transmission routes for customers.

Results: The point source outbreak of COVID-19 in Qingkou night market contained a cluster of 131 secondary cases. In a less-enclosed place like the Qingkou night market, aerosols with BA.5.2 strain released by patients could suspend in ambient air up to 1 h 39 min and still be contagious.

Conclusion: Aerosols with viruses can spread over a relatively long distance and stay in ambient air for a long time in a less enclosed space, but shorter than that under experimental conditions. Therefore, the aerosol suspension time must be considered when identifying and tracing close contact in outbreak investigations.

KEYWORDS
 COVID-19, aerosol transmission, omicron, outbreak, aerosol suspension time


1. Introduction

In addition to droplet and contact transmission, aerosol transmission has been confirmed as a critical transmission route for COVID-19. Previous studies have detected airborne severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) in outdoor environment (1, 2). Field investigations have also revealed aerosol transmission linked to COVID-19 clusters in enclosed places, such as department stores or floor drains (3–6). These studies have shown that SARS-CoV-2 can be released into the surrounding air through the patient’s respiratory tract activities (such as coughing, breathing, and speaking) to form droplets of different particle sizes, and can exist for a long time in a relatively enclosed place (3, 4, 7). Until now, the effectiveness of aerosol transmission of the Omicron strain has not been investigated.

Aerosol transmission of SARS-CoV-2 is more likely to occur in enclosed spaces. In an enclosed place with enclosed spatial form of walls and roofs and nearly stationary air flow, virus released from source of infections can persist and accumulate, and susceptible people can be exposed to high concentration of virus and get infected. Besides size range and enclosed spatial form of walls and roofs, we also need to consider the microclimate and environment. In the real world, aerosols with viruses released from patients can remain alive in ambient air, and then cause infection among susceptible people who inhale the aerosols, this suspension time which can result in transmission of COVID-19 should be considered as effective aerosol suspension time. The aerosol suspension time in ambient air in a complex real-world environment determines the ability of the virus to spread. Under experimental enclosed conditions, the measured half-life of SARS-CoV-2 in aerosols can reach approximately 3 h (8, 9). Unlike the half-time of SARS-CoV-2 in experimental conditions, the effective aerosol suspension time in the real world is difficult to measure.

A cluster of more than 100 infections was identified to be related to the Qingkou night market in the Zhejiang Province. The environment of night market is complicated, presenting intersections of relatively open environments, dense customer flow, microclimates, and other factors. In such a severe COVID-19 outbreak, it is essential to analyze the transmission routes.

We retrospectively analyzed the possible transmission routes of the database on infections of the Qingkou night market cluster outbreak to explore aerosol transmission routes in a non-tightly enclosed space and to estimate the suspension time of real-world aerosols in ambient air.



2. Materials and methods


2.1. Study design and setting

During the prevention and control of this outbreak, the Centers for Disease Control and Prevention (CDCs) and Public Security Bureau (PSBs) oversaw epidemic analysis and strategy assessment. Staff in the CDCs and PSBs were responsible for the epidemiological investigations of infections. To identify infections’ sources of infection and close contacts, we conducted epidemiological interviews with infections and their guardians. We conducted a field investigation on the specific areas in the night market where infections had visited.

Environmental samples in stalls were collected on August 2, and samples in the public washroom were collected on August 7. According to the Technical Guidelines for the Collection and Testing of 2019 Coronavirus Specimens in China, the sampling swab was fully infiltrated with the virus preservation solution and then was applied repeatedly on the surface of sampling sites, the swab was put back into the sampling tube for infiltration and was applied again. This collection process was repeated more than three times for one sampling site. The sampling sites included surface of the stalls where index cases (ICs) had shopped or stayed, surface of facilities in public washroom (doorknob, sink, urinal pools, and toilet seat). These samples were then subjected to SARS-CoV-2 Quantitative Real-time polymerase chain reaction (PCR) testing (Agilent 7,500) using the 2019-n CoV-2 nucleic acid detection kit (Wuhan Easy Diagnosis Biomedicine Co., Ltd.).



2.2. Variables

We collected demographic characteristics of infections, information on nucleic acid tests, clinical information, schedule in the last 4 days before diagnosis of COVID-19, close contacts in the last 4 days before diagnosis of COVID-19, and transaction records in the Qingkou night market on July 31. To protect infections’ privacy, we omitted the infections’ personal identities and replaced them with serial numbers.



2.3. Participants

We defined the study population as COVID-19 infections who were in direct contact with the Qingkou night market on July 31. We went through every infection’s records to screen for patients who had been exposed to the Qingkou night market. The ICs were identified as N1, N2, and N3; these were confirmed COVID-19 patients who introduced an epidemic in the Qingkou night market.

Secondary cases were customers and stallholders who had been exposed to the Qingkou night market on July 31 and were infected. Exclusion criteria included: (1) individuals who had been to districts where COVID-19 cases were reported within 14 days before being exposed to the Qingkou night market on July 31; (2) individuals who had close contact with COVID-19 infections or infections’ close contacts within 14 days before being exposed to the Qingkou night market on July 31; and (3) individuals who had long-term symptoms such as chronic pharyngitis, fever, sore throat, and other symptoms of respiratory disease within 14 days before being exposed to the Qingkou night market on July 31.



2.4. Statistical methods and epidemiological analysis

We described and analyzed the distribution of the characteristics of secondary cases, such as age, sex, and incubation period. We drew the curve for the time of onset of symptoms of cases and analyzed information from the nucleic acid test and the schedule of ICs and secondary cases. Based on the above, we analyzed the sources of infection in secondary cases related to the Qingkou night market.

According to transaction records, we compared the exposure duration of secondary cases in the Qingkou night market and detention time of the ICs to calculate the time intersection. We analyzed the time interval between the secondary cases and ICs’ transaction records to estimate the aerosol suspension time in ambient air. For the same secondary case, he/she could have several transaction records at different times in one specific area where the ICs have been stayed; therefore, different time intervals could be calculated. It is rational that shorter time intervals are more likely to represent higher concentrations of aerosol residues; therefore, we chose the shorter time interval among the different time intervals of one secondary case to calculate the aerosol suspension time.




3. Results


3.1. Basic information for Qingkou night market

The Qingkou night market is well known among the local population. Function areas contained dining and sundries areas. The dining area (area C) was located in the southwest of the night market, with an area of 190 m × 200 m. The dining area had 69 stalls that sold different types of street food. The Sundries area (areas A and B) was a street with an area of 272 m × 13 m. The Sundries area had 189 stalls with dimensions of 3 m × 1.5 m. Stalls in Area A mainly sold clothes, shoes, hats, and other sundries, whereas stalls in Area B mainly sold clothes (Supplementary Figures S1, S2).

South of the night market, was one building with two floors. The Police Box and Administration Office were on the first floor and a large public washroom was on the second floor.

In the summer, the Qingkou night market opened from 17:00 to 24:00 and could accept approximately 5,000 customers per night. During the day, the stalls were closed, and the aisles in the night market were used for normal traffic.

On the night of July 31, it was cloudy, the temperature was 27°C and the relative humidity was 85%. There was no sustained wind direction, and the wind speed was light air to light breezes. Most of the stalls had big umbrellas.



3.2. Index cases

Patient N1 was 40 to 50-year-old, working and living with three family members in Jiangxi and Guangxi Province. N1 went to Zhejiang Province on July 29 with her two family members. On July 31, another immediate family member of N1 was diagnosed as a confirmed COVID-19 patient in Guangxi Province. N1 underwent nucleic acid tests on July 31 and August 1 respectively, and the results were negative. On August 2, N1 underwent a nucleic acid test and was diagnosed with COVID-19. The cycle threshold values of N1 were as follows: N:17.34/ORF:16.71. Phylogenetic analysis revealed that N1 was infected with the BA.5.2 strain. N1 had fever (39°C) on July 30.

N2 and N3 were N1’s immediate family members; N2 had fever (38.5°C) on the afternoon of August 1, and was diagnosed as a confirmed patient on the afternoon of August 3 (N:18.89/ ORF:21.09). N3 had fever in the early morning of August 2, and was diagnosed as a confirmed patient on August 3 (N:16.08/ORF:20.07).

ICs entered the Qingkou night market at 19:17 on July 31 and they stayed in the area of sundries, went to the dining area at 20:05, and left the night market at 20:21.



3.3. Demographic characteristics of secondary cases

A total of 131 secondary cases were identified, including 113 customers and 18 stallholders. Among the 131 secondary cases, 79 (60%) were women. The youngest case was 1 year old, and the oldest was 73 years old; the median age of secondary cases was 30 (20, 38) years. There were 64 cases who belonged to 26 families (Table 1).



TABLE 1 Characteristics of the 131 secondary cases in Qingkou night market.
[image: Table1]



3.4. Analysis of source of infection

Infection status: Owing to the normalized nucleic acid detection strategy, all citizens must perform nucleic acid tests once a week. For at least 2 weeks before patient N1 was diagnosed with COVID-19, no COVID-19 infection was identified in the local district.

Infectious ICs: N1-3 had been to a restaurant at 21:49 of July 29, and the owner (also as a server) of the restaurant was diagnosed as a confirmed patient on August 2. The owner had another source of infection. While the ICs were in the Qingkou night market on July 31, N1 reported that she wore a mask when they stayed in the sundries area, but removed the mask in the dining area. N2 and N3 did not wear masks during the entire duration of the Qingkou night market.

Distribution of the onset of symptom/detection positive by nucleic acid testing of infections: among the 131 infections, all had been exposed to the Qingkou night market on July 31; 21 patients had been exposed to the night market twice (on July 31 and August 1 or on July 31 and August 2); and 9 patients had been exposed to the night market three times (on July 31, August 1, and August 2; Figure 1A). The distribution of the onset of symptom/detection positive by nucleic acid test showed that two secondary cases experienced symptoms on August 1 and August 2, and the number of cases increased rapidly, reaching a peak on the incidence curve on August 3. The incidence curve showed a unimodal distribution of cases, regardless of customer or stallholder (Figure 1B).

[image: Figure 1]

FIGURE 1
 (A) Date of onset of symptoms/detection positive by nucleic acid test of 131 secondary cases in the Qingkou night market by exposure times. (B) Date of onset of symptoms/detection positive by nucleic acid test of 131 secondary cases in the Qingkou night market by category of cases.


Detection of environmental samples: The CDC conducted two detections in different areas, 15 sites of environmental samples were obtained prior to the disinfection process (on August 3) in stalls of the Qingkou night market on the night of August 2; another 40 sites of environmental samples were obtained after the disinfection process (on August 3) in the public washroom of the night market on the afternoon of August 7. The results showed that all the samples were negative.


3.4.1. Analysis of 18 stallholders’ possible infection zones

During the opening hours, stallholders stayed at their stalls most of the time and could be exposed to droplets from ICs when they stayed or passed by stalls or disseminated aerosols in ambient air. Among the 18 stallholders, 14 worked in the sundries area, five had been in the dining area and had meals, and four stallholders worked in the dining area. Stallholders in the sundries area who had been to the dining area might have also had contact ICs or were exposed to ICs’ droplets or aerosols in the dining area.



3.4.2. Analysis of 113 customers’ possible infection zones


3.4.2.1. Possible infection zone one

Within a certain duration, customers shopped at the same stall as ICs, and they could be infected through close proximity with ICs or directly exposed to residual aerosols exhaled by ICs. In the dining area, ICs just purchased food and paid by mobile payment software, then they left specific stalls and ate while walking through the dining area. We considered that the tables, chairs of the specific stalls would be highly unlikely to be contaminated by droplets and aerosols exhaled by ICs. If customers arrived at the same stall after the ICs had left, any chance of close contact at the stall could be eliminated; thus, contact and droplet transmission could be eliminated. Customer infections can be identified as aerosol transmissions (Figure 2).

[image: Figure 2]

FIGURE 2
 An overview of possible transmission zones one to four.


In total, among the 334 customers, nine customers who shopped at the same stalls as ICs were infected; the incidence of secondary cases was 3% (9/334), and they shopped at the same time or later than ICs (Table 2). N146, N262, and N263 were family members, and had duplicate payment records for stalls B59-60 and A81. For this family, we selected the shorter time interval (41 min) between the payment records of the ICs’ and secondary cases’ as the aerosol suspension time interval. Therefore, the aerosol suspension time was at least 5 min, and up to 41 min.



TABLE 2 Payment records and incidence in divided periods of secondary cases in customers.
[image: Table2]



3.4.2.2. Possible infection zone two

Compared to the other functional zones, the dining area was much smaller. When customers removed masks and consumed meals at the same time as ICs or a certain period after ICs, they could be exposed to aerosols exhaled by ICs and become infected. If customers arrived at the dining area after the ICs had left, contact and droplet transmission could be eliminated and aerosol transmission could be identified (Figure 2).

We obtained the transaction records for 64 secondary cases in the dining area. Among them, the payment and dining times of 35 secondary cases intersected with the duration of time that ICs spent in the dining area.

There were 13 secondary cases whose dining times were later than the ICs’ departure times. The longest time interval (2 h 39 min) was for N152, who was the husband of N130. The couple visited different areas of the night market at different times on July 31. N130 had fever on August 2. N152 was detected as positive by nucleic acid testing in August 5, without any clinical symptoms. The possibility of transmission between family members cannot be ignored. If we consider that N152 was infected by N130 via living together and exclude this outlier, the time interval was at least 4 min, and up to 1 h 39 min (Figure 3).

[image: Figure 3]

FIGURE 3
 Duration of 64 secondary case with transaction records in dining area.


Possible infection zone two could not explain why 16 secondary cases had already left the Qingkou night market before the ICs entered the dining area.



3.4.2.3. Possible infection zone three

Customers could not only be exposed to aerosols exhaled by ICs at stalls in the dining area but also be exposed at stalls in the area of sundries. If customers arrived in a specific area after the ICs had left, contact and droplet transmission could be eliminated, and aerosol transmission could be identified (Figure 2).

During the collection of infections’ transaction records, we obtained 76 secondary cases with definite transaction records from the Qingkou night market. Among them, 12 secondary cases only had transaction records in sundries area, and all their payment time had intersections with ICs’ duration in sundries area; 36 secondary cases only had transaction records in dining area, and eight of them had meals later than ICs’ departure time; 28 secondary cases had transaction records in sundries area and dining area, among them, four cases’ duration in sundries area or dining area had no intersection with that of ICs.

The time interval between these 12 secondary cases and ICs was at least 4 min, and up to 1 h 39 min (Table 3).



TABLE 3 Secondary cases whose duration in a specific area had no intersection with that of the ICs.
[image: Table3]



3.4.2.4. Possible infection zone four

In fact, customers could not only be exposed to aerosols exhaled by ICs at stalls, but also during their movement in the entire market. If customers arrived at the night market after the ICs had left, contact and droplet transmission could be eliminated and aerosol transmission could be identified (Figure 2).

We calculated the duration of secondary cases in the entire market and compared the duration of secondary cases with that of ICs. The results showed that 102 out of 113 customer secondary cases had definite entry and departure times in the night market. Among them, 93 secondary cases had an intersection with the ICs, and nine secondary cases had no intersection with the ICs. The results showed that the time interval could be up to 1 h 39 min (the longest time interval of 2 h 39 min was eliminated) (Supplementary Table S1; Supplementary Figure S4).

Possible infection zone four could not explain why seven secondary cases had already been left before the ICs entered the same area. In addition, eight secondary cases had stayed in the night market during the ICs’ duration, without transaction records; three secondary cases had walked through the night market during the ICs’ duration. According to their description and researchers’ field investigations, it takes 10–20 min to walk through the night market.






4. Discussion

In theory, a night market should be considered as an open space because it lacks a clear physical partition. Therefore, with great caution, we analyzed why such a large outbreak occurred in the Qingkou night market. (1) Unlike typical enclosed places, such as elevators and residential stairwells, the environment of the Qingkou night market is more complicated. The aisles became narrow, with densely arranged stalls (most of the stalls had big umbrellas), when the night market opened. The dining area was relatively enclosed, with smaller areas and walls. On the night of July 31, customers could not feel the wind in the night market; thus, the wind speed could be considered as 0.0–0.03 m/s and ambient air was steady and the area poorly ventilated. The Qingkou night market can be identified as a semi-enclosed space without typical physical partitions. (2) Phylogenetic analysis showed that ICs were infected with the Omicron BA.5.2. The effective reproduction number (Re) of BA.4 and BA.5 are 1.19 and 1.21 times of BA.2 respectively, which is mainly due to mutations of spike L452R/M/Q (10). In addition, the Qingkou night market could accept approximately 5,000 customers per night; this dense customer flow also provided a large number of susceptible individuals. (3) The unimodal incidence curve suggested that the outbreak was exposed to the same source of infection. Although 30 individuals were exposed to the night market on August 1 or August 2, no other peaks were observed in the incidence curve. Therefore, it is logical that such a serious outbreak could occur in the Qingkou night market.

The ICs remained in the night market for 1 h and 4 min. They were already infectious before July 31, and could release droplets and aerosols over the entire period via various respiratory activities (such as coughing, sneezing, speaking, and breathing), as N1 had developed clinical symptoms before July 31 (11–13). In such a noisy environment, they inevitably spoke loudly and released significant amounts of droplets and aerosols (14–16). Sima Asadi’s study showed that the particle emission rate during speech was positively related to the loudness of vocalization (16). The moving lines of the ICs and susceptible populations were complicated. Therefore, the main routes of transmission could be via contact, close-range droplets, and aerosols.

In each possible transmission zone, if customers arrived in the same area after the ICs left, any chance of close contact at the stall could be eliminated; thus, contact and droplet transmission could be eliminated. Customer infection could be identified as aerosol transmissions. Possible transmission zone one to three which were based on transaction records, explained 58% of the infection routes. Obviously, many customers had passed by or stayed at specific stalls or aisles without payment for anything. Smaller aerosol particles can travel further in the ambient air. Bourouiba et al’s study showed that aerosols produced by sneezing and coughing can travel as far as 7–8 m (17). Smaller aerosol particles can remain airborne for a longer time before setting by gravity (17, 18).

Nucleic acid testing was not able to identify ICs’ infection status in time. The operation of nucleic acid sampling might have vulnerabilities, and nucleic acid testing might show false negative results due to the mutation of the virus. From possible transmission zones one to four, the details of transaction records gradually decreased, but the number of cases whose infection routes could be explained increased. Each transmission route has its own limitations and unexplained aspects. Although we traced patients’ moving lines using transaction records via payment software and investigation results, recall bias was inevitable. The environmental samples were collected at least 2 days after the outbreak in the night market and were all negative; therefore, it was difficult to verify the range of aerosol dissemination. SARS-CoV-2 could be stable in a short time in the night market environment with a relatively high temperature (19) and adequate ventilation in the daytime. Our conclusion that this outbreak was a point source outbreak also confirmed that no residual aerosol existed in ambient air or on the surface of stalls after July 31.

This outbreak of COVID-19 in Qingkou night market has confirmed that aerosols can spread further and stay in ambient air for a long time in a place that is not strictly enclosed, but shorter than that in experimental conditions. In a less-enclosed place like the Qingkou night market, aerosols containing the BA.5.2 strain released by patients could suspend in ambient air for up to 1 h 39 min and still be contagious. The aerosol suspension time in air must be considered to expand the time range in the process of identifying close contacts.

In addition, the mutation of the SARS-CoV-2 continues, and its transmission ability is increasing (20–23). Moreover, the limitations of regular personal physical containment strategies (such as wearing masks) have gradually appeared. The global pandemic of COVID-19 still persists and it is important to discover more technical details like aerosol suspension time for normalized prevention and control strategies.
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Objectives: There is limited data regarding the prevalence of suicidal risk among physicians during COVID-19, and the risk factors relating to it. Dominant risk factors for suicide among physicians are depression and burnout. Maladaptive perfectionism may also serve as a profound risk factor for suicidality among physicians and may aggravate symptoms of distress under the challenges of COVID-19. This study aims to evaluate current suicidal risk, suicidal ideation, depression, and burnout before and during COVID-19 among physicians in Israel, and to identify the best sets of correlates between perfectionism and burnout, depression and suicidal ideation, during these time periods.

Methods: A sample of 246 Israeli physicians (160 before COVID-19 and 86 during COVID-19) completed online surveys assessing lifetime suicidal risk, suicidal ideation during the last year and current suicidal ideation, depression, burnout symptoms and maladaptive perfectionism.

Results: More than one-fifth of the sample (21.9%) reported high suicidal risk (Lifetime suicidal behaviors). More than one-fourth (27.2%) reported suicidal ideation during the last 12 months; and 13.4% reported suicidal ideation during the last 3 months. In addition, more than one-third (34.6%) exhibited moderate–severe levels of depressive symptoms and more than a half of the sample reported burnout symptoms. Maladaptive perfectionism was positively correlated with current suicidal ideation, burnout, and depression. Moderated serial mediation analysis demonstrated indirect effect of perfectionism on suicidal ideation by its impact on burnout and depression only during COVID-19. Before COVID-19, physicians were more likely to experience depressive symptoms.

Conclusion: Physicians in Israel are at increased risk for depression and suicidal ideation, regardless of the COVID-19 pandemic. Maladaptive perfectionism was found to be a risk factor for burnout, depression, and suicidal ideation. During the first waves of the pandemic, physicians were less likely to experience depressive symptoms. However, among physicians who were characterized with high maladaptive perfectionism, depression served as a significant risk factor for suicidal ideation during the pandemic, which places these individuals at increased risk for suicidality. These results highlight the importance of implementing intervention programs among physicians to reduce suicidal risk and to better identify rigid perfectionism and depressive symptoms.
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 physicians, COVID-19, perfectionism, suicidal ideation, suicidal riskfactors, practitioner burnout


Introduction

Physicians are routinely exposed to environmental and professional stressors that may increase mental health problems. These include a heavy workload, workplace conflicts, functioning under life and death emergencies, and other stressors associated with depression and suicidal behaviors (1, 2). In addition to these ongoing challenges, the Coronavirus 2019 (COVID-19) outbreak destabilized physicians’ work conditions and sense of security (3, 4) and has led to unprecedented adversities among physicians, who, according to the literature, were an at-risk group for suicidal ideation and behaviors prior to the epidemic (5, 6). Amidst the growing public concern surrounding the impact of the COVID-19 epidemic on physicians’ mental health, it is important to highlight the existing dearth of information regarding the specific effect of COVID-19 on physicians’ suicidal risk (7). Moreover, studies conducted during COVID-19 report high levels of stress reaction symptoms among medical staff, including high frequencies of depression, anxiety (8–11) and burnout (11). However, studies that compare distress symptoms among physicians prior and during COVID-19 are scarce. These findings call for further exploration regarding the prevalence of physicians’ suicidal risk, and the factors relating to it, before and during COVID-19.


Perfectionism and other risk-factors for suicide among physicians, before and during COVID-19

Although there is abundance of research regarding risk factors for suicide among physicians, there are few studies which examine the effect of personality characteristics, which may be prevalent among physician population, on physicians’ suicidal risk. Specifically, there is a lack of research exploring the interrelationships between multiple risk factors for physician suicidality.

The literature has identified several risk factors that are consistently associated with physician suicidal behaviors. Among the multitude of factors examined in various studies, two have emerged as particularly dominant in their association with physician suicide.



Depression

Depressive symptoms were reported in high rates among medical trainees and attending physicians compared to the general population (5, 12). These symptoms tend to exacerbate, because physicians’ population usually avoid seeking help for their mental distress (13). Thus, untreated depression was found to be the most dominant risk factor in predicting deaths by suicide among physicians (14).



Burnout

The World Health Organization defines burnout as an occupational syndrome which is caused by an extreme mental and emotional reaction to work-related stress. Burnout is characterized by high emotional exhaustion, high depersonalization, and a low sense of personal accomplishment (15). Burnout is found in high rates among physicians (16, 17) and has been reported to play a dominant role in predicting depression and suicidal behaviors among this population (18, 19).



Perfectionism

Perfectionism is a personality trait that is considered as a positive quality (20), one that appears to be required to undertake the challenges of physicians’ training. However, research suggests that perfectionism is a multidimensional component which includes maladaptive dimensions that are strongly associated in the general population with depression, hopelessness, and suicidal ideation (21, 22). Frost (1990) defined two of these dimensions as Concern over Mistakes (CM) – the tendency to relate mistakes with personal failure, and Doubts about Action (DA) – tendency to self-doubt and uncertainty. Both were shown to represent aspects of excessive maladaptive perfectionism and were related to symptoms of psychopathology (22). This extreme or maladaptive perfectionism may be prevalent, especially among physicians and medical trainees, owing to their striving for excellence in training, leading them to feel vulnerable and overwhelmed (23). Accordingly, initial evidence demonstrates that maladaptive perfectionism is associated with depression and suicidal ideation among medical students (24). Therefore, expanding the knowledge regarding perfectionism and its contribution to suicidal behaviors is imperative to understand suicide among physicians. During the COVID-19 outbreak, maladaptive perfectionism may have constituted a more salient risk factor for depression and suicide, owing to the uncertainty and the sense of helplessness, which characterized a physicians’ work. The current study explored the effect of maladaptive perfectionism on physician burnout, depression, and suicidal ideation, and sought to identify pathways associated with physician suicidal ideation before and during COVID-19.



The present study

The study presented in this article was a part of comprehensive research initiated before the COVID-19 outbreak in Israel, which examined risk factors for suicidal risk among physicians. The study evaluates the effect of maladaptive perfectionism on suicidal ideation among physicians, and identifies trajectories from perfectionism to current suicidal ideation, prior and during COVID-19. Also, this article evaluates the frequencies of suicidal ideation and lifetime suicidal risk among physicians in Israel, and examines the prevalence of physicians’ current suicidal ideation, depressive and burnout symptoms before COVID-19 and during the subsequent outbreak. Three hypotheses were tested: (1) Physicians would report higher frequencies of current suicidal ideation, depressive symptoms, and burnout symptoms during COVID-19 than prior to COVID-19. (2) Maladaptive perfectionism would be positively associated with higher frequencies of depressive symptoms, burnout, and current suicidal ideation among physicians. (3) Study findings suggest a predictive model to identify the pathway between maladaptive perfectionism and suicidal ideation. COVID-19 would affect the association between burnout and depressive symptoms with current suicidal ideation among physicians characterized by high maladaptive perfectionism.




Methods


Procedures and ethical considerations

Following the receipt of Institutional Review Board (IRB) approval, we commenced the recruitment process by utilizing snowball sampling to gather participants from the pool of physicians. This involved initially approaching Israeli medical organizations and hospitals to access their mailing lists and social media platforms. Snowball sampling allowed us to extend our reach and engage with a wider network of physicians who may be interested in participating in our study. By employing this method, we aimed to ensure a diverse and representative sample of physicians for our research. All respondents participated in the study voluntarily and anonymously, after giving their consent, through computerized self-report questionnaires. All participants were given a referral sheet with the researchers’ contact information, as well as information for mental-health services, if needed.

All translated versions of the measurement tools have been validated in published articles for the Israeli language.



Materials

1. Suicidal risk was measured via the Suicide Behaviors Questionnaire revised (SBQ-R) (25). This instrument comprises four items, each covering a different dimension of suicidality: lifetime suicidal ideation and attempts; the frequency of suicidal ideation over the preceding 12 months; the threat of suicide attempts; self-reported probability of suicidal behavior in the future. Items scored on a Likert scale were summed for a final score, that ranged from 3 to 18. High scores represent greater risk for suicidal behaviors. A score of 7 or higher is considered as screening positive for “lifetime suicidal risk,” because it maximizes the rates of sensitivity and specificity for lifetime suicidal risk in non-clinical samples (25). In this study, the internal consistency of the SBQ-R was acceptable (α = 0.73).

2. To assess suicidal ideation during the last year, the second item in the SBQ-R “How often have you thought about killing yourself in the past year?” was used. The responses range from 1 (“never”) to 5 (“very often – five times or more”). In the current study, any response over 1 (at least once) was considered positive for suicidal ideation during the last 12 months.

3. Current suicidal ideations were estimated by the question: “During the last three months have you experienced thoughts about killing yourself / end your life? (Check: Yes/No).” Current suicidal ideation was calculated for any participants who checked “Yes” for experiencing suicidal ideation during the last 3 months.

4. Depression was assessed with the standardized and validated PHQ-8 (26). The total score is between 0 and 24 points. A total score of 0–4 represents no significant depressive symptoms. A total score of 5–9 represents mild depressive symptoms; 10–14, moderate; 15–19, moderately severe; and 20–24, current severe depression (27). In the study, a cut-off score of 10 or higher was used in order to screen positive for depressive symptoms, since it was useful in maximizing the sensitivity and specificity rates for measuring moderate–severe symptoms of depression (28). In this study, the internal consistency of PHQ-8 was good (α = 0.84).

5. Burnout symptoms were assessed via Maslach Burnout Inventory-Human Services Survey (MBI-HSS) (29). This 22-item questionnaire has three subscales evaluating three domains of burnout: emotional exhaustion (EE)- nine items (e.g., “I feel emotionally drained from my work”), depersonalization (DP) – five items (e.g., “I do not really care what happens to some patients”), and personal accomplishments (PA) – eight items (e.g., “I feel I’m positively influencing other people’s lives through my work”). All items are scored from 0 to 6 (“never” to “every day”). In this study, the added sum of EE and DP scales were used to measure burnout. The PA scale was not used in data analysis since it was considered in previous research to be less associated as a measure of burnout symptoms that are caused by work-related stress (30). In this study the cut-off scores of each scale, representing various aspects of burnout symptoms, were defined by norms for medical professionals used in previous research. Thus, screening positive for EE is defined as total score of 27 and above at this subscale, and screening positive for DP is defined as total score of 10 and above at this subscale (29). In this study, the internal consistency of MBI total score was excellent (α = 0.90), and the internal consistencies of each of the scales were good (EE α = 0.79, DP α = 0.88).

6. Maladaptive perfectionism was measured with The Frost Multidimensional Perfectionism Scale (FMPS), which is one of the most validated and widely used questionnaires for measuring perfectionism (31). It includes 35 items rated on a 5-point Likert-type scale, and measures six dimensions of perfectionism, which considered adaptive and maladaptive. In the current study the added sum of two maladaptive perfectionistic attitudinal scales were used: Concern over mistakes (CM) and Doubts about action (DA). In this study, the internal consistency of the two scales’ total score was good (α = 0.87), and the internal consistencies of each of the scales were acceptable (CM α = 0.87, DA α = 0.76).

7. Demographic data, including stage of professional training (internship, residency, or attending physicians), gender, age, and marital status were obtained from all participants. The study’s time of participation was divided into two groups: before COVID-19 (participation before March 2020—the beginning of the first quarantine in Israel) and during COVID-19 (participation after the beginning of the first quarantine).



Data analysis

Data were analyzed using IBM SPSS statistics version 26 (32), with an alpha level of 0.05 for all statistical tests. First, data were analyzed for missing data. Little’s Missing Completely at Random test (4MCAR test) (33) was non-significant, χ2 (19) = 19.76, p = 0.409, indicating that data were missing completely at random. Therefore, the maximum likelihood was used to manage the missing data, which was lower than 1.5% for all values. Differences of background variables by time (before and during COVID-19) were analyzed. An independent sample t-test was used for continuous variables and a Chi-square (χ2) test for independence or Fisher’s exact test [FIT] for categorical variables were used. In addition, Zero-order correlations were performed for associations among continuous variables. Lastly, moderated serial mediation analysis was conducted using the PROCESS macro for SPSS [model 92; (34)] in order to examine the best fitting moderated-mediation model for suicidal ideation during the last 3 months (No versus Yes). Percentile confidence intervals (CI) were estimated for the indirect effects based on 5,000 bootstrap samples of the study’s group, beyond time (before and during COVID-19). In the analysis, maladaptive perfectionism served as the independent variable, burnout and depression scores as the mediators (in serial), time (dummy coded: 0 = before COVID-19; 1 = During COVID-19) as the moderator and SI during the last 3 months as the dependent variable. Family status, stage of training (two dummy coded variables: resident and attending with intern as the reference group for both dummy variables), age and gender, served as covariates. Following Aiken and West (1991), maladaptive perfectionism, burnout and depression were mean-centered.




Results


Sample

The sample included 246 physicians from various internships and hospitals in Israel who completed the survey (11.4% interns, 52.8% residents, and 35.8% attendings). Slightly above one-third (35%) of participants completed the survey after the initial COVID-19 outbreak in Israel on March 2020 (between the end of April 2020 and January 2021), while 65% of the participants completed the survey prior to the outbreak (between January and the beginning of March 2020). Most participants were married (82.5%), and their mean age was 37.75 (SD = 9.10). There were no significant differences in demographic data among the two groups (before and during COVID-19) (p > 0.05) (Table 1).



TABLE 1 Background and clinical characteristics of the study groups.
[image: Table1]



Participant clinical characteristics

Of all participants, 22.0% screened positive for lifetime suicidal risk, 27.2% had experienced suicidal ideation at least once during the previous year, and 13.4% had experienced suicidal ideation during the last 3 months. Moreover, 34.6% of all participants reported moderate to severe depressive symptoms, 56.5% had screened positive for emotional exhaustion, and 50.8% for depersonalization symptoms. Physicians were more likely to experience depressive symptoms before the outbreak than during COVID-19. No other significant differences were found before and during COVID-19 (all p’s > 0.05) (Table 1).



Correlations between study variables

Current suicidal ideation was positively correlated with maladaptive perfectionism, burnout, and depression before and during COVID-19. Moreover, burnout and depression were positively associated with maladaptive perfectionism and each other, before and during COVID-19. Correlations were found among perfectionism, burnout, depression, and suicidal ideation (during the last 12 and 3 months) before and during COVID-19 (Table 2).



TABLE 2 Means, standard deviations, and correlations among study variables by time.
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Moderated serial mediation analysis model

As presented in the model (Figure 1), the interaction between depressive symptoms and time on current suicidal ideation was marginally significant (B = 0.24, SE = 0.12, p = 0.051), showing a positive and significant association during COVID-19 compared to non-significance before COVID-19 time period.

[image: Figure 1]

FIGURE 1
 Moderated serial mediation model depicting the indirect effect of maladaptive perfectionism on suicidal ideations conditional to time (before and during COVID-19). N = 246. Values are unstandardised regression. In parentheses: standard errors. Solid lines indicate significant paths and dashed lines indicate nonsignificant paths. Pre, Before COVID-19; During, During COVID-19. **p < = 0.01. ***p < = 0.001.


The effect of maladaptive perfectionism on burnout and depression was positive and significant, and not statistically different between before and during COVID-19 (B = 0.24, SE = 0.21, p = 0.248 and B = 0.02, SE = 0.07, p = 0.828, respectively). The effect of maladaptive perfectionism on current suicidal ideation was non-significant and was not moderated by time (B = −0.10, SE = 0.07, p = 0.168).

In addition, the effect of burnout on depression was positive and significant, and not statistically different between before and during COVID-19 (B = 0.002, SE = 0.04, p = 0.966). The effect of burnout on suicidal ideation was non-significant and was not moderated by time (B = 0.04, SE = 0.04, p = 0.390).

As for the conditional indirect effects, the indirect effect of maladaptive perfectionism on suicidal ideation via burnout and depression was non-significant before COVID-19 (B = 0.004, SE = 0.01, bootstrapped 95% CI: −0.01, 0.02). As mentioned above, percentile confidence intervals (CI) were estimated for the indirect effects based on 5,000 bootstrap samples of the study’s group. In contrast, the serial indirect effect was positive and significant during COVID-19 (B = 0.04, SE = 0.17, bootstrapped 95% CI: 0.01, 0.58), meaning, that higher maladaptive perfectionism predicted higher burnout, which in turn predicted higher depression, which subsequently predicted higher likelihood of current suicidal ideation. Moreover, the index of moderated mediation was significant (B = 0.03, SE = 0.17, bootstrapped 95% CI: 0.003, 0.57), thus supporting the moderating role of time on the serial indirect effect. Controlling for demographic characteristics of age, gender, family status, and stage of training did not contribute to any statistically significant changes in the model, with one exception of the direct effect of maladaptive perfectionism on current suicidal ideation, which became marginally significant (B = 0.06, SE = 0.03, p = 0.080).




Discussion

This study forms part of a broader cross-sectional research endeavor aimed at investigating the relationships between personal and professional risk factors and their impact on physicians’ suicidal thoughts and behaviors. During the initial phase of participant recruitment, COVID-19 emerged in Israel, presenting physicians with unprecedented and challenging circumstances that had a profound effect on both them and their environment. It is reasonable to assume that individual characteristics would influence the stress response and distress experienced by physicians in the face of these adversities. Consequently, this article presents a unique opportunity to explore the association between maladaptive perfectionism and burnout, depression, and suicidal ideation among physicians, both before and during the COVID-19 pandemic. Additionally, this study seeks to estimate the prevalence of suicidal risk and suicidal ideation among physicians during these distinct time periods, offering valuable insights into the impact of the pandemic on their mental well-being.


Maladaptive perfectionism and its relation to burnout, depression and suicidal ideation

A main aim of the current study was to explore the effect of maladaptive perfectionism on physicians’ distress and suicidality. Our hypothesis posited that perfectionism would be a prominent risk-factor under the uncertainty and frustration that took place in physicians’ working environment during the initial outburst of COVID-19 (35). Hence, a model was suggested that would examine how maladaptive perfectionism effects physicians’ current suicidal ideation through its effect on burnout and depressive symptoms before and during COVID-19. Indeed, high maladaptive perfectionism is associated with higher rates of burnout, which in turn is associated with higher rates of depressive symptoms, before and during COVID-19. These results complement the literature discussing the risk that rigid and extreme forms of perfectionism poses for physicians’ mental health (23). While the correlation between maladaptive perfectionism and suicidal ideation was found to be highly significant, it is important to note that maladaptive perfectionism did not show a direct association with suicidal ideation, both before and during the COVID-19 period. This suggests that maladaptive perfectionism alone does not independently contribute to the prevalence of suicidal ideation. However, an intriguing finding emerged during the COVID-19 period, where burnout and depression mediated the relationship between maladaptive perfectionism and suicidal ideation. This indicates that, specifically during this challenging and stressful time, high levels of maladaptive perfectionism may lead to suicidal ideation through the pathway of increased depression. In essence, the interplay between maladaptive perfectionism, burnout, and depression becomes particularly salient during times of heightened stress, such as the COVID-19 pandemic. Considering the overall reduction in symptoms of depression among the sample during the initial waves of COVID-19, it was concluded that during these times it is imperative to identify physicians who are characterized with high maladaptive perfectionism, because they could be at an increased risk for depression and suicide. Interventions aimed at treating physicians who suffer from depression should consider perfectionism a central factor for change that will lessen suicidal risk.



Suicidal risk among physicians before and during COVID-19

Although research evidence and literature reviews over the years suggest that physicians are vulnerable to mental disorders and suicidal thoughts and behaviors, there is a lack of updated evidence-based data regarding physicians’ suicidal risk, especially during the COVID-19 outbreak (36). Moreover, recent publications that studied physician population prior to COVID-19 have reported contradictory findings regarding physician suicide rates, such as a decline in suicide over the last decades compared to the general population (26, 37, 38). Thus, there is a need to further investigate physician suicidal behaviors rates, as well as the prevalence rates of central risk-factors that contribute to suicidality among physicians. The current study’s results demonstrate high prevalence of lifetime suicidal risk among physicians in Israel, compared to other findings among the general population (39). These results are compatible with some evidence worldwide regarding physicians’ suicidal risk (40). The findings suggest prevalence rates of prolonged and current suicidal ideation among medical professionals in Israel, which are higher than other reported suicidal ideation rates among the general population (41–43) and among physicians worldwide, before as well as during the initial outbreak of COVID-19 (44). The high rates of suicidal ideation found in the current study among physicians highlight the importance of further investigation of the specific working conditions in the country’s medical system. A possible explanation for the elevation in suicidal ideation among the study’s population, could be related to several incidents of physician deaths by suicide that had occurred in Israel close in time during the year preceding the study, which had a shocking effect on physicians. Both the research and clinical literature suggest an emotional “contagion” in suicide (45, 46), which approximates the time-period of the current research that may have affected the results (47).

Contrary to the initial hypothesis of the reported study, there were no significant differences in suicidal ideation among physicians before and during the outbreak. There is a need to further explore possible explanations for these findings, perhaps through narrative studies and interviews with physicians. One explanation may be related to the fact that the study was conducted during the first waves of the COVID-19 outbreak in Israel, and that physicians may have felt a sense of meaning and importance in their work. These results resonate with Joiner’s “pulling together” phenomena that occurs during initial outbreaks and other times of crisis (48). Other explanations could be related to individual characteristics and predispositions that were not explored in this study, such as physicians’ years of professional experience (49), and history of military service, which is mandatory in Israel and may provide more resiliency in times of crisis (50). The results are compatible with other studies that found no changes concerning suicidality before and during the first waves of COVID-19 among the general population (51, 52). Some studies even found a reduction in suicidal behaviors during the initial outburst of the pandemic (53). However, studies that have been conducted during later stages of the epidemic among the general population reported an initial reduction of suicidality, followed by a rise of suicide cases during later waves (54, 55). Accordingly, medical staffs may have experienced a lapse in the sense of meaning and importance in later waves of the pandemic (56), while still facing its enduring challenges (57). That change may aggravate their distress and burnout, and eventually expose them to additional risk for suicide.



Depressive symptoms and burnout before and during COVID-19

High rates of depressive symptoms were found among the study participants, regardless of COVID-19. These rates are higher than those reported among the general population (58), which included the outbreak in Israel and worldwide (59). However, they are compatible with some recent studies among physicians and medical trainees (60, 61). About one-half of the total sample reported experiencing clinically significant burnout symptoms, that are associated with depression and suicidal ideation (62). The findings call for further investigation regarding the professional and individual reasons for which many physicians experience substantial mental distress.

The present findings suggest that physicians’ distress during the first months of the COVID-19 outbreak did not change significantly and, to some extent, might have improved, as shown by the reduction in rates of depressive symptoms among the sample. Although evidence suggest high rates of burnout, anxiety, and depression among physicians during the outbreak (11), these high frequencies of depression and other mental disorders may reflect physicians’ overall mental health beyond the impact of COVID-19. Few studies have reported that during the first waves of the pandemic, physicians who were treating COVID-19 patients experienced lower levels of burnout symptoms (63, 64). It can be postulated that physicians who worked during the initial waves of COVID-19 held a higher sense of purpose, as has been shown in studies regarding other outbursts (56). Moreover, during the beginning of the COVID-19 crisis, physicians in Israel were given a wider systematic and social support, as the public and the media applauded their work, aiding medical staffs to improve their working conditions. In addition, during COVID-19 initial outbreak, many hospitals made systematic changes in physicians’ schedules and shifts (65), which may have minimized sleep deprivation. Moreover, hospitals provided medical staffs with personal protective equipment that could have reduced anxiety symptoms (66). These changes may have had a positive impact on physicians’ mental state and well-being.




Conclusion

In the current study, high rates of suicidal ideation, depression and burnout symptoms were found among physicians in Israel, before and during COVID-19. These results reflect the vulnerability of physicians to mental distress, and the need to engage in systematic interventions to promote their overall well-being, beyond the specific challenges of COVID-19. These results highlight the importance of recognizing maladaptive perfectionism as a risk factor for poor mental health outcomes in physicians, especially during times of heightened stress and adversity. The identification and implementation of effective intervention programs should take into account the impact of maladaptive perfectionism and its potential role in exacerbating mental health challenges among physicians. By addressing maladaptive perfectionism within such programs, healthcare organizations and institutions can better support physicians’ well-being and mitigate the risk of suicidal ideation. Despite the adversities of the initial outbreak, physicians’ overall mental state during this time period had not changed and even improved in certain aspects. It can be assumed that the social support provided for physicians during the initial waves of the pandemic, had a central role in protecting their well-being. However, considering the provision of routine services needed during the prolonged battle against COVID-19, the public and systematic support physicians are receiving is thinning, while their workload continues to rise. This could place them in additional risk for mental illness and suicidality.


Limitations

The study has several limitations: First, is the use of self-reported measures. The self-reporting in the questionnaires might have affected the findings of high depression/suicidal ideation. We suggest that future research concerning physicians’ suicidal ideation should include standardized interviews to make psychiatric diagnoses. Second is the study’s cross-sectional design, which limits conclusions regarding causality. Longitudinal studies could overcome this prominent issue in future studies. Moreover, as the survey was distributed through e-mail and social media to hundreds of physicians, it was challenging to determine the study’s exact response rate. Still, it can be assumed it was substantially low, in accordance with other studies concerning physicians (67). While the recruitment method employed in our study is commonly accepted in research conducted among the physician population, it is important to acknowledge the limitations associated with the relatively small sample size and snowball sampling technique. These limitations restrict the generalizability of the findings and may introduce sampling bias, potentially impacting the accurate representation of symptoms of psychopathology among physicians. Additionally, it is worth noting that the questionnaire was distributed a few months prior to the onset of the COVID-19 outbreak in Israel, and during the initial waves of contagion. As the pandemic unfolded, there were significant changes in the work environment of physicians and the overall public response to the crisis, which could have influenced the results. Therefore, the findings of our study reflect the initial reaction of the physician population to the outbreak. Future research may provide a more comprehensive understanding of the mental state of physicians across different stages of the pandemic, allowing for a more nuanced assessment of the long-term impact of COVID-19 on physicians’ mental well-being. Finally, the relatively small sample size of physicians collected during the pandemic prevents further analysis of differences between subgroups of interest, such as first-year interns or intensive care unit physicians who were treating most cases of COVID-19 patients. However, findings from other studies in Israel that were conducted during the pandemic, suggest that emergency department physicians reported lower levels of burnout compared to physicians in internal departments, even though they were more exposed to COVID-19 patients (50).

Nonetheless, to the best of our knowledge, the current study is one of the first to address the contribution of maladaptive perfectionism to physicians’ mental distress and suicidal risk. Also, it is one of the first to provide updated information regarding suicidal risk among physicians in Israel, and to estimate the effects of COVID-19 on physicians’ suicidal ideation and depression, compared to their mental state prior the pandemic. The results demonstrate that the battle against COVID-19 was a part of a broader picture of physicians’ adversities and mental distress. Hence, there is a need for organization-directed interventions that will promote physicians’ supportive working environments during their routine work, as well as during crisis. The results also highlight the role of maladaptive perfectionism in the development and maintenance of burnout, depressive symptoms, and suicidal ideation among physicians. These findings are applicable to better identify physicians at risk and to promote intervention programs that will moderate rigid perfectionism.
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Objectives: Non-pharmaceutical interventions (NPIs) implemented on China-bound travel have successfully mitigated cross-regional transmission of COVID-19 but made the country face ripple effects. Thus, adjusting these interventions to reduce interruptions to individuals’ daily life while minimizing transmission risk was urgent.

Methods: An improved Susceptible-Infected-Recovered (SIR) model was built to evaluate the Delta variant’s epidemiological characteristics and the impact of NPIs. To explore the risk associated with inbound travelers and the occurrence of domestic traceable outbreaks, we developed an association parameter that combined inbound traveler counts with a time-varying initial value. In addition, multiple time-varying functions were used to model changes in the implementation of NPIs. Related parameters of functions were run by the MCSS method with 1,000 iterations to derive the probability distribution. Initial values, estimated parameters, and corresponding 95% CI were obtained. Reported existing symptomatic, suspected, and asymptomatic case counts were used as the training datasets. Reported cumulative recovered individual data were used to verify the reliability of relevant parameters. Lastly, we used the value of the ratio (Bias2/Variance) to verify the stability of the mathematical model, and the effects of the NPIs on the infected cases to analyze the sensitivity of input parameters.

Results: The quantitative findings indicated that this improved model was highly compatible with publicly reported data collected from July 21 to August 30, 2021. The number of inbound travelers was associated with the occurrence of domestic outbreaks. A proportional relationship between the Delta variant incubation period and PCR test validity period was found. The model also predicted that restoration of pre-pandemic travel schedules while adhering to NPIs requirements would cause shortages in health resources. The maximum demand for hospital beds would reach 25,000/day, the volume of PCR tests would be 8,000/day, and the number of isolation rooms would reach 800,000/day within 30 days.

Conclusion: With the pandemic approaching the end, reexamining it carefully helps better address future outbreaks. This predictive model has provided scientific evidence for NPIs’ effectiveness and quantifiable evidence of health resource allocation. It could guide the design of future epidemic prevention and control policies, and provide strategic recommendations on scarce health resource allocation.
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1. Introduction

COVID-19 has created a global challenge that demands researchers, policymakers, and governments address multiple dimensions which go far beyond the implications of human health and well-being (1–4). Scientific evidence has indicated that non-pharmaceutical interventions (NPIs) are effective measures to contain a pandemic and ease pressures on healthcare systems (5–7). NPIs are actions, apart from getting vaccinated and taking medicine, that people can take to help slow the spread of illnesses, also known as mitigation strategies (8–10). It includes travel restrictions, contact tracing, PCR tests, measures in social distancing, personal protection, and quarantines (6, 11, 12). The implementation of such interventions while maintaining social stability is a challenge to all countries. As a country consisting of more than 1.4 billion or 18% of the world’s population, China’s high population density, high volume, speed, and non-locality of human mobility would provide perfect conditions for the virus to spread (13, 14). When highly transmissible Delta and Omicron variants resulted in massive surges in COVID-19 cases from December 2021 (15, 16), China saw the largest spike for the past 2 years, despite determinedly pursuing one of the world’s strictest virus elimination policies. When a local COVID-19 case occurred, mandatory interventions would be taken to cut off the transmission chain and terminate the outbreak in time to achieve maximum effectiveness with minimum cost. After years of exploration, such strategies’ implementation received remarkable results in containing regional cases (17, 18). However, it required extensive community involvement, government funding guarantees, application of new technology, motivation, and constraint mechanisms. Such a strategy created indefinable impacts on regional social development (19, 20). Thus, knowing how to maximize the advantages of strategy in outbreak control while avoiding damaging the development of the country was critically important. Due to the combined use of NPIs in the strategy, we decided to quantify the impact of different NPIs. Extensive research was conducted by using a time-varying modeling-informed approach and focusing on the following three interventions in this paper: inbound flight restrictions, PCR tests, and centralized quarantine measures.

Severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) viral spread patterns were shaped by the high volume of cross-country mobility networks (21). In response to the pandemic, China reduced inbound flight schedules from 10,000 per week in 2019 to 500 per week in recent years (22), and international arrivals were reduced from approximately 162.5 million in 2019 to 30.4 million in 2020 (23). In July 2021, the aviation authority updated requirements—passengers were required to complete a PCR test within 5 days of embarkation and provide negative test results before boarding, as the government tried to further reduce the risk of imported cases (24). However, from July 1 to July 31, 2021, 1,213 confirmed COVID-19 cases were reported across the country, compared with 1,893 cases in August and 1,264 cases in September (25). Although travel restrictions and PCR tests were proven as useful practices (26), the theoretical basis of those strategies and how to strategically align them with a country’s development was not studied.

There was a high level of agreement that the adoption of travel measures led to important changes in the dynamics of the early phases of the COVID-19 pandemic (27). Flight restrictions may have led to additional reductions in the number of exported and imported cases on the international scale, but such limitations (up to 90% of traffic) had only a modest effect unless combined with a 50% or higher reduction of transmission in the community (28). With the occurrence of domestic COVID-19 outbreaks, the association between international travel and the implementation of NPIs has not been identified. NPIs such as centralized hospitalization for mild and moderate patients could reduce disease transmissions and enhance protection for healthy and unhealthy individuals (29, 30). Nevertheless, the efficacy of mandatory isolation for international travelers at a designated place in a given period was not discussed. Research on Hong Kong-bound air passengers indicated that home quarantine was less effective than a centralized quarantine strategy initially but showed similar efficacy in the later phase (31). However, the effectiveness of self-isolation, transmission rate within the family cluster, related disease burden, and consumption of public health resources were not mentioned. According to a study published by United States Centers for Disease Control and Prevention, the transmission of SARS-CoV-2 among household members was common, and secondary infection rates were higher and occurred rapidly, with approximately 75% of infections identified within 5 days of the index patient’s illness onset (32). Substantial transmission occurred whether the index patient was an adult or a child, leaving no one healthy enough to help other family members.

Mathematical models and time series analyses have been widely used to study the pandemic and predict the trend. Researchers used a time-dependent SIR model to track the transmission and recovery rate at time [image: image] and presented less than 3% of one-day prediction errors (33). But the effects of NPIs were not discussed in the research. Another time-varying SIRD model was also developed to capture possible changes in the epidemic behavior, due for example to containment measures enforced by authorities or modifications of the epidemic characteristics and to the effect of advanced antiviral treatments in Italy (34). However, the research team did not take the interaction effects between containment measures and international travel bans into consideration. To infer more accurate parameter estimates and reduce uncertainties, scholars used real datasets of COVID-19 cases via an SEIR model with time-varying transmission and reporting rates to perform 1-week ahead predictions and generated more realistic interpretations (35). Despite that, this model was designed to predict the number of under-reported active cases not for NPIs evaluation, strategic planning, and resource allocation.

Thus, we would develop epidemiological models to simulate the domestic spread of SARS-CoV-2 sparked by passengers who had followed NPIs, such as inbound travel restrictions, quarantine measures, and PCR tests. However, the traditional epidemiological models fail to show the real-time implications of NPIs implementations, delayed symptoms, and test results. To present the time-varying effects, we developed a homogenous hybrid dynamic Susceptible-Infectious-Recovered (SIR) model to quantify such implications. The model can capture multiple data resources rather than a single dataset and generate a more robust estimation of the underlying dynamics of transmission from noisy data. Furthermore, it clearly described the synergistic effects of multiple interventions, such as face masks and social distancing. By combining an improved SIR model with four datasets collected from July 21 to August 30, 2021, we explored the sustained human-to-human transmission relationship between the inbound travelers and the domestic outbreaks under effective NPIs. Based on the simulation results, we formed a comprehensive model to quantify the impact of each NPIs and predicted the trend of future outbreaks based on the implementation of these NPIs. The goal was to ① explore the relationship between the imported cases and the development of the domestic epidemic, ② discuss how to adjust existing prevention and control strategies based on our findings, and ③ prepare sufficient health resources in advance while preventing health systems become overwhelmed. Moving forward, we would like to explore the balance point in epidemic prevention and international travel restrictions that could minimize the disruptions to social development.



2. Materials and methods


2.1. Model assumptions for consideration

The total population was 1,411,478,724 except for Hong Kong, Macau, Taiwan, and about 300,000 who are naturally immune (36).

• Assuming that the population is closed, meaning that there are no births and deaths. Population migration status change is considered during the study period, but they are dynamically stable, then

[image: image]

• Assuming the population is homogeneously distributed and individuals mix uniformly.

• Assuming that the infectiousness of symptomatic and asymptomatic individuals is the same in a real-world scenario (37).

• Assuming that the recovered patients are negligible during the early stage of the pandemic and their presence will likely not affect the disease transmission (38–40).

• Assuming that symptomatic and asymptomatic cases will be moved into convalescence after rehabilitation due to COVID-19 immunity after infection.

• Assuming the effect of vaccines, average delays between symptom onset and test results are constant.

• Assuming all inboard and abroad travelers have performed the PCR tests, centralized quarantine, and completed treatments at designated hospitals.



2.2. A homogenous hybrid network-based model of SARS-CoV-2 transmission

The SIR model was used to model the spread of infectious diseases among a fixed population. This classic compartment model divided the population into susceptible (S), infected (I), and recovered (R) individuals and track the transitions of individuals among these states. It is a deterministic model of a homogeneous population with well-mixed interactions. Since China is continually updating its prevention and control measures, we extend the SIR modeling framework to nine classes: susceptible ([image: image]), carried ([image: image]), asymptomatic infected ([image: image]), symptomatic infected ([image: image]), recovered ([image: image]), quarantined ([image: image]), dead ([image: image]), immigrated ([image: image]), and emigrated ([image: image]) to study the SARS-CoV-2 transmission on dynamic networks. Especially asymptomatic infected ([image: image]) are individuals who show no symptoms but PCR test positive, and virus-carrier compartment ([image: image]) represents individuals who show no symptoms and PCR test negative but infectivity. Furthermore, quarantined ([image: image]), immigrated ([image: image]), and emigrated ([image: image]) compartments are designed to analyze the effectiveness of NPIs, such as the inbound flight restriction, PCR test, and centralized quarantine.

In the system of improved SIR model (Figure 1), [image: image] represents the percentage of inbound passengers. They are required to stay in a designated place for X days upon arrival and receive closed-loop care. A portion [image: image] of [image: image] will move to [image: image], a portion [image: image] of [image: image] will move to [image: image], and a portion [image: image] of [image: image] will move to [image: image]. Once they entered into the susceptible group [image: image], there is a risk ratio [image: image] of [image: image] to move some of them into [image: image] and diagnosed as [image: image] or [image: image] by the transfer rate of [image: image] and [image: image] respectively. In addition, a portion [image: image] of [image: image] determined by close contact and sub-close contact tracing will move to quarantined [image: image]. In the meantime, a portion of [image: image] and [image: image] represent the [image: image] will move to [image: image] and R. With the above, since population fraction in compartments [image: image] varies with time [image: image] (in days), we assume S(t) + C(t) + Q(t) + Ia(t) + Is(t) + Li(t) + Le(t) + R(t) + D(t) = N(t)==N, the following kinetic equation is obtained. Initial values, conditions, and descriptions are presented in Table 1.
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FIGURE 1
 Improved SIR model on SARS-CoV-2 transmission. Dashed lines are influence parameters refer to a real-world scenario where the untraceable infections were reported. For example, untraceable infections that caused by contaminated cold-chain products θ2 and infections rate θ1(t) that trigger local outbreaks. Solid lines are transition probability of compartments. Parameters α0(t), λ, δi and δq are related to the NPIs implemented for China-bound travelers and α1, α2, and α3 are the outbound parameters; ri,di are the recovery rate and qr is the death rate; p, β, ε, eq, qi are the transition probability. Furthermore, the arrows represent the direction of transition/influence between compartments. With above, the initial values and detailed values are presented in Tables 1, 2.




TABLE 1 Initial conditions description for models.
[image: Table1]



2.3. The designed functions are related to fitted parameters

Multipronged interventions have considerable positive effects on minimizing the spread of outbreaks, decreasing the reproduction number, and reducing total infections. To further clarify the mechanism of interventions and additive effect on epidemic, parameters [image: image], [image: image], [image: image], and [image: image] related to the NPIs implemented for China travelers are constructed in the improved SIR model. Especially [image: image] is a comprehensive parameter determined by the parameter [image: image] related to interventions PCR test and the parameter [image: image] related to inbound flight restrictions. The parameters [image: image], and [image: image] are dependent on centralized quarantine measures. Those four dependent variables are mainly changed by the independent variables, i.e., [image: image], [image: image], [image: image], and [image: image]. [image: image]represents the validity period of the PCR test, [image: image] is the number of international flights, [image: image] is the strength of the centralized quarantine measure, [image: image] is the weight parameter related to the incubation period of SARS-CoV-2.

[image: image] as the main explanatory variable, signifies the proportion of the population migrating to China from other countries. We have modeled the population entry rate via the contribution of the validity period of the PCR test and the restrictions on international flights according to the characteristic of immigration by actual data tracing, shown as the formula (1):

[image: image]

To simulate the number of international flights, we set parameters [image: image] and [image: image] varying with time [image: image]. [image: image] represents the contribution of the effective duration of the PCR test and [image: image] represents the contribution of the number of inbound flights on population entry rate at time [image: image]. Then we find [image: image] is linear to the weight parameter [image: image](43), and the weight portion is [image: image] times the reciprocal relationship with the number of inbound flights [image: image] and is logarithmic with the effective duration of nucleic acid testing [image: image](44). [image: image] is linear to the weight parameter [image: image], and the weight portion is [image: image] times reciprocal relationship with the effective duration of the PCR test by fitting to the data (45):
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[image: image] is the weight parameter only affected by the effective duration of the PCR test [image: image]. After we draw a curve of best fit, we find the effects of PCR test validity period setting are in line with the logarithmic function. This means the virus incubation period could influence the test validity period (46). When the test validity period is shorter than the incubation period, the effect of the validity period of the PCR test conforms to the significant variation part of the logarithmic function, so set [image: image]. If the test validity period is longer than the incubation period, the effect of the validity period of the PCR test conforms to the gently part of the logarithmic function, so set [image: image].
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The parameter [image: image] is the release ratio at the end of the quarantine, which follows an exponential distribution with parameters[image: image] and [image: image](47):
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The parameter [image: image] is the probability of the quarantine measure to the symptomatic infectious individuals, and the parameter [image: image] is the probability of the quarantine measure to the asymptomatic infectious individuals (48). Additionally, [image: image], [image: image], [image: image], [image: image], [image: image], and [image: image] are all the fitting parameters, we also derive the 95% confidence interval (CI), which is shown in Table 2:
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TABLE 2 Estimated parameters description for models.
[image: Table2]

In the context of infectious disease control, curtailing interactions between infected and susceptible populations, reducing the infectiousness of symptomatic patients, reducing the susceptibility of susceptible individuals, and scaling up such intervention coverage to accommodate rapid increases in the number of suspected cases are well-known strategies for minimizing pandemic spread (49). China has adopted measures conforming to China’s conditions based on the strategic theory, i.e., local management. When an outbreak occurs, a local management strategy will be implemented in that particular city. To model the local management policy concretely, dynamic parameter [image: image] varying with time is introduced to the improved model. The parameter is determined by the number of cities with infected cases and the population of each city. To enhance the generation ability of the model, we set the city size equal to 4,000,000 residents (50). Since the centralized quarantine strategy of inbound flights is managed in a closed loop, and researches show the majority of domestic outbreaks were caused by contaminated imported cold-chain food (51, 52) which was less traceable, we set [image: image] as the probability of infection caused by cold-chain propagation.
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2.4. Data resource

July 21, 2021, was set as the starting date of this study. The initial value of [image: image] was collected from the Seventh National Population Census. The initial values of existing symptomatic cases [image: image], existing asymptomatic cases [image: image], existing suspected cases [image: image], cumulative recovered individuals [image: image], and cumulative deaths [image: image] were captured from July 21, 2021, based on the National Health Commission of China reports. [image: image] and [image: image] were collected from VariFlight since July 21, 2021. Since the incubation period is around 4 days, the existing virus-carried cases [image: image] were set to equal to the new domestic case count after (0 + 4) days, i.e., July 25, 2021. Based on VariFlight data and travel requirements, all international flights’ capacity were set to equal to 50% of the original capacity. For better versatility, the average population for medium-sized cities in China was set as 4,000,000 (53).



2.5. Parameters setting and parameters estimation

According to VariFlight, there were an average of 16,707 inbound immigrants and 12,310 outbound emigrates per day. Deidentified aggregated data collected from July 21, 2021, to August 30, 2021, was used to fit the inbound parameter [image: image], the outbound parameters [image: image], and [image: image](54). To study the impact of the scenario with the normal inbound flights on the domestic outbreaks and economic development, we collected the historical data from July 1 to 14, 2019, to simulate the future flow trend of inbound travelers, observe the development trend of COVID-19 and summarize recommendations.

Theoretically, without considering the epidemiological characteristics of SARS-CoV-2, this generic improved SIR model could provide estimation with the above parameters ([image: image]). Parameters [image: image] and [image: image] were defined via reference (40). However, as the Delta variant continued to mutate, the early transmission rate [image: image] was lower than the current variation (Table 3). In addition, the average incubation period of the Delta virus was about 4.4 days and about two-thirds of those infectious cases were symptomatic (55), corresponding to [image: image], as a result, we set the transfer rate [image: image] as 1/4.4*2/3. Furthermore, according to the study report (53), the average recovery period was between 14 and 28 days, thus we set [image: image] and [image: image] equal to (1/28, 1/14). Lastly, historical data has shown zero deaths during the selected period, so [image: image] was set as zero.



TABLE 3 SIR model stability analysis.
[image: Table3]

To investigate how NPIs implementation impacts the outbreak duration or the turning point, the logic parameters ([image: image], [image: image], [image: image], [image: image], [image: image], [image: image], [image: image], [image: image], [image: image], [image: image], [image: image], [image: image], [image: image]) associated with fitting functions were estimated by Monte Carlo Stochastic Simulation (MCSS) approach. To get the probability distribution for variables related to population behaviors, a large number of simulation repetitions were needed to stabilize the frequency distributions. Parameters were randomly generated within a range equal to their best fit to the observed data or literature via efficient Python software, then we ran the MCSS method with 1,000 iterations to derive the probability distribution of those variables. Finally, we obtained the initial values and estimated parameters of the model, and listed parameters, initial values, as well as corresponding 95% CI in Table 2.

We further compared the prediction results with three training datasets to determine their final parameters solution aiming to minimize RMSE. To verify the validation of the SIR model and estimated parameters, we compared the model with the testing dataset. Predictive results indicated that the estimated values were in very good agreement with real reported data and that the estimated parameter values can be used to predict the future development trend of COVID-19 in mainland China.




3. Results


3.1. Model verification of reliability, stability, and sensitivity

Figures 2A–D were simulated based on existing symptomatic, suspected, and asymptomatic cases and cumulative recovered individual datasets, reported by the National Health Commission of China from July 21, 2021, to August 30, 2021. The reported existing cases were set as training datasets to generate (Figures 2A–C). Reported cumulative recovered individuals were used as a testing dataset to generate (Figure 2D). To verify the model’s reliability, root mean square error (RMSE) was adopted to cross-validate the predicted results and the real-world results. Since a smaller RMSE result refers to a better fitting result, by putting the weight vector quantity (1,0.1,1) to training datasets to reach a goal of minimum RMSE, we obtained the optimal parameters solution. Finally, for reliability verification, the optimal parameters were assigned to the target model to obtain the predicted results and compare it with the trend of cumulative recovered individuals.
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FIGURE 2
 (A–D) Model fitting and real-world data comparison. Panels (A–D) were the verification results of model parameters inputting, compared existing symptomatic cases, existing suspected cases, existing asymptomatic cases, and cumulative recovered individual datasets, from July 21, 2021 to August 30, 2021 based on the National Health Commission of China reports. Additionally, dotted lines were the 95%CI of prediction results, solid lines were the prediction results by model inputting, and original points were the statistical data from the National Health Commission of China reports. Moreover, the RMSE of (A) is equal to 194.35; the RMSE of (B) is equal to 6733.59; the RMSE of (C) is equal to 46.54; and the RMSE of (D) is equal to 283.57.


To verify the model’s stability while generating the best model fitting result, we identified the equilibrium point between variance and bias, and set the value of ratio (Bias2/Variance) in the interval [0.5,1.3], based on bias-variance dilemma theory (Table 3).

The sensitivity of NPIs on infected cases was tested in this section. Since the amount of three intervention combinations was 2,197, it was unrealistic to observe the effect of simultaneous changes on infected cases. In this paper, the changing influence of each NPIs on infected cases was observed while the other two NPIs maintain normal. Especially, Based on July 21, 2021, to August 30, 2021, NPIs requirements ([image: image]), We completed sensitivity analysis on each travel-related intervention with input parameters, for example, the parameters [image: image]，[image: image] of validity period setting of PCR test, the parameters [image: image], [image: image] of the control of inbound flights, and the parameters [image: image], [image: image], [image: image], [image: image], [image: image], [image: image], [image: image], and [image: image] of the strength of centralized quarantine. To quantify the parameter sensitivity of each intervention, we set the number of infected cases caused by current travel interventions as N*. Then the intensity of each intervention was set to vary around its mean 20%, to derive Ni. We calculated the relative error of input parameters of each intervention according to the formula [abs(N*−Ni)/N*], as listed here (Table 4). We could observe that the input parameters sensitivity of the validity period setting of the PCR test was the highest, and the sensitivity of the control of inbound flights was the lowest. Thus, the results showed the input parameters of the PCR test were more stable than the other two types of input parameters.



TABLE 4 SIR model sensitivity analysis.
[image: Table4]



3.2. Demand for health resources

The prevalence of COVID-19 worldwide will increase the risk of local transmission. Our model has described a scenario on how to allocate health resources in preparation for possible outbreaks when international flights have been reduced from 1,366 to 79. Figure 3 showed the predictive demand for hospital beds, PCR test volume, and centralized isolation rooms.

[image: Figure 3]

FIGURE 3
 (A–I) Health resource demand prediction based on number of inbound flights. Panels (A–C) show the demand for hospital beds, PCR tests, and isolation rooms in a real-world scenario where the daily inbound flight is equal to 79. Panels (D–F) simulate the changes when inbound flights are 160, a scenario where the current requirements have been slightly lifted. Panels (G–I) present results when the number of inbound flights is 1,366, a scenario with no inbound flight restrictions.


Firstly, Figures 3A,D,G showed how the number of international flights impacts hospital bed demand. We stipulated the number of beds in use was configured to be equal to the number of infected individuals to visualize hospital bed occupancy based on the China CDC’s requirements (56).

Figures 3B,E,H simulated the demand for PCR tests, which was achieved by the product of the obtained number of virus carriers and their highest transmission coefficient. Lastly, Figures 3C,F,I indicated the isolation rooms demand varies with the number of inbound flights. Based on the current quarantine requirements, one person per private hotel room, we could configure the isolation rooms in unit proportion with the isolated population.

Based on the analysis, we found that when the number of international flights was doubled (x1 = 160), the number of hospital beds in use would increase by 83%, the PCR test volume would increase by 44%, and the number of isolation rooms in need was doubled. The results showed that the growth in the number of international flights had the greatest impact on isolation room demand. When the number of international flights increased from 79 to 1,366, the demand for hospital beds raised to 25,000/day, the PCR test volume was up to about 8,000/day, and 800,000/day isolation rooms within 30 days were in need in preventing the spread of the epidemic. Our simulation results indicated that, under those epidemic prevention and control strategies, China was not ready to fully resume pre-pandemic international travels due to excessive demand for health resources. Additionally, the prevalence of COVID-19 in the surrounding countries would increase the probability of a sizable domestic outbreak. To prevent excess demand for health resources, the implementation of an aggressive disease prevention and control strategy was recommended.

As the virus continues to evolve, China is likely to readjust its preventive policies, we will discuss how these future modifications would impact the spread of disease and demand for health resources in the follow-up study.



3.3. Effectiveness of NPIs and risk warning of domestic outbreaks

Our retrospective model has indicated that NPIs on travel requirements have successfully contained the spread of the virus. In this section, we will discuss the control of the number of inbound flights, the validity period setting of PCR tests, and the strength of centralized quarantine. By observing and analyzing changes in the number of infected cases and level of intervention implementation, the result will show the effectiveness of NPIs and risk warning of future domestic outbreaks.


3.3.1. The validity period setting of PCR test

Figure 4 shows that with the increase of validity period setting of PCR test, the number of symptomatic and asymptomatic infected cases will continue to grow until converging to a stable state presenting no effect of the intervention. Figure 4 shows there are no major fluctuations in the number of infected cases when the validity period of the PCR test is in a 4-day window. However, when we adjust the validity period to 7 days and more, the number of infected cases will be in a stable state. Our results show it is necessary and urgent to set a PCR test time requirement before travelers’ arrival. Secondly, the simulation shows that the validity period of the PCR test is closely related to the incubation period of the Delta variant, thus, the test validity period is suggested to be set within 4 days. To maximize impacts, the validity period should not exceed 7 days.

[image: Figure 4]

FIGURE 4
 The validity period setting of PCR test vs. infected cases count.




3.3.2. The control of inbound flights

Figure 5 reveals the relationship between the number of inbound flights and the infected case count. As the number of international flights increases, the number of infected cases would grow exponentially. In this part, we adjust the inbound flight number from 20 to 180 with arithmetic progression and proportional sequence. The simulation results show when the inbound flight number equals 79 per day, there will be approximately 2,411 infected cases. When the inbound flight number exceeds 180 per day, the number of infected cases would rise to 4,715. When the number of inbound flights equals 1,366 per day, the daily infected cases would achieve 30,501. These results supported the following conclusions: first, the simulation results show that the change in flight numbers has a greater impact than other interventions, thus, limiting the number of inbound flights is the most effective intervention in preventing local transmissions. As a result, the adjustment of the intervention should be considered carefully, because the change in 3–4 infected cases count could trigger a local outbreak under the current severe international situation (47).
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FIGURE 5
 The number of inbound flights vs. infected cases count.




3.3.3. The strength of centralized quarantine

Figure 6 shows how centralized quarantine influences the number of infected cases. With the extension of the quarantine period, the number of infected cases will continue to grow. It can be observed that the impact of the intervention is still remarkable within threshold 35 on preventing the spread of the epidemic and the number of infected cases is converging to a stable situation when exceeding threshold 35. The model also indicates that 17 days of centralized quarantine would effectively prevent disease spread. The quarantine benefit will diminish after 17 days benchmark and reach a stable state after 35 days.
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FIGURE 6
 The strength of centralized quarantine vs. infected cases count.




3.3.4. Comprehensive review of all interventions

Figure 7A simulated the interaction of the strength of centralized quarantine and the validity period setting of PCR test on the development of domestic epidemic in the current number of inbound flights scenario. Under two scenarios, where the number of restricted inbound flights was equal to 79 and the number of recovered normal inbound flights was 1,366, the 3-day of validity period setting would cause more local infected cases compared with the 2-day setting, especially in the recovered normal inbound flights scenario in Figure 7B. To quantify the difference in the infected cases between 2(79)- and 3(79)-day in the restricted scenario, we used RMSE to measure the gap, deriving about 53.431. For the small difference between 2(1366) and 3(1366)-day in the recovered scenario, RMSE is 1.0377. Thus, the 2(79)-day PCR test was recommended for the flight-restricted scenario and the 2(1,366) or 3(1,366)-day test was recommended for a normal schedule.
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FIGURE 7
 (A,B) The strength of centralized quarantine and the validity period setting of PCR test.






4. Discussion


4.1. Application of the improved SIR model from a macro perspective

Studies performed in the United Kingdom and the United States indicated that the effectiveness of any single NPIs was likely to be limited, combining multiple interventions was worthy of further study (57). Scholars also indicated that the effectiveness of travel bans in reducing the spread of infectious diseases, and the relative effectiveness of NPIs for controlling the pandemic has gone largely unstudied (58, 59). Therefore, our proposed model played a significant role in estimating the combined effects of NPIs implementation and predicting the demand for isolation rooms, PCR test volume, and hospital beds. The results could provide scientific guidance for nationwide strategic planning and policy implementation and also bridge the theoretical gaps between international travel controls and related effectiveness of the NPIs.

On one hand, we analyzed how inbound flights would impact the distribution of health resources in response to a possible local outbreak. The model quantified the impact of local virus carriers that supported PCR testing arrangements for community screening. The number of infected cases and quarantined population could support the allocation of hospital beds and the configuration of isolation rooms. Thus, we recommended that the government should restore inbound flight numbers appropriately with sufficient medical supply in response to the increase in daily infected cases.

On the other hand, our model and related results provided scientific evidence that supported the design and implementation of existing interventions. The results indicated that comprehensive interventions of a two-day PCR test, 79 inbound flights per day, and 17 days of centralized quarantine were effective in stabilizing domestic disease transmission. In addition, the modeling effort also provided theoretical advice for future adjustment. When the epidemic prevention and control goal is to treat and monitor the health status of all infected individuals, limiting the inbound flight number to a small scale is recommended. When the priority is to treat severe and critical cases in hospitals and monitor the health status of individuals who have mild or no symptoms at home, resuming a regular inbound flight schedule is recommended.



4.2. Application of the improved SIR model from a micro perspective

The risk estimation of COVID-19 importation can be applied to identify the effectiveness of travel-related control measures (60). However, the connection between imported cases and local outbreaks was not studied. In our model, parameters [image: image] and [image: image] were key factors to understand and mitigate domestic outbreak risks, and also represented mathematical logic interaction associated with the domestic outbreak and global pandemic status. Going further, the current improved SIR model provided more heuristic thinking for constructing new models for domestic outbreaks affected by various factors.



4.3. Application of the improved SIR model at other variants of SARS-CoV-2, such as omicron

The new variant SARS-CoV-2 Omicron demonstrated partial vaccine escape and high transmissibility, with early reports indicating lower severity of infection (47) and reduced risk of hospitalization (61) than pre-existed variants. We would like to extend the delta-focused simulation model and related control strategy parameters to Omicron and discuss the applicability and sustainability of the continued implementation of such strategies in combating the new variants in our future research.



4.4. Limitations

Our study has several limitations. First, our model did not consider individuals’ preventative behaviors. Secondly, we only considered the nationwide prevention strategies and did not dive into detailed strategies enacted at the province and city levels. To minimize such impacts, we adopted reasonable assumptions about epidemiological parameters and aspects of human behaviors that contributed to disease transmission. Although the results showed that our conclusions were remarkably robust, this model was highly sensitive to the quality of input parameters. Thus, we cautiously selected parameters and values based on literature research results and research data. In the proposed homogeneous hybrid model, the population and individuals were distributed and mixed homogeneously and uniformly. Disturbances, such as economic status, political environments, living environments, cultural influences, etc. remained the same. In the meantime, the transmission coefficient, and average delay between symptom onset and test results were constant, and the effect analysis of vaccines, the reporting delays, and testing delays were not captured, which would lead to the requiring hospitalization or developing severe COVID-19 stochastic by nature. Since the purposed model was set to make conservative predictions, when a new variant presents different severity, infectiousness, and immune escape features, we need to convert the purposed model with updated parameters and generate up-to-date predictions. Finally, the model neglected the stochastic effects at low-case numbers. When imported infections were reported, especially when testing was required, having or not a population-scale outbreak was a matter of probabilities; differential equation models cannot capture this accurately. Furthermore, for a disease like COVID-19 with such an over-dispersed individual variation of infectiousness (62), outbreaks were likely to die out if very few cases were introduced (63).



4.5. Conclusion

Our finding indicated that restriction on inbound flight numbers played a key role in preventing and controlling the epidemic, but the combined use of other NPIs would maximize the effect in preventing additional transmission. Centralized quarantine days should be set in between 17 to 35 days for the Delta variant. The validity period of the PCR test was related to the disease incubation period, and the valid time should be less than 7 days. In addition, when the disease incubated, the PCR test period did not have a significant impact on epidemic control. More importantly, the model estimated that if recovering the pre-pandemic inbound travel strategy in 2019, the number of hospital beds would reach 25,000 per day, the volume of PCR tests would be 8,000 per day, and the isolation capacity would be nearly 800,000 per day within 30 days to maintain the same achievement of preventing outbreaks. All in all, our improved model, which can robustly generate scenarios, will help understand the tradeoffs between different strategies, and further guide the health resources preparation and allocation.
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Introduction: Although early inpatient and post-hospital rehabilitation is recognized as necessary, not all COVID-19 patients have access to rehabilitation. There are no published reports in the literature that investigate the outcomes of patients who do not receive rehabilitation after COVID-19. Our aim was to evaluate possible improvements in determinate functional and psychological parameters in COVID-19 patients two months after their hospital discharge.



Methods: On both time points various motor, cognitive, and clinical measurements such as body composition, tensiomyography, blood pressure, spirometry, grip strength test, Timed Up and Go test, gait speed, 30-second chair-stand test, and Montreal Cognitive Assessment, were performed. Additionally, questionnaires such as the SARC-CalF test, Edmonton frail scale, International Physical Activity questionnaire andThe Mediterranean Lifestyle index were conducted to assess lifestyle characteristics.



Results: A total of 39 patients (87.2% male; mean age of 59.1 ± 10.3 years), who were hospitalized due to COVID-19 at the Izola General Hospital (IGH), Slovenia between December 2020 and April 2021, were included. Patients were assessed at two time points (T1 and T2): T1 was taken after receiving a negative COVID-19 test and T2 was taken two months after T1. After two months of self-rehabilitation, we have detected a BMI increase (p < .001), fat free mass increase (p < .001), better Edmonton frail scale (p < .001), SARC-CalF score (p = .014) and MoCA score (p = .014). There were no detected changes in lifestyle habits nor in physical performance tests.



Discussion: It is already known that COVID-19 has long-term negative consequences regardless of the stage of the disease. Our findings support the notion that patients cannot fully regain all their functions within a two-month period without receiving structured or supervised rehabilitation. Therefore, it is crucial to offer patients comprehensive and structured rehabilitation that incorporates clinical, cognitive, and motor exercises.
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1. Introduction

In March 2020, the World Health Organization declared coronavirus disease 2019 (COVID-19) a pandemic (1). The first case of COVID-19 in Slovenia was reported on 04/03/2020 (2). By 20/10/2022, more than 620 million confirmed cases had been reported worldwide, with more than 5.5 million deaths (3). At that time, there were 1.2 million confirmed cases in Slovenia, including 8,368 deaths (3).

The severity of COVID-19 disease ranges from no symptoms to mild flu-like symptoms to severe pneumonia and acute respiratory distress syndrome (ARDS) (4–6). Previous studies have described details at admission, such as clinical characteristics (e.g., fever, acute respiratory distress syndrome, abnormal chest radiograph, shortness of breath, fever) (7–10), demographics (a higher proportion of infected patients comprised men, medical staff, and hospitalized patients) (5, 10–12), comorbidities (hypertension, obesity, and diabetes (5, 8, 9), and laboratory parameters (e.g., higher plasma levels of IL2, IL7, TNFα, etc (9). It is already known that the disease can cause various types of damage to multiple organs, particularly the brain (13). The inflammatory response that is triggered by the infection can lead to long-term cognitive decline, psychological distress, and musculoskeletal issues (14–16). Moreover, patients who have survived severe COVID-19 disease exhibit impaired balance and strength (17). Muscle contractile properties, assessed by tensiomyography (TMG), were followed in Slovenian football players after approximately 2 months of COVID-19 lockdown (18). When compared post- to pre-, they reported a 6% and 50% increase in contraction time in the vastus lateralis and biceps femoris, respectively. Furthermore, this shift was not related to jump performance but was associated with increased injury incidence. However, TMG was not used in participants after COVID-19 hospitalization. All of these consequences of COVID-19 also lead to the development of frailty, sarcopenia, and decreased quality of life, which can last for up to a year after the disease has subsided (19).

The different functional and medical conditions of patients before the onset of the disease, combined with the different recovery rates after the disease, led to the development of several guidelines and recommendations for the rehabilitation of patients after COVID-19 (20). Although it is already well known that early inpatient and post-hospital rehabilitation is necessary, regular, systematic, and guided rehabilitation after COVID-19 is not available to all patients. We did not find any reports in the literature examining what happens to patients who are not admitted to rehabilitation after COVID-19. In addition to the guidelines for professional rehabilitation, many organizations have published guidelines to promote self-rehabilitation after COVID-19. The World Health Organization encouraged individuals to be proactive by publishing guidelines for self-rehabilitation after COVID-19 (21), although the literature supporting this self-management practice among individuals rehabilitating after COVID-19 is sparse (20). Therefore, we were interested in investigating possible changes in some physiological and psychological parameters in COVID-19 patients who were not enrolled in specific rehabilitation programs after hospital discharge. However, all patients received a general booklet with recommendations and instructions for regular physical activity, which was not specifically designed for patients with COVID-19. It was assumed that most of the measured parameters would improve two months after hospital discharge, despite the fact that the patients were not enrolled in a specific rehabilitation program.



2. Methods

We conducted a single-center prospective cohort study by enrolling 43 consecutively hospitalized patients that were admitted to the General Hospital Izola due to a complicated COVID-19 disease. Functional and clinical characteristics at hospital discharge (T1) and 2-month follow-up (T2) were collected until 17/05/2021.


2.1. Participants

Initially, 43 participants were included in the study, but four of them did not appear for the second measurement, leaving a total of 39 patients tested at both time points (T1 and T2). Participants were recruited from the pool of patients hospitalized at the Department of Internal Medicine of the Izola General Hospital, Slovenia, due to COVID-19 and its complications. Inclusion criteria for participation in the study were: age ≥18 years, signed informed consent, and hospitalization for COVID-19 disease [confirmed with a positive polymerase chain reaction (PCR) nasal swab test for SARS-CoV-2 virus]. Exclusion criteria were a positive PCR test for the SARS-CoV-2 virus at the time of hospital discharge and severe medical conditions (musculoskeletal, cardiovascular, pulmonary, and neurological) that prevented patients from performing all motor and cognitive tests. All patients were visited by a dedicated physician during their hospitalization, and the study protocol was discussed in detail with them. If the participant agreed to participate in the study, written informed consent was obtained prior to each examination. The clinical trial protocol was registered on ClinicalTrials.gov under the identifier number NCT04860206. All procedures were performed in accordance with the Declaration of Helsinki, and the study was ethically approved by the institutional ethical board of the Izola General Hospital (application number: 1/21).

Patients participated in T1 measurements on the condition of a negative COVID-19 test, which was performed when one of the following conditions was met: on the day of hospital discharge or the 10th day after confirmation of the disease if discharged from the hospital earlier. The time frame for recruiting patients for T1 measurements was between 01/01/2021 and 18/03/2021. After the T1 assessment, the subject received a “Stay Active” brochure (22) with general information on the beneficial effects of physical activity and some comprehensive explanation of how different exercises could be performed at home during the COVID-19 pandemic. The T2 assessment was conducted 2 months after the T1 assessment (the time frame for T2 measurements was between 11/03/2021 and 19/05/2021). All assessments were performed at the Cardiac Rehabilitation Center of Izola General Hospital during the morning hours.



2.2. Measurements

All assessments at T1 and T2 were performed by a trained researcher in the same room and using the same equipment. Measurements were taken in this order:

Body mass (kg) and height (m) were measured with a Libela personal scale with a mounted stadiometer (Libela-Elsi Ltd., Slovenia), and the results were rounded to the nearest 0.1 kg and 0.5 cm, respectively. Body composition was measured using the tetrapolar bioimpedance device BIA 101 Anniversary (Akern-Srl, Florence, Italy) after the participants were in the supine position for 30 min. The proportions of fat mass (FM in %) and muscle mass (MM in %) were recorded from the assessment.

Tensiomyography measurements were performed in three muscles of the right leg: the vastus lateralis (VL), the biceps femoris (BF), and the gastrocnemius medialis (GM). All measurements were made during electrically evoked maximal isometric twitch contractions. For the VL, participants were in the supine position with the knee angle at 30° of flexion (where 0° represents a fully extended knee joint). For the BF, they were in the prone position with the knee at 5° of flexion, and for the GM, they were prone with the ankle in a neutral position, as previously reported (23–25). Foam pads were used for joint support. A single 1-ms maximal monophasic electrical impulse was used to elicit a twitch, which caused the muscle belly to oscillate and enlarge. These oscillations were recorded using a sensitive digital displacement sensor (TMG-BMC Ltd., Slovenia) that was placed on the surface of the skin over the mid-belly of the muscle of interest. If needed, the measurement point and electrode positions were adjusted to obtain the maximum amplitude (Dm) of the muscle belly response. Initially, the stimulation amplitude was set just above the threshold and then gradually increased until the Dm of the radial twitch displacement did not increase any further. From two maximal twitch responses, a contraction time (Tc), a delay time (Td), and a transversal velocity (Vc) were calculated, and the average was used for further analysis. Td was defined as the time from the electrical impulse to 10% of Dm. Tc was defined as the time for the amplitude to increase from 10% to 90% of Dm (25). Vc was calculated as the ratio between Dm and the sum of Td and Tc (26).

During the tensiomyography assessment, participants were interviewed to elucidate possible unhealthy lifestyle behaviors and to estimate their risk for sarcopenia and frailty conditions. For this purpose, we used the Slovenian version of the SARC-CalF questionnaire (27), the Mediterranean Lifestyle Index (MEDLIFE) (28), and the Edmonton frail scale questionnaire (29).

The SARC-CalF questionnaire is a screening tool for sarcopenia in older adults. It addresses five domains: strength, assistance in walking, rising from a chair, climbing stairs, and falling (30), and also includes a calf circumference measurement (31). Each answer is scored from 0 to 2 points according to the reported difficulty in performing the task in question. For calf circumference, zero represents normal muscle mass and 10 represents very low muscle mass. The sum of the points gives a score that can range from 0 to 20, with zero indicating the best result and 20 the worst. Individuals with a SARC-CalF score ≥11 are at increased risk for sarcopenia.

The Mediterranean Lifestyle index (MEDLIFE) is a tool that measures the adherence of the individual to the principles of the Mediterranean lifestyle (28). A total of 28 items are divided into three blocks of questions (food consumption frequency, Mediterranean dietary habits, and social habits). For each item, 1 point is awarded (28 points in total) if the answer meets certain criteria. The final score of the MEDLIFE index ranges from 0 (the worst) to 28 (the best).

The Edmonton frail scale (EFS) is a brief, valid, and reliable tool for assessing frailty. It can be administered by researchers without special training in geriatric medicine. The EFS assesses nine subscales: (1) cognition; (2) general health status; (3) functional independence; (4) social support; (5) medication use; (6) nutrition; (7) mood; (8) continence; and (9) functional performance. The EFS scores range from zero to 17. Severe frailty is defined as a score of 12–17, apparent frailty as a score of 6–11, and absence of frailty as a score of 5 or less (29).

The level of physical activity was determined with the Slovenian translation of the short version of the International Physical Activity Questionnaire (IPAQ), which was assessed at T2 (32, 33). A total of seven items assess the frequency (days per week), duration (time per day), and intensity (light, moderate, or vigorous) of PA, which was performed during the previous week.



2.3. Clinical tests

Blood pressure and pulse wave velocity were measured using a Vicorder (Vascular Model, SMT Medical Ltd., Germany). Prior to measurement, participants were placed in the supine position in a quiet room, with the head elevated to approximately 15°, so that the skin and muscles over the carotid artery were relaxed, but not too tense. Pulse wave velocity was measured with a cuff placed over the right carotid artery and the right thigh. The length between the common carotid artery (CCA) and the superficial femoral artery (SFA) was measured between the suprasternal notch and the midpoint of the thigh cuff. Measurements were taken until pressure waveforms across the CCA and SFA were clear and reproducible. During the FU, the same distance between the measurement sites was used. Blood pressure was measured in the sitting position with the cuff placed on the left upper arm.

Spirometry was performed with the participant comfortably seated in a chair. A clip was used to close the nostrils. Participants were instructed to breathe normally for 10 s and then to inhale as deeply as possible and exhale as quickly as possible into a tube (microQuark, COSMED Ltd., Italy). The best forced vital capacity (FVC) and forced expiratory volume measurement in one second (FEV1) of the three tests performed were used. An FEV1/FVC Tiffeneau-Pinelli index was calculated automatically (34).



2.4. Physical performance measurements

The grip strength test (35) was performed using an analog hydraulic handheld dynamometer (Jamar Dynamometer, Sammons Preston, USA). During the measurement, participants sat on a chair with no armrests. The dominant upper arm was parallel to the torso, while the elbow was positioned at 90° flexion. After two test attempts, participants performed three consecutive handgrips with a 1-minute rest in between. The best result was used for further analysis.

A “Timed Up and Go” test (36) was used to assess mobility at a distance of three meters. Participants wore their regular walking shoes. The test started with the participant sitting on a 46-cm-high chair, then standing up, walking around a marked bar, returning to the chair, and sitting on it. Each participant completed one test trial and two trials without walking aids. The trial with the shortest completion time was used for further analysis.

Gait speed was evaluated (37) at the self-selected speed and the fastest speed over a distance of 4 meters using timed gates (Beam Trainer timing system, Seedgrov d.o.o., Ljubljana, Slovenia). Two meters were provided before and after the timed distance for acceleration and deceleration. Each gait modality (self-selected speed and fast speed) was assessed twice, and the best result was used for further analysis.

A 30-second chair-stand test was used to assess the number of stands a participant could complete in 30 s (38). Participants initially sat on a 46-cm-high chair without armrests. They placed their hands on the opposite shoulder, crossed at the wrists. Their feet were flat on the floor, and their backs were straight. They rose to a full standing position, then sat back down again and repeated this for 30 s. Only completed repetitions were counted.



2.5. Cognitive tests

The Montreal Cognitive Assessment (MoCA) was used to evaluate the general level of cognitive functioning and screen for cognitive impairment (39). The MoCA test addresses several cognitive domains, namely visuospatial ability, short-term memory, executive function, attention, concentration, working memory, language, and orientation to time and place. The final score ranges from 0 to 30 points, with values ≥26 indicating no cognitive impairment.



2.6. Qualitative assessments

A structured interview was used to assess the self-perceived response to the COVID-19 experience in relation to functional, mental, and mood states. The structured interview was used to capture qualitative data. Patients were interviewed twice, at the first measurement and then at the second measurement after self-rehabilitation at an interval of 8 weeks. The interview was conducted after the functional tests between the patient and the researcher, who took notes on the answers.

The first structured interview included questions about the subjective experience of being hospitalized for COVID-19, i.e., what was most distressing for the respondent besides the physical problems: how did they help themselves or what helped them, and what did they miss most? They also rated their physical and mental states (in percentages) after the infection, assuming that their pre-infection state was rated as 100%. At the end of the interview, the patients were given a form to monitor their symptoms or changes in well-being and were asked to bring it to their post-rehabilitation follow-up appointment. Patients also received a “Stay Home—Be Active” manual with instructions on how to begin the exercise program designed for patients with chronic lung disease.

At T2, patients were asked to compare their physical and mental state and mood again, assuming that their pre-infection state was rated as 100%. They were also asked to evaluate in more detail what they found most difficult in coping with the physical and mental stress, whether they were frustrated, what thoughts came to mind during the recovery period, how they helped themselves if necessary, and what they missed during the recovery period or how it could have been more successful. They also assessed their perception of what it would take to reach 100% physical, mental, and emotional health and when they expected to achieve it. Finally, they were asked to hand over the symptom monitoring form they received at the first measurement, and if they did not bring it with them, they were interviewed by the researcher to collect the data. They were also asked if they had followed the advice in the manual and if they had exercised according to its instructions.



2.7. Statistics

We used G-Power (40) to determine the required sample size. Considering a two-sided α-value of 0.05 and a β-value of 0.20, and a functional decline of less than −11% (indicating an effect size greater than 0.9), we calculated that a sample size of 13 participants would be sufficient. All parameters are presented as the mean and standard deviation (SD). The normal distribution was confirmed by visual inspection using histograms and Q-Q plots, and analytically using the Shapiro-Wilk test. Parameters of the baseline (T1) and follow-up (T2) samples were assessed by a paired samples t-test. All statistical analyses were performed using IBM SPSS Statistics 22 (SAS Institute, Cary, NC, USA), with a significance level of p < .05. Figures 1–3 have been prepared using Microsoft Office Excel (Microsoft Corporation, Washington, USA).


2.7.1 Qualitative analysis

For research purposes, we developed an index of subjective evaluation (of physical fitness, mental well-being, and mood) by using index equations commonly used in monitoring economic phenomena (measuring price changes) to show the extent of relative changes in a phenomenon over time. Interpretative phenomenological analysis (IPA) (41) was used to explore participants’ views of their own experiences of hospitalization due to the COVID-19 infection. This type of individual personal perception of the event as a phenomenon gave us the opportunity to produce an objective statement of such an event as the COVID-19 infection. Therefore, IPA can help us to illuminate the subjective perceptual processes and understand different responses to the same diagnosis.

Subjective assessment of physical and mental level was analyzed by index (I), in percentage for the period after hospitalization (T1) and after self-rehabilitation (T2) in relation to the pre-infection state, considered 100%. The difference between the two assessments was described by the index using the following equation:

Equation 1:



	I—index of subjective assessment.

	Yh—subjective assessment of physical or mental state after hospitalization in %.

	Yr—subjective assessment of physical or mental state after self-rehabilitation in %.



An index above 100 means that the subjective state after self-rehabilitation (Yr) is higher than after hospitalization (Yh), so self-rehabilitation shows positive trends, while a value below 100 tells us that the post-self-rehabilitation state was estimated to be lower than after hospitalization. A value around 100 shows no or little change in the estimated state between Yh and Yr. The difference is expressed in percentage points.

Additionally, descriptive analysis was used to report the most common symptoms that patients had, which were assessed by the Monitoring symptoms form. Such analysis gave us an answer to “what happened” regarding the post-COVID-19 symptoms in the period of 6-weeks of self-rehabilitation.





3. Results

In the study analysis, we included 39 participants with a mean age of 59.1 ± 10.3 years (12.8% women) (Table 1).


TABLE 1 Basic data of the study participants at the baseline assessment.

[image: Table 1]

Clinical, cognitive, and physical performance findings are summarized in Table 2. Compared to T1, BMI increased by 2.9% at T2 (p < .001, Cohen's d = 0.19), paralleled by a 4.8% increase in fat-free mass (p < .001, Cohen's d = 0.31). There were no changes in other body characteristics or physical or clinical tests. The only improvements we observed were in the Edmonton total symptom score (p < .001, Cohen's d = 0.64), the SARC-CalF score (p = .014, Cohen's d = 0.50), and the MoCA score (p = .014, Cohen's d = 0.35).


TABLE 2 Clinical, functional, and cognitive results at hospital discharge (T1) and 2-month follow-up (T2).

[image: Table 2]

Tensiomyographic data (Table 3) showed a decrease in Tc in all three muscles at T2 when compared to T1. Similarly, Td decreased in VL and GM, whereas it was almost significant in BF. Since Dm was unchanged, Vc increased, but only in BF.


TABLE 3 Tensiomyographic parameters of three skeletal muscles at hospital discharge (T1) and 2-month follow-up (T2).

[image: Table 3]

On average, participants rated their physical condition 18.1 percentage points higher after self-rehabilitation (at T2) than after hospitalization (at T1) (Figure 1), but the difference was not statistically significant (p = .078). A total of 25 out of 28 patients answered this question in the affirmative, reaching the pre-infection level of 100% (while three patients reported that their physical condition had further deteriorated at the 2-month follow-up compared to the pre-infection period).


[image: Figure 1]
FIGURE 1
Average subjective assessment of physical status at the first and second measurements. *T1-first measurement; T2-second measurement.


However, the mental state assessment index remained almost unchanged. Participants rated their mental state 6.5 percentage points higher at T2 than at T1. Although most patients returned to normal, five out of 28 patients still felt that they had not returned to their pre-infection state (Figure 2).


[image: Figure 2]
FIGURE 2
Average subjective assessment of mental status at the first and second measurements. *T1-first measurement; T2-second measurement.



3.1. Monitoring symptoms and changes in well-being during self-rehabilitation

During the two-month self-rehabilitation period, patients were asked to record any symptoms and changes in well-being. Only two patients returned a completed form with symptoms recorded. In addition, we were able to collect recalls of symptoms from 18 other patients at follow-up. Thus, in total, we recorded symptoms and changes in well-being in half of the patients who participated in the study (20 out of 40 participants) (Figure 3). Our data also show that the most common symptoms after COVID-19 are joint pain (10 patients), muscle pain, and cough (seven patients), followed by irritability, sadness, shortness of breath, and difficulty sleeping.


[image: Figure 3]
FIGURE 3
Types of symptoms and changes in well-being during self-rehabilitation. *a - joint pain; b - muscle pain, cough; c - irritability, sadness; d - shortness of breath, difficulty sleeping, e - severe headache, nausea; f - indigestion (constipation), poor sense of smell, poor taste; g – no listed symptoms; h - anxiety; i – fever, low appetite, increase appetite; j – other: tingling, impaired vision, fluctuating blood pressure.





4. Discussion

In this study, we were interested in the clinical, functional, and cognitive status of patients recovering from hospitalization for COVID-19 who were not enrolled in an organized rehabilitation program. Measurements of their performance were taken immediately after hospital discharge and 2 months later. We found differences between T1 and T2 in BMI, fat-free mass, frailty score, muscle contractile properties, SARC-CalF, and MoCA scores.


4.1. Lifestyle characteristics and quality of life

We were interested in whether participants changed various lifestyle characteristics between T1 and T2. Nutritional and physical activity patterns should be changed after the COVID-19 hospital discharged to overcome negative consequences of disease. The self-reported amount of physical activity during self-rehabilitation period, on average, 5.2 h peer day 5.4 h per day of sitting. It has been suggested that COVID-19 may result in physical inactivity, which in turn may become a long-lasting symptom for individuals who have recovered from the virus (42). On the other hand, regular physical activity can have an important impact on different aspects of health, from cardiovascular to mental health (43). Another behavioral factor affecting COVID-19 rehabilitation is nutrition. Adequate nutrition can play a protective and regenerative role, according to COVID-19 (44). Because of its protective and preventive effects, it has been suggested that the Mediterranean diet may represent a positive approach against COVID-19 (45, 46). In our sample, we did not observe any changes in eating habits or lifestyle in favor of a Mediterranean diet between T1 and T2. Compared with other studies (47), our population had a comparable adherence to the Mediterranean lifestyle.

The Edmonton Frail scale and SARC-CalF test questionnaires were used to measure changes related to frailty or sarcopenia (27, 29). COVID-19 patients tend to be more frail after hospital discharge (48). Moreover, early detection of frailty and sarcopenia may help in the future planning of specific rehabilitation. We were interested in the frailty and sarcopenia status of the enrolled participants after COVID-19. At T1 measurements, two patients had severe frailty according to the Edmonton scale of frailty, three patients had a moderate frailty score, nine patients had a predisposition to frailty, and 25 patients showed no signs of frailty. The SARC-CalF test for sarcopenia showed that one patient had potential sarcopenia on T1 measurements. Two months after discharge, the frailty results improved, and no patient had severe frailty, while five patients exhibited signs of moderate frailty, and the remaining patients were not at risk for frailty. The SARC-CalF test for sarcopenia after two months showed that the patient no longer reported problems suggestive of sarcopenia. Therefore, the screening instruments (Edmonton Frail scale and SARC-CalF test), which are based on self-reporting and self-assessment, showed improvement in various aspects such as strength, assistance in walking, general health status, and functional independence.



4.2. Physical health and performance tests

Despite positive results at T2 for the Edmonton Frail scale and the SARC-CalF test, we did not find improvements in physical performance tests. As previously described in the literature, patients may have impaired physical performance after hospital discharge (49). Re-evaluation after two months of self-rehabilitation showed that participants did not achieve the results expected for a healthy population in selected functional parameters such as the 30-sec Sit-to-stand test, TUG, gait speed, grip strength, and clinical parameters such as systolic and diastolic blood pressure and FEV1/FVC. Due to the complexity of rehabilitation after COVID-19, bed exercises can be an effective tool in the initial stages. An example of bed exercises is the Full-body in-Bed Gym program (50, 51), which allows the difficulty of the exercises to be adjusted to the individual's physical and mental capabilities. Thermal water rehabilitation is also a possible suggestion for an effective rehabilitation program tailored to the individual. This type of rehabilitation can improve the inspiratory muscles, which are typically weakened after COVID-19 (52).

Patients had negatively deviated levels of some risk factors compared with recommended levels shortly after discharge. Factors such as increased BMI (53, 54) and higher systolic blood pressure (55, 56) have been previously identified as factors that may contribute to complications of COVID-19. In addition, it has also been suggested that COVID-19 increases systolic and diastolic blood pressure and may cause new-onset hypertension (57), but we did not find correlations between previously reported hypertension and elevated systolic blood pressure in our patients. Therefore, we can assume that the elevated systolic pressure in our patients is somehow related to the COVID-19 consequences.


4.2.1. Skeletal muscle contractile properties

A very consistent change after self-rehabilitation (T2) was a decrease in temporal contractile parameters in three selected muscles, when compared to hospital discharge values (T1). Specifically, Tc decreased in all three muscles and Td decreased in VL and GM, while BF showed an almost significant decrease. Dm, which is related to muscle atrophy (58), remained unchanged. Both Td and Tc were found to be related to muscle MHC-I composition in VL muscle (25). This suggests a change toward fast-twitch fibers in VL at T2 when compared to T1. Although this is true for the VL muscle, there is no reason to believe that this would be similar in the other two observed muscles (GM and BF). In fact, our team previously reported no decrease in MHC VL proportions after 14 days of bed rest and recovery in healthy 55–65-year-olds (59, 60). Furthermore, the above-mentioned studies confirmed CSA, force, and specific force loss in only type I muscle fibers. Therefore, the explanation of shorter Td and Tc must be sought at lower activation levels, which are regularly found after short-term immobilization studies (61).




4.3. Psycho-sociological characteristics and subjective perceptions of illness

The literature also suggests changes in mental health status after hospitalization for COVID-19. Despite the anxiety and fear the respondents have experienced and, above all, the desire to regain their pre-infection health status shown on the first measurements at discharge from hospital care, two-thirds of the patients showed no significant improvement in the measured psychological parameters. At the T1 measurements, like Brown et al. (62), we noted a willingness to try anything to address symptoms after COVID-19, as subjects showed interest in exercising with the manual and in monitoring their health. Although they reported a severe experience with COVID-19, in addition to anxiety and health concerns, their lifestyle habits did not change after they went home, i.e., no systematic self-rehabilitation was reported at the T2 measurements.

The subjects' self-assessment of physical and mental status (index) showed mainly an improvement in physical status, where the assessment of mental status remained unchanged, while some patients (5%) still didn't reach the pre-Covid state, which may indicate that the mental (mood) consequences are lasting longer what confirmed also by the MoCA test. Despite an average higher MoCA score in the whole sample, 15 out of 39 patients had worsened or remained unchanged at 2 months. Nevertheless, patients' adherence appeared to be very low, as they admitted that they did not follow the manual as advised at the initial measurements. How to encourage patients to take a more active approach to rehabilitation and how to increase adherence will certainly be our future challenges.

Improvements in the MoCA test are indicative of recovery of cognitive function in hospitalized COVID-19 patients at 2 months after hospital discharge. The original MoCA validation study reported a test-retest consistency of 0.91 at 2 months, with no significant learning effect (63); however, the indication of improved performance following repeated MoCA administrations (64) stresses the importance of interpreting the results with caution. It has already been established that patients who are critically ill or who have been treated in an intensive care unit (ICU) are at risk of suffering from the long-term consequences of COVID-19, such as impaired physical and cognitive function and psychological disorders similar to post-intensive care syndrome (PICS). Therefore, optimally selected rehabilitation may be required to address these disabilities (65). In addition to the significance of the results indicating overall recovery, it is important not to overlook the 15 (38.5%) participants whose cognitive status either worsened or remained unchanged from post-hospitalization to 2-month follow-up. These participants may be at higher risk or more susceptible to long-term post-infection difficulties and may require additional attention during recovery, if successful. A comprehensive report on the cognitive status of the patients enrolled in this study has been published previously (66).



4.4. Limitations

The single-center design and relatively small number of patients are potential limitations of this study and may limit the generalizability of the results. The severity of the infection was not considered, and no assessment was performed before or during the infection, so changes may not be solely attributable to the infection.




5. Conclusions

COVID-19 has long-term negative consequences regardless of the stage of the disease (67), making it all the more important that patients have the opportunity for organized rehabilitation. Although the subjects were provided with materials for self-rehabilitation and entered the recovery phase with desire and enthusiasm, this was not sufficient to engage in regular physical activity that would constitute post-disease rehabilitation. This was also reflected in the tests, as there was no visible improvement in the physical performance tests. Our results confirm that patients do not recover all functions within two months without organized or guided rehabilitation. Rehabilitation treatment for post-COVID-19 patients discharged from the hospital should be tailored to each individual's needs. This includes recovery from muscular and neurological deficits, cardiorespiratory reconditioning, improvement of cognitive symptoms, and education on healthy lifestyles. Therefore, it is important to provide patients with organized and guided complex rehabilitation that includes clinical, cognitive, and motor exercises.
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In this paper, we present a mathematical model to assess the impact of reducing the quarantine period and lifting the indoor mask mandate on the spread of Coronavirus Disease 2019 (COVID-19) in Korea. The model incorporates important epidemiological parameters, such as transmission rates and mortality rates, to simulate the transmission of the virus under different scenarios. Our findings reveal that the impact of mask wearing fades in the long term, which highlights the crucial role of quarantine in controlling the spread of the disease. In addition, balancing the confirmed cases and costs, the lifting of mandatory indoor mask wearing is cost-effective; however, maintaining the quarantine period remains essential. A relationship between the disease transmission rate and vaccine efficiency was also apparent, with higher transmission rates leading to a greater impact of the vaccine efficiency. Moreover, our findings indicate that a higher disease transmission rate exacerbates the consequences of early quarantine release.
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1. Introduction

The social distancing policy in Korea, which was implemented on March 22, 2020, lasted until April 17, 2022, with various changes in the guidance (1). On April 25, 2022, Coronavirus Disease 2019 (COVID-19) was lowered from Class 1, which requires a high level of isolation, such as negative-pressure isolation, to Class 2, which maintains only 7 days isolation for confirmed cases (2). In addition, since the outdoor mask mandate was lifted on September 26, 2022, the primary nonpharmaceutical interventions (NPIs) maintained in Korea were the indoor mask mandate and 7 days quarantine. However, as COVID-19 has continued for more than 2 years, there are calls to shorten the quarantine duration and ease mandatory indoor mask wearing due to people’s fatigue and for economic reasons. In this study, we analyzed the number of confirmed cases, number of severe cases, and the economic impact according to the change in the current NPIs.

As COVID-19 spread across the world, the COVID-19 dynamics, such as the number of confirmed cases and death cases, were predicted using mathematical models. After the development of the vaccine, a mathematical model that considered the vaccine efficacy and rollout was used to simulate the impact of vaccination (3, 4). In addition, to prevent breakthrough infections and large-scale spread due to variants, many countries recommended boosted vaccination (third vaccination), and the Korean government also recommended a fourth vaccination and bivalent vaccination for high-risk groups. Bosetti et al. (5), Ngonghala et al. (6), and Gavish et al. (7) examined whether the boosted vaccination helped to eliminate COVID-19 using a mathematical model that included a population group that had received this vaccination.

Because the infection probability gradually decreases after the peak (8–10), many countries have implemented various quarantine policies to prevent the spread of COVID-19. Zhang et al. (11) demonstrated that the self-isolation of susceptible people is effective at reducing the effective reproduction number, and Yu et al. (12) showed that if early testing is impossible, then the isolation of symptomatic people is necessary. In Ashcroft et al. (13), the effect on the transmission due to the reduction in the duration of quarantine for people who returned from abroad was investigated. In Ma et al. (14) and Lindsley et al. (15), the efficacy of facial masks for blocking the SARS-CoV-2 virus was demonstrated in experiments, and the effect of facial masks on COVID-19 transmission was studied in Ngonghala et al. (6), Motallebi et al. (16), Shen et al. (17), and Reiner et al. (18). Further, Baek et al. (19) and Kim et al. (20) studied the transmission according to indoor mask wearing in a specific group in Korea. In addition, there were several studies to analyze the economic impact of COVID-19. Li et al. (21) showed that it is cost-effective to inoculate the booster vaccine to seniors aged 65 years or older, even considering the cost of booster vaccination. Kim et al. (22) analyzed cost-effectiveness according to the social distancing level and vaccine supply speed. Along with vaccine developments, COVID-19 treatment was also developed, so Jo et al. (23) studied the cost-effectiveness of COVID-19 treatments, namely Remdesivir and Dexamethasone.

In this paper, we develop a mathematical model to examine the impact of easing COVID-19 control measures, such as the quarantine and mask-wearing requirements. The model considers the effects of vaccination and reinfection, and its parameters were estimated accordingly. We used this model to explore the changes in confirmed cases, hospitalizations, and deaths over time according to various quarantine durations and mask-wearing rates. Furthermore, we investigated the impact of quarantine and mandatory mask wearing from a cost-effectiveness perspective.



2. Methods


2.1. Epidemiological data

Since January 19, 2020, when the first case of COVID-19 was confirmed, the total number of confirmed cases in Korea has gradually increased. The control strategy in Korea received good press before the inflow of the Omicron variant. However, after the inflow of Omicron, which has higher transmissibility than previous variants or the wild type due to its higher stability in all open-complex forms, the number of confirmed COVID-19 cases in Korea exploded (24).

Figure 1A shows the daily confirmed cases in each age group after the inflow of the Omicron variant. On March 17, 2022, there was a large wave of more than 600,000 confirmed cases per day, and in August 2022, there was another large wave. Since November 2022, the number of confirmed cases due to the variant has gradually increased.

[image: Figure 1]

FIGURE 1
 (A) Daily confirmed cases in each age group; (B) percentage of SARS-CoV-2 variants of concern.


The Korea Disease Control and Prevention Agency (KDCA) announced COVID-19 antibody positive rate survey results using data on September 6, 2022. According to these results, more than 97% of Koreans have COVID-19 antibodies from infections or vaccinations, and the antibody rate from infection was reported to be 57.65%, which is higher than the cumulative infection rate of 38.15% that was measured at the same time, which means there were many unreported infected people in the local society (25). Even though Koreans have a high antibody rate, the epidemic is not abating due to factors such as waning immunity and new variants. Figure 1B shows the weekly detection rate for each variant of the SARS-CoV-2 virus since December 2021. The Omicron variant was dominant in Korea on January 16, 2022, and since then, several Omicron subvariants have appeared.



2.2. Mathematical model

In this study, we used an age-structured mathematical model to describe the COVID-19 dynamics in Korea across eight age groups: 0–9 years; 10–19 years; 20–29 years; 30–39 years; 40–49 years; 50–59 years; 60–69 years; 70 years and older.

We considered different factors to develop the mathematical model that fit the Korean COVID-19 situation. First, we divided the vaccinated population into compartments for the second vaccination, third vaccination, and fourth vaccination. Here, the second vaccination, third vaccination, and fourth vaccination refer to the second dose of the first vaccination, the first booster vaccination after the second dose, and the second booster vaccination after the second dose, respectively. We categorized the first-vaccinated population as susceptible, taking into account that the efficacy of the first vaccination is almost negligible on the initial date of our model simulation (26), which is February 1, 2022, almost 1 year after the first vaccine administration in Korea in February 2021. The Korean government has recommended up to a fourth vaccination for the population aged 50 years and older and a third vaccination for the population aged 18–49 years (27). Second, the population that tested positive for COVID-19 and needed to be quarantined was categorized according to the symptoms of its members: mild-symptom cases, hospitalization without intensive care, and hospitalization with intensive care. Some members of the population who were released from intensive care units were moved to the general ward, represented by [image: image]. Moreover, we considered the members of the unreported infected population, who can infect other susceptible populations and who have mild symptoms or are asymptomatic. Third, we considered the reinfection rate and the waning of the vaccination efficacy. Because the COVID-19 pandemic has continued for a long time, the reinfection rate and breakthrough infection rate are increasing. Lastly, to investigate the effect of the quarantine duration, we added the confirmed cases of early quarantine release as [image: image]. Because we assumed that patients who were released early (before 7 days) were still infectious, they affected the infection rate. By taking into account the above information, we can write the equations for the mathematical model as follows;
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where [image: image] for [image: image] and the dot above a variable denotes the time derivative of the variable i.e., [image: image]. In the above equations, [image: image] denotes susceptible including first-dose vaccinated; [image: image] denotes unvaccinated and exposed; [image: image] denotes unvaccinated and infectious; [image: image] denotes hidden infections without antibodies; [image: image] denotes unvaccinated quarantined mild-symptom patient; [image: image] denotes unvaccinated nonquarantined mild-symptom patient; [image: image] denotes unvaccinated hospitalization without intensive care; [image: image] denotes unvaccinated hospitalization with intensive care; [image: image] denotes unvaccinated hospitalization and release from ICU (intensive care unit); [image: image] denotes second-dose vaccinated; [image: image] denotes third-dose vaccinated; [image: image] denotes fourth-dose vaccinated; [image: image] denotes vaccinated and exposed; [image: image] denotes vaccinated with hidden infection; [image: image] denotes vaccinated and infectious; [image: image] denotes vaccinated quarantined mild-symptom patient; [image: image] denotes vaccinated nonquarantined mild-symptom patient; [image: image] denotes vaccinated hospitalization without intensive care; [image: image] denotes vaccinated hospitalization with intensive care; [image: image] denotes vaccinated hospitalization with release from ICU; [image: image] denotes recovered; [image: image] denotes susceptible people that have been infected; [image: image] denotes exposed people that have been infected. A detailed description of the parameters used in the model is provided in Table 1 and the schematic diagram for the model is given in Figure 2.



TABLE 1 Parameter definitions and baseline values used in the numerical simulations.
[image: Table1]
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FIGURE 2
 Schematic diagram of the model.




2.3. Parameter estimation


2.3.1. Estimation of disease transmission rate

In Korea, the Omicron variant began to become the dominant variant and a pandemic wave started in February 2022. The confirmed case data by age in Korea from February 1, 2022, to December 31, 2022, were divided into four periods according to the epidemiological characteristics, and they were used to estimate the disease transmission rate. The period was divided into four intervals according to the epidemiological characteristics, and the disease transmission rate that corresponded to each interval was estimated. Each compartment of the mathematical model was divided into eight groups, and the disease transmission rate ([image: image]) was estimated using the least-squares method as an [image: image] matrix. The data-fitting plots and disease transmission rate matrices are provided in Supplementary material Section 1.1.



2.3.2. Estimation of the transmission rate increase due to indoor mask removal

The increase in the transmission rate due to indoor mask removal was estimated according to Goyal et al. (33). Assuming that the current condition is a mask-wearing rate of 75% and a mask-wearing time of 75% (75–75%), two other scenarios were considered according to indoor mask removal: S1: 50–50%, and S2: 25–25%. For example, 50–50% means that 50% of people wear masks 50% of the time, where time is 24 h in a day (33). The increase in the disease transmission rate was calculated by comparing the values of the effective reproduction number ([image: image]) that corresponded to the cases of 75–75%, 50–50%, and 25–25% provided by Goyal et al. (33). The disease transmission rates were increased by 17 and 35% for S1 and S2, respectively. This increased rate was evenly applied across all age groups. The derivation of the [image: image] from the model is provided in Supplementary material Section 2.1, and the graph of the relationship between the [image: image] and transmission rate ([image: image]) are provided in Supplementary material Section 2.2.



2.3.3. Cost parameters

The costs due to COVID-19 include medical expenses and wage losses due to quarantine and hospitalization (22), and they were calculated as follows. The cost of the medical expenses was computed considering the average daily cost of treatment and the recovery period with respect to the statuses of the patients (i.e., mild-symptom cases, hospitalization cases without intensive care, or hospitalization cases with intensive care). The cost of the wage losses for patients older than 20 years was computed considering the average daily income, employment rate, and recovery period for each age group. The cost of the wage losses for patients younger than 19 years was computed as the income decrease for females with infected children younger than 19 years. The cost of purchasing a mask was determined by multiplying the total population by the average mask price, mask-wearing rate, and mask-wearing time. The cost computation formulae and the cost parameter table that was used are presented in Supplementary material Section 3.





3. Results


3.1. Effect of the variation in the quarantine duration

Figure 3 shows the effect of shortening the quarantine period on the numbers of confirmed cases, critically ill patients, and deaths. The start date of shortening the quarantine period was considered according to the epidemiological characteristics, as follows:

[image: Figure 3]

FIGURE 3
 Effects of shortening the quarantine duration for each time point on (A) confirmed cases; (B) severe cases; (C) deaths. Open circles represent the start dates of shortening the quarantine duration.


• February 1, 2022: The Omicron epidemic began in South Korea (numerical simulation start date);

• April 17, 2022: The complete lifting of social distancing;

• June 21, 2022: The date of the lowest number of confirmed cases since the large outbreak;

• August 29, 2022: The number of critically ill patients that decreased for 7 consecutive days.

It was assumed that the quarantine period was shortened from the current 7 days to 5 days, 3 days, and 0 days. According to Figure 3, the shortening of the quarantine period had a greater impact on the increase in the numbers of critically ill patients and deaths than on the number of confirmed cases. Shortening the quarantine period to 5 or 3 days may not cause immediate increases in patient numbers; however, it could have significant long-term effects. In addition, the shortening of the quarantine period on June 21, when the number of confirmed cases was minimal in the short-term, led to more significant increases in critically ill patients and deaths compared with when it was implemented on April 17. Because June 21 can be considered the beginning of a new outbreak, shortening the quarantine period was effective when the number of confirmed cases decreased to some extent. The tables of the cumulative number of confirmed cases, number of critically ill patients, and number of deaths, as well as their increasing rates, according to the quarantine period that corresponds to each date are presented in Supplementary material Section 4.



3.2. Effects of changes in screening rates and activities of early releasers

The screening rate (ρ) is the proportion of mild-symptom patients who are officially confirmed and placed under quarantine, compared to the total number of such patients. A low screening rate leads to a decrease in the number of confirmed cases, but an increase in the number of infected and critically ill patients. To account for the early release of patients, we multiplied their relative infectiousness ([image: image]) by the control parameter ([image: image]), which varied between 0.2 and 1. Figure 4 illustrates the effects of changes in the screening rate of mild-symptom patients (ρ) and the activities of early releasers ([image: image]) on the number of confirmed cases, incidence, severe-symptom cases, and costs losses for quarantine durations of 7, 5, 3, and 0 days starting from April 17, 2022. The values indicated by the numbers on the contour lines in the figure correspond to the number of confirmed cases, incidence, severe-symptom cases, and costs for the respective [image: image] and ρ values. The results indicate that, when the mandatory quarantine duration was 5 days or longer, changes in the screening rate had a greater impact than the activity tendencies of early release patients.

[image: Figure 4]

FIGURE 4
 Effects of changes in screening rates and activities of early release patients on (A) cumulative confirmed cases; (B) cumulative incidence; (C) cumulative severe-symptom cases; (D) total costs ([image: image]) corresponding to quarantine durations of 7, 5, 3, and 0 days (start date of shortening the quarantine duration: April 17, 2022).


Moreover, decreasing the screening rate and quarantine duration led to a reduction in wage losses caused by quarantine, which subsequently lowered the related costs. Refraining from activities of early release patients was more effective, especially with respect to cost reduction, when the mandatory quarantine period was short or nonexistent. Therefore, if the quarantine period is shortened, a campaign to encourage patients to avoid activities on their own is necessary. When the screening rate was high, there was no significant difference in costs between 5 days and 7 days quarantine periods, so it appears better to shorten the quarantine period to 3 days or less to reduce social costs. The results of implementing a shorter quarantine period on different dates are provided in Supplementary material Section 4.



3.3. Effects of the removal of the indoor mask mandate

South Korea was one of the countries that maintained the indoor mask mandate the longest. The removal of the mask mandate was discussed for a long time, and the decision was made to lift the indoor mask mandate in high-risk facilities on January 30, 2023, according to the criteria for doing so (see Supplementary material Section 5). The removal of masks and the reduction in the quarantine period were considered on the following break points: BP1: October 1, 2022: simulation start date; BP2: February 23, 2023:14 consecutive days of a decrease in confirmed cases; BP3: March 25, 2023: 7 consecutive days of a decrease in the number of critically ill patients.

Figure 5 shows the effect of the quarantine period and mask-wearing rate on the number of confirmed cases, critically ill patients, and deaths. The results show that the numbers of confirmed cases and critically ill patients significantly increased in the short term due to mask removal; however, in terms of the long-term perspective, the effect of the mask-wearing rate was not significant and maintaining the quarantine period was much more important. The simultaneous lifting of both the quarantine and mask wearing would result in a substantial increase in the number of critically ill patients, which requires careful consideration in decision making.

[image: Figure 5]

FIGURE 5
 Effects of the quarantine period and mask-wearing rate on (A) number of confirmed cases; (B) number of critically ill patients; (C) number of deaths. QD: quarantine duration; MC: mask coverage. Dates above figures refer to days when the mandatory wearing of indoor masks was lifted.


Figure 6 shows the cumulative numbers of confirmed cases and deaths and total costs, including medical expenses, wage losses, and mask costs, according to the quarantine period and mask-wearing rate for 1 year. When the quarantine period was 7 days, the increase in the number of confirmed cases and critically ill patients due to mask removal was not significant; however, the costs substantially decreased. Therefore, considering the number of confirmed cases and the costs, removal of the indoor mask mandate is efficient, but maintaining the quarantine period is necessary. The medical, wage loss, and mask costs for each scenario are provided in Supplementary material Section 6.

[image: Figure 6]

FIGURE 6
 Effects of the quarantine period and mask-wearing rate on (A) the cumulative number of confirmed cases, (B) cumulative death, and (C) total costs. Dates above figures refer to days when the mandatory wearing of masks was lifted.




3.4. Effects of the variation in the transmission rate and vaccine efficacy

As various mutations of the SARS-CoV-2 virus occur and become prevalent, the rate of transmission of the disease may increase; however, it may decrease according to the government’s quarantine policy in response. The vaccine efficiency may increase as vaccines that respond to prevalent mutations, such as bivalent vaccines, are developed. Figure 7 illustrates the effects on the number of confirmed cases, number of severe-symptom patients, and costs related to medical expenses and wage losses according to the changes in the disease transmission rate and vaccine efficiency. The variation in the transmission rate matrix ([image: image]) was considered [image: image]for the control parameter ([image: image]). In the simulation, the vaccination of infected persons was not considered, and the vaccination period was assumed to be 60 days. The result shows that the numbers of confirmed cases and critically ill patients were more sensitive to changes in the disease transmission rates than to changes in the vaccine efficiency. Moreover, the higher the disease transmission rate, the greater the effect of the vaccine efficiency. In other words, the more prevalent the mutations with high transmission rates, the more important vaccination with high efficiency becomes. Additionally, the results indicated that as the disease transmission rate increased, so did the impact of early quarantine release. That is, the higher the transmission rate, the greater the importance of quarantine. Although there was no clear difference, the effect of the vaccine efficiency on the number of critically ill patients and the costs was greater than that on the number of confirmed cases.

[image: Figure 7]

FIGURE 7
 Effects of the variation in the transmission rate (Cβ)and booster vaccination efficacy [image: image]for (A) confirmed cases; (B) severe-symptom cases; (C) costs due to medical expenses and wage losses ([image: image]). Dates in titles refer to the start dates of shortened quarantine periods.





4. Discussion and conclusion

The infectivity of the Omicron variant of COVID-19 vanishes almost 7 days postinfection. Consequently, the mandatory quarantine period for confirmed cases in Korea has been established as 7 days. Nevertheless, the lengthy quarantine period has led to many individuals, particularly self-employed individuals, avoiding quarantine due to economic losses, and there have been discussions about shortening the quarantine period based on various social and economic considerations. Another key policy to reduce the COVID-19 infectivity is the mask-wearing policy. As of February 2023, the mandatory wearing of masks had been lifted in most countries. In the case of Korea, the mandatory wearing of masks outdoors and indoors was lifted on September 26, 2022, and on January 30, 2023, respectively.

In this study, we developed a mathematical model to study the effect of loosening the COVID-19 control measures of quarantine for confirmed cases and mandatory mask-wearing. The model parameters were estimated to incorporate vaccination and reinfection into the model. By using the mathematical model, we investigated the changes in confirmed cases, severely ill patients, and deaths over time according to different quarantine periods and mask-wearing rates. We also analyzed the impact of quarantine and mandatory mask wearing from a cost-effectiveness perspective.

One of our findings is that the increase in the number of severely ill patients due to the shortening of the mandatory quarantine period was substantially affected by the timing of the relaxation of quarantine, and the determination of the optimal time to lift the quarantine was crucial and required an analysis of the trend of confirmed cases. Moreover, the results show that shorter quarantine periods led to increases in the numbers of confirmed cases, severely ill patients, and deaths. In particular, the shorter the mandatory quarantine period for confirmed cases, the relatively higher the numbers of severely ill patients and deaths. In the case of early release from quarantine, the impact of the activities of early release patients was considered. When implementing the early quarantine release policy, it is necessary to publicize the policy requesting early release patients to voluntarily refrain from having close contact with others.

From a cost perspective, the findings of this study suggest that eliminating the quarantine policy is the most cost-effective. However, it is important to consider the potential impact on the spread of COVID-19 and to balance the need for controlling the spread of the virus with the reduction in social costs.

Our results indicate that the impact of quarantine for confirmed patients was greater than that of mandatory indoor mask-wearing. In particular, our findings reveal a sharp rise in confirmed cases and critically ill patients in the short term due to reduced mask wearing. However, the impact of mask wearing fades in the long term, which highlights the crucial role of quarantine in controlling the spread of the disease (Figure 5). Additionally, mandatory mask wearing was found to be costly and did not significantly reduce the number of confirmed cases, severely ill patients, and deaths. For optimal cost-effectiveness, the lifting of both the quarantining of confirmed cases and mandatory mask wearing is recommended, even though this would lead to a substantial increase in critically ill patients. We found that when the quarantine duration was set at 7 days, the impact of reduced mask wearing on the confirmed cases and critically ill patients was minimal, yet the costs significantly decreased (Figure 6). Thus, weighing the confirmed cases and costs, lifting mandatory indoor mask wearing is cost-effective; however, maintaining the quarantine period remains essential.

The relationship between the disease transmission rate and vaccine efficiency was also apparent, with a higher transmission rate having a greater impact on the vaccine efficiency (Figure 7), which implies that, as mutations with high transmission rates become more widespread, vaccination with high efficiency becomes increasingly important. Additionally, our findings indicate that a higher disease transmission rate amplifies the effect of early quarantine release, which means that the more widespread the disease, the more crucial quarantine becomes.

This study has two limitations that should be considered. First, the reduction in the severity of reinfections was not considered due to a lack of relevant data. Medić et al. (34) and Abu-Raddad et al. (35) have shown that the rate of severe disease is lowered with reinfection. However, Hwang et al. (36) highlights that the severity of the infection varies depending on the type of virus that the individual is initially infected with. Second, we did not account for the impact of the bivalent vaccine. As the Omicron variant has become dominant, research has shown that the efficacy of the existing vaccines against it and its subvariants has decreased. In response, a bivalent vaccine was developed. Lin et al. (37) and Surie et al. (38) demonstrated that the bivalent vaccine is highly effective as a booster vaccine against hospitalization and the severe symptoms caused by the Omicron variants. However, Kurhade et al. (39) concluded that it is too soon to determine the effectiveness of the bivalent vaccine against the Omicron variant and its subvariants, as the currently available bivalent vaccines are based on the BA.1, BA4, and BA5 variants.

In conclusion, this study developed a mathematical model to investigate the impact of loosening COVID-19 control measures, specifically quarantine for confirmed cases and mandatory mask-wearing. The results indicate that shorter quarantine periods led to increases in the numbers of confirmed cases, severely ill patients, and deaths. From a cost perspective, eliminating the quarantine policy is cost-effective, but it is important to balance the need for controlling the spread of the virus with the reduction in social costs. The study also found that mandatory mask-wearing was not cost-effective and did not significantly reduce the number of confirmed cases, severely ill patients, and deaths. The impact of quarantine for confirmed patients was found to be greater than that of mandatory mask-wearing, and the lifting of both policies is recommended for optimal cost-effectiveness, despite the increase in critically ill patients. The study also highlights the importance of considering the timing of the relaxation of quarantine and the impact of vaccine efficiency on disease transmission rates. The authors expect that this study will provide valuable insights for policymakers in balancing public health concerns and economic considerations in controlling the spread of COVID-19 or other potential pandemics in the future.
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Objective: To objectively evaluate the efficacy of the Zilongjin tablets in non-small cell lung cancer (NSCLC) and to explore its potential mechanism of action against NSCLC and COVID-19 based on network pharmacology.

Methods: The database was searched for randomized controlled trials (RCTs) of the Zilongjin tablets for NSCLC published up to 22 August 2022. The quality of included trials was assessed using Cochrane standard guidelines, and a meta-analysis was performed using Rev Man 5.3. Gene targets for intersections of NSCLC and COVID-19 (the NC) and drugs were obtained from the TCMSP database, HERB database, GeneCards database, and the NCBI database for network pharmacology research.

Results: Meta-analysis included 14 articles with 2,430 patients. The meta-analysis showed that the Zilongjin tablets combined with conventional chemotherapy were significantly more effective than chemotherapy alone in the treatment of NSCLC. A total of 29 drug-disease intersecting targets were identified in the network pharmacology. The “ingredient-target-pathway” diagram component-target-pathway network contained 119 nodes and 429 edges, with the majority of targets associated with inflammatory responses.

Conclusion: The efficacy and quality of life of the Zilongjin tablets combined conventional chemotherapy for NSCLC were significantly better than chemotherapy alone, alleviating various adverse effects. At the same time, the Zilongjin tablets may modulate the inflammatory response to alleviate NSCLC and COVID-19.

KEYWORDS
Zilongjin tablets, non-small cell lung cancer (NSCLC), COVID-19, traditional Chinese medicine, meta-analysis, network pharmacology


1. Introduction

Lung cancer has a high incidence and mortality rate, with approximately 1.8 million new cases and 1.6 million deaths per year, and the 5-year survival rate of lung cancer ranges from 4 to 17%. Moreover, it is the leading cause of cancer-related death among men; and the second leading cause of cancer-related death among women worldwide (1, 2). Non-small cell lung cancer (NSCLC) accounts for about 84% of all types of lung cancer and has a poor prognosis, especially in advanced stages (3, 4). Treatment of lung cancer includes surgery, chemotherapy, radiotherapy, molecular targeted therapy, and immunotherapy (5). Currently, chemotherapy is still the first choice for lung cancer treatment, however, the more severe the disease progression, the less tolerant patients are to chemotherapy, due to the painful disease symptoms and severe adverse effects caused by chemotherapy.

At the time of the COVID-19 pandemic, a large number of lung cancer patients face difficulty in admission to a hospital for treatment, and their risk of COVID-19 infection is 2.31 times higher than that of the general population, due to immunosuppression and respiratory infections (6–9). When lung cancer patients are infected, they have a higher risk of disease progression, so COVID-19 combined with NSCLC leads to a higher mortality rate and a worse prognosis than the general population. Currently, the National Institute for Health and Care Excellence (NICE) has published a clinical guideline for standard anticancer treatment for cancer patients with COVID-19 while the available studies do not appear specific values for the effect of COVID-19 treatment (10–12, 14). Additionally, patients may experience lung damage symptoms for a while after the COVID-19 fever goes away, including fatigue, shortness of breath, drowsiness, dizziness, loss of appetite, shortness of breath, sweating, coughing, and chest pain—the same side effects as those brought on by chemotherapy for NSCLC. The pathogenesis of both conditions is characterized by qi and blood insufficiency, unexhausted residual heat, and a connection between phlegm and blood stasis. Therefore, the similarity of symptoms and pathogenesis may suggest that they are mechanistically related.

A large number of clinical studies have shown that traditional Chinese medicine combined with chemotherapy can improve not only the anti-tumor effect but also enhance the immune function of the body (11). The Zilongjin tablet is a tonifying formula that has the advantageous effects of regulating qi, nourishing blood, clearing heat, detoxifying, and removing phlegm, having an anti-tumor function, improving the quality of life of tumor patients, reducing the adverse effects of chemotherapy, etc. Its ingredients mainly include the following eight herbs, Astragali Radix (AR, Huangqi in Chinese), Angelicae Sinensis Radix (ASR, Danggui in Chinese), Herba Solani Lyrati (HSL, Baimaoteng in Chinese), Solanum Nigrum Linn (SNL, Longkui in Chinese), Salviae liguliobae Radix (SLR, Danshen in Chinese), Scutellariae Barbatae Herba (SBH, Banzhilian in Chinese), Curcumae Radix (CR, Yujin in Chinese), and Duchesnea indica (DI, Shemei in Chineses) (12). In order to assess the efficacy of the Zilongjin tablets on NSCLC more objectively and provide evidence-based medical evidence, we comprehensively evaluated the efficacy of the Zilongjin tablets for NSCLC by meta-analysis. Besides, the study is a basis for follow-up studies to analyze the potential mechanism of the Zilongjin tablets on the intersection gene of NSCLC and COVID-19 (the NC) based on network pharmacology.



2. Method


2.1. Database and search strategy

The following electronic databases were searched to identify eligible trials: Chinese National Knowledge Infrastructure (CNKI), Wan-fang Database, China BioMedical Literature (CBM), MEDLINE (PubMed), EMBASE, Google Scholar, World Health Organization International Clinical Trials Registry (http://www.who.int/ictrp/en/), and US National Institutes of Health Ongoing Trials Register (ClinicalTrials.gov). Meanwhile, eligible trials were retrieved from the initial date until August 22, 2022. The following keywords and phrases, and their abbreviations or derivatives, were used separately or in combination: “the Zilongjin tablets” and “non-small cell lung cancer” or “NSCLC” and “RCT”. The search terms were adapted to different databases with a reliable search strategy developed by the Cochrane Collaboration (13). Finally, two reviewers managed and analyzed all studies by Zotero independently.



2.2. Study selection
 
2.2.1. Inclusion criteria: type of studies

All RCTs, published before August 22, 2022, were considered regardless of blinding.



2.2.2. Type of participants

Any patients with NSCLC of any ethnicity, gender, profession, and age were included.



2.2.3. Type of interventions

The experimental group was the Zilongjin tablets combined with a chemotherapy drug, and the chemotherapy drug combined with and without a placebo group was the control group.




2.3. Outcomes

The primary outcome includes: Objective response rate (ORR); disease control rate (DCR); Quality of life; and Adverse reactions.



2.4. Studies selection and data extraction

Two reviewers independently screened the titles and abstracts of searching results against pre-specified inclusion criteria to identify potential relevance. Disagreements were resolved by consensus. The third reviewer judged all articles included. Two reviewers systematically extracted data regarding study design, participant characteristics, interventions, and outcomes independently. Similarly, discrepancies were resolved by discussion between the two reviewers and consultation with the third reviewer.


2.4.1. Types of study designs to be included

We included randomized controlled trials (RCTs) irrespective of blinding or language. We excluded quasi-randomized trials.



2.4.2. Data extraction and management

Two reviewers independently extracted data, including details of the study population, intervention, and outcome, using a predesigned data extraction form. The following data were extracted: gross trial characteristics (title, authors, and year); baseline of the patient and disease data (gender, age, and sample size); interventions ways; and outcomes (outcome measures and the rate of adverse events). We resolved differences in data extraction by consensus or a third party. One reviewer entered data into Cochrane software Review Manager 5.3 (RevMan5.3) (14), and checked the data to reduce data entry errors.




2.5. Quality assessment

The risk of bias evaluation tool proposed by the Cochrane Collaboration was utilized to address the following seven domains: random sequence generation, allocation concealment, blinding of participants and personnel, blinding of outcome assessment, incomplete outcome data, selective outcome reporting, and “other bias” (15). The risk of bias for each item was summarized into three categories: low, unclear, and high. The first reviewer performed the quality assessment with supervision from the other two reviewers.



2.6. Data synthesis and measures of treatment effect

The data were analyzed using Review Manager 5.3 software (14). Risk ratios (RRs) were calculated using the Mantel–Haenszel method for dichotomous outcomes, and weighted mean differences (MDs) were calculated using the inverse variance method for continuous variables. We used I2 statistics to assess the heterogeneity. A fixed-effect (FE) model was used if there was no significant heterogeneity in the data (I2 < 50%), and a random-effect (RE) model was used if significant heterogeneity was present (I2 > 50%) (16).



2.7. Screening of drug components

The names of all the ingredients of Zilongjin Tablets were retrieved through the TCMSP database (https://tcmspw.com/tcmsp.php), HERB database (http://herb.ac.cn/). Furthermore, all the drug components were collated and retrieved in the PubChem database (https://pubchem.ncbi.nlm.nih.gov/) to obtain the CID numbers, Smiles numbers, and canonical molecular formulas of the active ingredients by Python. The detected drug compounds were imported into the STITCH database (http://stitch.embl.de/cgi/input.pl) to obtain the gene targets interacting with the active ingredient of the Zilongjin tablets, selecting “Homo sapiens”, and screening the targets with a combined score >0.95. We also obtained the gene targets from the HERB database (P < 0.05). Then, we collated all gene targets and screened out duplicate items.



2.8. Retrieval of disease gene targets

The disease targets about the NSCLC and COVID-19 were retrieved from the GeneCards database (https://www.genecards.org) and the NCBI database (https://www.ncbi.nlm.nih.gov) respectively. Additionally, we de-duplicated them with scores >10 in the GeneCards database. Bioinformatics & Evolutionary Genomics (http://bioinformatics.psb.ugent.be/webtools/Venn/) was used to intersect the genes of NSCLC and COVID-19, and the two disease intersections are referred to as the NC.



2.9. Screening of the gene targets of the drug-disease

Using the Bioinformatics & Evolutionary Genomics website, the gene targets of the Zilongjin tablets were intersected with the NC disease targets to obtain the targets of the Zilongjin tablets for both diseases. The 29 targets obtained by screening were imported into the STRING database (http://string-db.org) for the protein-protein interaction (PPI) network. We selected the species as “Homo sapiens”, and the protein interaction score as “high confidence > 0.9”, hiding the unlinked nodes, and kept the rest of the parameters unchanged to obtain the PPI network map. Furthermore, we obtained the interactions information file “string_interactions.tsv” from the String database, imported the data into Cytoscape 3.8.2 software to restring the topology of analysis results by “Network Analyzer” function, and made the PPI network map according to the degree value.



2.10. Enrichment analysis

The intersecting targets of the Zilongjin tablets drug components and the NC were imported into The Database for Annotation, Visualization, and Integrated Discovery (DAVID, https://david.ncifcrf.gov/home.jsp) for Gene Ontology (GO) analysis, including biological process (BP), cellular component (CC), and molecular function (MF), and Kyoto Encyclopedia of Genes and Genomes (KEGG). The results were visualized and analyzed using a microbiology letter (http://www.bioinformatics.com.cn/login/) (17, 18). Meanwhile, we performed a visual topological analysis of the KEGG pathway by applying Cytoscape 3.8.2.



2.11. “Component-target-pathway” networks of the Zilongjin tablets and the NC

We obtained the drug components corresponding to the intersecting targets from the HERB database, and afterward, we docked it with the specific active ingredients of the Zilongjin tablets. Cytoscape 3.8.2 software was used to construct the active ingredient-the NC target network of the Zilongjin tablets, and “merge” and “group attributes layout” were used to cluster the active ingredients. The node size was described by “degree.”




3. Results


3.1. Literature search process

The flowchart of the study search results is shown in Figure 1. According to the inclusion and exclusion criteria, by reading the title, abstract, and full text of the literature, and excluding the repeated studies, cell and animal experiments, reviews and literature with inconsistent research contents, 14 RCTs that met the criteria was finally included (19–32), all of which were Chinese kinds of literature. The basic information of the included studies is shown in Table 1.


[image: Figure 1]
FIGURE 1
 Flow chart of study search and selection process.



TABLE 1 Characteristics of the included trials.

[image: Table 1]



3.2. Characteristics of the included trials

The characteristics of the included 14 trials are summarized in Table 1. A total of 1,064 participants were involved, of which 536 and 528 were in the treatment and control groups.



3.3. Quality assessment of included studies

As shown in Figures 2, 3, unclear risk of bias is in the majority as minimal information was available in many studies to permit a judgment of whether the risk of bias existed. All trials claimed that they were RCTs and described inclusion/exclusion criteria as well as grouping methods. Of the 14 RCTs, 3 three studies specified that they used a random number table to realize the randomization, while the others did not report the randomization procedures. Only 1 trial reported double-blind.


[image: Figure 2]
FIGURE 2
 The Cochrane risk of bias.



[image: Figure 3]
FIGURE 3
 Risk of bias summary. The symbol “+”, low risk; the symbol “?”, unclear; the symbol “-”, high risk.




3.4. Objective response rate

A total of 11 studies with 857 subjects were included. There was no statistical heterogeneity among the 11 studies [Chi2 = 12.62, DF = 10 (P = 0.25); I2 = 21%] (Figure 4). Meta-analysis using the fixed-effect model showed that the improvement ORR of the Zilongjin tablets combined with chemotherapy in the treatment of NSCLC was significantly better than that of chemotherapy alone [OR = 1.48, 95%CI (1.26, 1.75), OR combined hypothesis test Z = 4.68, P < 0.0001].


[image: Figure 4]
FIGURE 4
 The ORR of the Zilongjin tablets combined with chemotherapy in the treatment of NSCLC.




3.5. Disease control rate

A total of 11 studies with 857 subjects were included by heterogeneity test, I2 = 54 > 50%, indicating heterogeneity among studies. The sensitivity analysis of 11 kinds of literature showed that the study of Wang J greatly impacted heterogeneity. After removing this research, the heterogeneity test was conducted again, and the results showed that there was no heterogeneity in the remaining literatures (I2 = 24%) (Figure 5). Meta-analysis using the fixed-effect model showed that the improvement DCR of the Zilongjin tablets combined with chemotherapy in the treatment of NSCLC was significantly better than that of chemotherapy alone [OR = 1.18, 95%CI (1.10, 1.26) OR combined hypothesis test Z = 4.68, P < 0.0001].


[image: Figure 5]
FIGURE 5
 The DCR of the Zilongjin tablets combined with chemotherapy in the treatment of NSCLC.




3.6. Quality of life improvement rate

A total of 8 studies with 313 subjects were included. There was no statistical heterogeneity among the 8 studies [Chi2= 5.82, DF = 7 (P = 0.56); I2 = 0%] (Figure 6). Meta-analysis using the fixed-effect model showed that the improved quality of life of the Zilongjin tablets combined with chemotherapy in the treatment of NSCLC was significantly better than that of chemotherapy alone [OR = 1.25, 95%CI (1.16, 1.35), OR combined hypothesis test Z = 5.69, P < 0.0001].


[image: Figure 6]
FIGURE 6
 Quality of life improvement rate.




3.7. The adverse event

Platelet counts were reported in 9 studies (650 cases), and there was no statistical heterogeneity [Chi2 = 7.13, DF =7 (P = 0.42); I2 = 2%). The fixed effect model was used for meta-analysis (Figure 7). The results of the meta-analysis showed that the platelet count of the experimental group was significantly higher than that of the control group, and the difference was statistically significant [RR = 0.62, 95%CI (0.51, 0.76), Z = 4.56, P < 0.00001].


[image: Figure 7]
FIGURE 7
 The adverse event.


Hemoglobin was reported in 11 studies (849 cases), and there was no statistical heterogeneity [Chi2 = 13.68, DF = 9 (P = 0.13); I2 = 34%]. The fixed effect model was used for meta-analysis. The results of the meta-analysis showed that the hemoglobin of the experimental group was significantly higher than that of the control group, and the difference was statistically significant [RR = 0.59, 95%CI (0.51, 0.69), Z = 7.04, P < 0.000 01].

Leukocytes were reported in 11 studies (725 cases), and there was no statistical heterogeneity [Chi2 = 11.82, DF = 9 (P = 0.22); I2 = 24%]. The fixed effect model was used for meta-analysis. The results of the meta-analysis showed that the leukocyte of the experimental group was significantly higher than that of the control group, and the difference was statistically significant [RR = 0.68, 95%CI (0.60, 0.77), Z = 6.36, P < 0.00001].

Diarrhea was reported in 6 studies (389 cases), and there was no statistical heterogeneity [Chi2 = 2.98, DF = 5 (P = 0.70); I2 = 0%]. The fixed effect model was used for meta-analysis. The results of the meta-analysis showed that there was no significant difference in diarrhea between the experimental group and the control group [RR = 0.73, 95%CI (0.47,1.12), Z = 1.44, P = 0.15 > 0.05].

Nausea and vomiting were reported in 8 studies (450 cases) [Chi2 = 11.32, DF = 6 (P = 0.08); I2 = 47%]. The fixed effect model was used for meta-analysis. The results of the meta-analysis showed that nausea and vomiting of the experimental group were significantly lower than that of the control group, and the difference was statistically significant [RR = 0.64, 95%CI (0.52,0.78), Z = 4.46, P < 0.00001].

Hair loss was reported in 2 studies (158 cases), and there was no statistical heterogeneity [Chi2 = 0.59, DF = 1 (P = 0.44); I2 = 0%]. The fixed effect model was used for meta-analysis. The results of the meta-analysis showed that there was no significant difference in hair loss between the experimental group and the control group [RR = 0.77, 95%CI (0.49,1.21), Z = 1.14, P < 0.26 > 0.05].



3.8. Drug' number in network pharmacology database

AR (Herb id, HERB002560; TCMSP id, 187). ASR (Herb id, HERB001210; TCMSP id, 95). HSL (Herb id, HERB000246; TCMSP id, 16). SNL (Herb id, HERB003482; TCMSP id, 252; SymMap id, SMHB00252). SLR (Herb id, HERB001193; TCMSP id, 93; SymMap id, SMHB00093). SBH (Herb id, HERB000338; TCMSP id, 36; SymMap id: SMHB00036). CR (Herb id; HERB006718; TCMSP id, 469; SymMap id: SMHB00469). DI (Herb id, HERB004977).



3.9. Results of drug component

A total of 149 active ingredients of AR, 276 of ASR, 104 of HSL, 94 of SNL, 253 of SLR, 113 of SBH, 279 of CR, and 21 of DI. Additionally, a total of 787 after de-weighting. Then, we obtained the stitch-PPI networks of the drugs (Table 2).


TABLE 2 Stitch-PPI networks of the drugs.

[image: Table 2]



3.10. Disease target search results

We obtained 397 COVID-19-related targets and 4,307 NSCLC-related targets in total, of which 267 were associated with COVID-19 and NSCLC (Figure 8).


[image: Figure 8]
FIGURE 8
 Veen diagram of NSCLC and COVID-19 intersecting targets.




3.11. TARGET-INGREDIENT-DRUG of the Zilongjin tablets on the NC

There are 29 targets where the gene targets of the Zilongjin tablets intersect with the NC (Table 3).


TABLE 3 TARGET-INGREDIENT-DRUG of the Zilongjin tablets on the NC.

[image: Table 3]



3.12. PPI data analysis

The intersection targets of drug components and the NC of the Zilongjin tablets were imported into the STRING database, and 74 proteins were obtained (PPI enrichment p-value: < 1.0e-16) (Figure 9A). In Cytoscape 3.8.2 software, 74 nodes and 289 edges were obtained using “Analyze network”, sorted by degree value, and the color and size evolved from pink to green with increasing degree value (Figure 9B). TNF (Degree = 79), IL6 (Degree = 76), IL1B (Degree = 70), STAT3 (Degree = 68), TP53 (Degree = 68), EGFR (Degree = 67), EGF (Degree = 62), TLR4 (Degree = 59), IL10 (Degree = 58), HSP90AA1 (Degree = 55), HIF1A (Degree = 55), IFNG (Degree = 54), NFKBIA (Degree = 52), IL2 (Degree = 51), and MTOR (Degree = 50) were the predicted important target proteins.


[image: Figure 9]
FIGURE 9
 PPI network analysis and visualization of the intersection targets of Zilongjin tablets and the NC.




3.13. GO and KEGG enrichment analysis

Twenty-nine intersecting genes of the Zilongjin tablets acting on the NC were imported into the David data platform for GO analysis (BP, CC, and MF). A total of 285 entries in total for BP, mainly involving lipopolysaccharide-mediated signaling pathway (P < 0.01, count = 7, fold enrichment = 119.50), positive regulation of MAP kinase activity (P < 0.01, count = 6, fold enrichment = 58.26) and positive regulation of chemokine production (P < 0.01, count = 7, fold enrichment = 88.77), positive regulation of interleukin-8 production (P < 0.01, count = 7, fold enrichment = 71.70), et al. (Figure 10A). There were 21 entries for CC, with extracellular space (P < 0.01, count = 17, fold enrichment = 6.22), extracellular region (P < 0.01, count = 14, fold enrichment = 4.66), and secretory granule (P < 0.01, count = 4, fold enrichment = 28.65), et al. related (Figure 10A). MF had a total of 26 entries, including cytokine activity (P < 0.01, count = 9, fold enrichment = 30.50), enzyme binding (P < 0.01, count = 9, fold enrichment = 15.02), identical protein binding (P < 0.01, count = 13, fold enrichment = 4.93), heme binding (P < 0.01, count = 5, fold enrichment = 21.54) et al. (Figure 10A). KEGG pathways were enriched with a total of 102 entries, mainly involving Malaria (p < 0.01, count = 8, fold enrichment = 45.04), Inflammatory bowel disease (P < 0.01, count = 10, fold enrichment = 43.31), African trypanosomiasis (P < 0.01, count = 5, fold enrichment = 38.04), Antifolate resistance (P < 0.01, count = 4, fold enrichment = 37.54), et al. (Figure 10B).
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FIGURE 10
 GO and KEGG enrichment analysis. The GO enriched terms of Zilongjin tablets in treating the NC include three parts, the enrichment content of BP (biological process), CC (cellular component), and MF (molecular function), and the 15 results are shown according to the high to low P values, respectively. The X-coordinate indicates the fold enrichment, and the color, corresponding to the value of -log10, of the dot represents the P value of the terms, the color is pinker to indicate the more significant difference [-log10 (p-value)>0.41 means p < 0.05 and -log10 (p-value) >0.88 means p < 0.01]. Besides, the “count” represents the number of genes enriched to this entry, and a bigger dot indicates that more genes are enriched (A). The 45 results of KEGG are shown according to the high to low enrichment of the KEGG pathway (B).




3.14. The network for visual topology analysis of KEGG pathways

The network for visual topology analysis of KEGG pathways contains 79 nodes with 322 edges (Figure 11), the green nodes are pathway genes (Degree < 10), and the pink nodes indicate pathway genes (Degree ≥ 10). The pathways with high degree values include Chagas disease (Degree = 12), Hypoxia-inducible factor 1 (HIF-1) signaling pathway (Degree = 12), Lipid and atherosclerosis (Degree = 11), Coronavirus disease COVID-19 (Degree = 11), Inflammatory bowel disease (Degree = 10), AGE-RAGE signaling pathway in diabetic complications (Degree = 10), Toxoplasmosis (Degree = 10), Tuberculosis (Degree = 10). In addition, targets with Degree values ≥10 include NFKB1 (Degree = 35), TNF (Degree = 31), IL1B (Degree = 28), AKT1 (Degree = 26), IL6 (Degree = 23), TLR4 (Degree = 20), IFNG (Degree = 18), NFKBIA (Degree = 17), TGFB1 (Degree = 16), IL10 (Degree = 15), STAT3 (Degree = 15), and IL2 (Degree = 12).
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FIGURE 11
 The network for visual topology analysis of KEGG pathways.




3.15. “Component-target-pathway” network for Zilongjin tables and the NC

The component-target-pathway network consists of 119 nodes and 429 edges. Among them, the 42 green nodes represent the active ingredients of the Zilongjin tablets, with high degree values such as lupeol, curcumin, and apigenin; the 25 pink nodes represent the targets of the Zilongjin tablets on the NC; the 52 purple nodes represent the pathways of the Zilongjin tablets on the NC (Figure 12). Lupeol (degree = 30), curcumin (degree = 19), apigenin (degree = 8), and calycosin (degree = 7) are the main components of the Zilongjin tablets acting on the NC. While Chagas disease (degree = 13), Tuberculosis (degree = 12), HIF-1 signaling pathway (degree = 11), Amoebiasis (degree = 11), and Inflammatory bowel disease [NFKB1 (degree = 48), TNF (degree = 45), AKT1 (degree = 41), IL1B (degree = 37), IL6 (degree = 37), and STAT3 (degree = 36)] are the main pathways through which the active ingredients of the Zilongjin tablets act on the NC. are the main targets of the Zilongjin tablets-the NC.


[image: Figure 12]
FIGURE 12
 “Component-target-pathway” network for the Zilongjin tablets and the NC. The green nodes represent the drug component, the orange nodes represent the target, and the purple nodes represent the pathway.





4. Discussion

Lung cancer continues to be the most lethal disease in the world (33). The 5-year survival rate for lung cancer has increased over the past 10 years as a result of improvements in the treatment paradigm (34–39). Given that chemotherapy has considerable toxic side effects, including hematological and digestive side effects, it is imperative to consider combining it with other treatment alternatives to reduce the side effects and improve therapeutic outcomes. Adverse effects like vomiting, constipation, diarrhea, weakness, and poor appetite during treatment leave patients with profound memories of harm and affect their subsequent tolerance and adherence to treatment or even abandonment of treatment. It is true even though potent anti-emetic drugs, leukocyte- and platelet-raising drugs after myelosuppression ensure that chemotherapy is administered on time and in adequate doses. There is a dearth of evidence-based evidence, even though the Zilongjin tablets have been demonstrated to be beneficial in treating lung cancer. Comparing chemotherapy alone to chemotherapy plus the Zilongjin tablets, we found that combination therapy had a better impact on NSCLC outcomes and patients' quality of life and that treatment-induced hematological side effects, digestive system side effects, and hair loss were less severe.

Phlegm buildup and blood stagnation, which prevent the Qi of the lung from spreading and purifying, are the fundamental pathogenic factors for lung cancer. Cancer patients were experiencing immunity declining as the disease and its treatments and were often in touch with medical facilities during the COVID-19 outbreak because they needed therapy. Owing to hypo immunity and the lung damage caused by their lung cancer, patients are more susceptible to the SARS-CoV-2 of the COVID-19 virus, which can further exacerbate their condition. According to some disease reports, COVID-19 can cause severe infections and even death (40, 41). With the mortality rate ranging from 3 to 6%, multi-organ failure, acute respiratory distress syndrome, and septic shock occur in almost 20% of patients with COVID-19 (42). Although several therapies have been tried, none of them succeeded. Clinical care focuses more on symptom management, including organ transplantation in the ICU for patients who are severely sick.

According to the theory of traditional Chinese medcine (TCM), “Yili's qi” is the main cause of COVID-19. Moreover, COVID-19's occurrence and development are affected by several pathogenic variables, including moisture, toxicity, cold, heat, and stasis, and the interpretation of the cause is intricate. Many researchers have dissected the interpretation of the cause of COVID-19 from the perspectives of the “warm and turbid,” “heat-toxin,” “cold-dampness,” “cold-damp, the volatile-dry combo,” and “plague-toxicity”, but the conclusion has not been unified. Nowadays, the majority of studies categorize COVID-19 into four phases: (1) Early-stage symptoms might include cold-dampness invading the lungs, heat-dampness invading the lungs, etc. (2) Middle-late-stage symptoms gradually deepen the degree, “appearing to become heat due to depression” (the pathogenic factor transforms into the heat-toxin due to long-term stagnation), “the stagnation of pathogenic dampness and heat” (the combination of dampness and heat damages the body), “phlegm obstructs the lung” (due to difficulty to remove, the dampness gradually develops into a new pathogenic factor “phlegm-dampness”, which obstructs the function of the lung and causes lung damage), and “syndrome of lung collaterals injured by heat” (because the pathogenic factor “warmth-hotness” is more powerful, it depletes the lung fluid and burns the blood vessels in the lungs, forming blood stasis.). (3) In the recovery period, there is “intermingled deficiency and excess”. Although the healthy qi expelling pathogen, the qi is insufficient and the qi, blood, yin, and yang are deficient. Meanwhile, there is a possibility of recurrence of the disease due to the small amount of pathogen vested in the body. (4) In the critical stage, there are several symptoms, such as “syndrome of epidemic toxin blocking lung” (the pathogenic factor “epidemic toxin” blocking the lung qi, resulting in more serious lung ventilation and systemic symptoms).

Yet, there is no variation in the viral strains' capacity to infect various groups when people are infected with the same type of COVID-19 virus (SARS-CoV-2). The varying immunological capacities of various people are an influencing factor in disease severity. Because of high-level immunity, the general population with COVID-19 often has milder symptoms. In contrast, patients with COVID-19 combined NSCLC generally have more severe symptoms due to low-level immunity, and the disease symptoms are mainly intermingled deficiency and excess. The following explanations apply: (1) NSCLC patients have lung damage, so lung qi is weaker to resist pathogenic factors (The lung controls the Qi of the entire body, and the lung Qi has the function to resist pathogenic factors according to TCM theory). Additionally, the DUXIE (pathogenic factor) invading their bodies may even be guided by the patient's inherent pathogenic factors, aggravating the inherent condition. Then the pathogenic factors directly cause serious damage to the lungs, resulting in symptoms such as “phlegm obstructs the lung”, “syndrome of lung collaterals injured by heat”, and “syndrome of epidemic toxin blocking lung”. (2) NSCLC patients who have undergone chemotherapy have a deficient constitution, an imbalance of qi, blood, yin and yang, and dysfunction of the viscera. They are less able to fend off the virus than healthy individuals, which causes their disease state to change more quickly and unstablely than healthy individuals and increases their risk of the disease.

The primary goal of treatment in the early, middle and late phases of the disease in healthy individuals with COVID-19 is to eradicate the DUXIE (pathogenic factor), avoiding the use of tonic formulations or medications that may induce DUXIE (pathogenic factor) stacking. Patients with COVID-19 and NSCLC, on the other hand, require a mix of corrective (the application of tonics) and detoxifying (the removal of pathogenic elements) treatment.

The Zilongjin tablets, as a TCM treatment for lung cancer, have the ability to benefit Qi and nourish the blood, clear heat and detoxify the blood, and regulate Qi and resolve stasis. In this study, the mechanism of action of the Zilongjin tablet on COVID-19 combined with NSCLC was discussed through network pharmacology. The top three major drug components of the Zilongjin tablets are lupeol, curcumin, and apigenin, as shown in the “Component-Target-Pathway” diagram. Lupeol is a natural product found in the AR and other organisms with data available. It acts through numerous signaling pathways such as Inflammatory bowel disease and HIF-1 signaling pathway, and target IL6, STAT3. Curcumin is a natural dyestuff found in the ASR and CR, and it has a role as an anti-inflammatory agent, an antineoplastic agent, a hepatoprotective agent, and an anti-inflammatory agent. Additionally, antifolate resistance, the HIF-1 signaling pathway, and legionellosis are a few of the many signaling pathways through which it functions, and it targets NOS2, IL6, IL1B, NFKB1, TLR4, STAT3, BECN1, HIF1A, FASN, SELP, and other molecules. A natural substance called apigenin is present in SLR, SBH, and other organisms for which data are available, and functions as a metabolite modulator and antineoplastic agent, targeting NFKB1, STAT3, TGFB1, IL2, IFNG, CAT, CD274, and IFNG. These genes are involved in the inflammatory response, and inflammation-triggered immunoreaction plays a significant role in both NSCLC and COVID-19. Moreover, COVID-19-induced endothelial dysfunction will further exacerbate pathological transformation and cause more pronounced inflammation. A cohort study reported that the Neutrophil-to-lymphocyte ratio and platelet-to-lymphocyte ratio were discovered to be separate predictors of mortality in patients with NSCLC neo-coronary pneumonia (43). The Zilongjin tablets will relieve disease progression and reduce patient death brought on by overly aggressive inflammatory responses when they act on the NC. Additionally, several studies have hypothesized that the increased risk for NC patients may relate to lung damage and the elevated immunosuppression (42). The Zilongjin tablets act on the NC via a bidirectional immunoregulation in which BP includes both positive and negative regulation of the inflammatory response. It can inhibit the excessive proliferation of inflammatory cells such as T cells or inflammatory factors, thus suppressing the excessive inflammatory response and positively regulating the inflammatory response to avoid immunosuppression. The further effect of the Zilongjin tablets on the NC needs to be verified by subsequent experiments.

There are some limitations to this study. Fourteen RCTs were national studies and may be subject to some bias. Three included studies explicitly stated that they used a randomization table to achieve randomization, while other studies did not report randomization procedures, and only 1 article reported a double-blind approach, factors that may contribute to implementation bias, and measurement bias. Although objective response rate analyses reported that the Zilongjin tablets in combination with chemotherapeutic agents were significantly more effective than chemotherapy alone in the treatment of NSCLC. According to objective response rate analyses, due to the small sample sizes of the included studies, there was some clinical heterogeneity that affected the analysis's outcome. The dosage of the Zilongjin tablets was consistent across the RCTs (2.6 g/dose, orally, 3 times/d), but the chemotherapy regimens used varied, with two chemotherapy regimens set up in Wang and Yan study (28) (i) norethindrone (VNB) 25 mg/m2 + cisplatin 25 mg/m2; (ii) mitomycin (MMC) 6 mg/m2 + vincristine (VDS) 3 mg/m2 + cisplatin (DDP). The other 10 studies designed only one chemotherapy regimen, such as irinotecan 175 mg/m2 + carboplatin (AUC = 5), docetaxel 75 mg/m2 + cisplatin 20 mg/m2, gemcitabine hydrochloride 1,000 mg/m2 + cisplatin 60 mg/m2, etc. The chemotherapy regimens were not consistent across studies and may have an impact on treatment outcomes, as well as on the results of this study.



5. Conclusion

In this study, we comprehensively evaluated the efficacy of the Zilongjin tablets in the treatment of NSCLC. The efficacy and the degree of improvement in the quality of life of the Zilongjin tablets combined with chemotherapy in the treatment of NSCLC were significantly better than those of chemotherapy alone, and they could attenuate various adverse effects brought about by the disease or chemotherapy. In the network pharmacology, it reported that the efficacy of the Zilongjin tablets against NSCLC combined with COVID-19 might be achieved through the bidirectional regulation of inflammation, while further laboratory analysis was required for subsequent efficacy verification.
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Introduction: Though researchers and scholars have greatly emphasized addressing the influencing factors of vaccination hesitancy, little attention has been paid to patients with celiac disease. Addressing the variables hampering attitudes might help direct appropriate patient advocacy and doctor-patient communication endeavors to encourage vaccination among celiac disease patients. The present investigation seeks to explore the coverage against vaccine-preventable diseases, vaccination attitudes, and related possible factors among celiac disease patients in the Pakistani setting.

Methods: A self-reported online survey was conducted in Islamabad, Pakistan, for celiac disease patients aged 18 and above. The questionnaire was completed by 226 participants, with a response rate of 43.8%. The influencing variables for vaccination hesitancy were examined, and 95% confidence intervals for the crude and adjusted odds ratios were computed.

Results: Among the study population, the majority were females, with a ratio of 75.66%. A prominent proportion of 69.03% was observed for influenza vaccination, while 39.82% were unable to recall all of the vaccinations they had previously received. Only 7% of the patients were considered to have a negative attitude toward vaccination, compared to an estimated 76% who were in favor of it. The significantly positive influencing factors observed toward vaccination were being well-educated (graduate, master, or above), possible recurrence of vaccine-preventable diseases with declining vaccination coverage (adjusted OR: 13.36), and increased confidence in vaccines from health care experts compared to electronic media (adjusted OR: 8.41). Contrarily, practicing complementary and alternative medicines (adjusted OR: 5.59), willingness to get vaccinated again in the future (adjusted OR: 15.59), and prior negative perspectives (adjusted OR: 1.01) were the determinants with a significant negative association.

Discussion: In conclusion, the outcomes of the current work raise the possibility that health practitioners may be accountable for inappropriately prescribing vaccines to this demographic since 77% of the participants had a favorable attitude toward vaccination. These findings could serve as a springboard for creating targeted immunization efforts to raise vaccination coverage against vaccine-preventive diseases among celiac disease patients.
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1. Introduction

Presently, one of the most significant challenges of public health is vaccine hesitancy, which is a widespread, multifaceted, and constantly evolving phenomenon which may vary depending on the period, place, and vaccination type (1–3). The public discourse over vaccinations is a profoundly ingrained aspect of Western civilization and even worse in a low and middle-income setting like Pakistan (4, 5). Primary prevention has consistently been emphasized in Pakistan's healthcare infrastructure, and the country has had a strong legislative background of mandating immunizations since infancy (6, 7). As one of only two remaining polio-endemic nations, the country has previously seen significant resistance to polio vaccine programs (8, 9). As a result, any unfavorable attitudes against immunizations would jeopardize the entire endeavor.

Security concerns, unpleasant narratives, and personal experience are three significant drivers of vaccine hesitation. The reliability of the vaccine is a critical concern even for individuals who are very motivated to get a coronavirus disease 19 (COVID-19) vaccination (10–12). The possible role of COVID-19 in stimulating autoimmune responses has generated considerable interest. Consequently, there is an imperative to explore whether the administration of COVID-19 vaccines elicits the production of autoantibodies and subsequent development of autoimmune conditions. People are concerned about how rapidly a vaccine would have been developed and the fact that healthcare professionals and pharmaceutical corporations would not have known about all of the potential negative effects (13, 14). Vaccine hesitancy is frequently triggered by misguided thoughts about health, illnesses, and immunizations, that could have been affected by disinformation. The emphasis on the possible negative effects of vaccinations in the electronic media has resulted in waves of misunderstanding about vaccine safety, primarily regarding persistent adverse effects, the toxic effects of auxiliary and preservatives, and the immune system weakening (15, 16). Research commissioned by the European Center for Disease Control and Prevention (ECDC) in 2000 presented a first attempt to categorize this multifaceted scenario by separating patients into diverse factions (Figure 1) (17).


[image: Figure 1]
FIGURE 1
 The key population groups identified by the ECDC.


A revival of this concern has been attributed to the COVID-19 outbreak, the current global vaccination crusade, and the ensuing distribution of false documentation by anti-vaccination forces (11, 18). The older population with chronic illnesses including diabetes mellitus, hypertension, chronic renal disease (CRD), and chronic obstructive pulmonary disease (COPD) are more susceptible to infection, thus they are frequently urged to get immunized against vaccine-preventable diseases (VPDs) (19, 20). Older patients in Pakistan who participated in a recent post-pandemic survey had not shown a satisfactory response to the preventative measures provided by vaccinations (21). The potency of a booster shot in conferring substantial protection against serious illness and hospital admissions even among susceptible patients is also highlighted by research from Italy (22). However celiac disease, one of the most prevalent chronic autoimmune ailments with a distinctive histological and serological description brought on by consuming gluten in people with a genetic predisposition, frequently strikes young patients. Patients with celiac disease should typically be urged to take all basic vaccinations against VPDs as the overall populace does, even if it is unknown whether they have a usually higher chance of viral infections (23). In addition, several infectious agents might potentially affect patients with celiac disease. The European Society for the Study of Coeliac Disease (ESsCD) believes that there is a possibility that celiac disease is accompanied by hyposplenism or functional asplenia, which might decrease immunity to encapsulated bacteria and raise the chance of contracting such pathogens (24). As a result, celiac disease patients who are hyposplenic must be vaccinated against pneumococcus.

Doctors typically underestimate celiac disease owing to its irregular clinical manifestations and indications. Most celiac disease patients in Pakistan do not go to hospitals because of their peculiar indications. Several medical facilities in Pakistan, including ours, have seen an upsurge in the number of patients with celiac disease (25–29). According to the findings of these investigations, Pakistan is substantially more affected by celiac disease than formerly believed. The results of population screening initiatives now demonstrate that celiac disease is underdiagnosed and inadequately treated, and constitutes a more substantial challenge to public health in this region. Infectious diseases, as well as the possibility of vaccination to combat them, are controversial subjects not merely within the scientific world, but also in public discourse and attitude (15). With the strength of its impact, social media has helped to mainstream not only vaccination advocacy but also healthcare misconceptions, resulting in rising vaccine hesitation over the last decades (30). Vaccination hesitancy is described as “a delay in acceptance or refusal of vaccines despite availability of vaccination services” by the World Health Organization (WHO) Strategic Advisory Group of Experts on Immunization (SAGE) (31). It highlights a key challenge that has been thoroughly investigated to enhance patient-doctor communication in supporting preventive strategies and fostering vaccination acceptance, commencing with family doctors (32).

To the best of the author's knowledge, the research that is currently available provides scant evidence about whether celiac disease patients are more scared of vaccines than the general population or if they are informed of the immunizations they have already had or could be administered in the future. In response, it is imperative to ascertain the vaccination history and the attitude toward vaccination of celiac patients in the Pakistani populace. We sought to investigate the relationships between all the previous vaccinations history of celiac disease patients and their attitudes toward the vaccination so that potential variables could be identified. Addressing those variables hampering attitudes might help direct appropriate patient advocacy and doctor-patient communication endeavors to encourage vaccination among celiac disease patients.



2. Materials and methods


2.1. Data source and study population

The survey questionnaire (an anonymous web-based adapted version) was developed and sent via email to 514 celiac disease patients twice in 4 weeks by the Pakistan Institute of Medical Sciences, Islamabad, Pakistan in August 2021. Participants were requested to self-report their prior vaccination record as well as their opinions regarding vaccinations, which were categorized as either positive, negative, or neutral (using a multiple-choice assessment). The contributing variables for vaccinations were examined, and 95% confidence intervals for the crude and adjusted odds ratios (OR) were determined. The questionnaire was developed and verified by two biostatisticians, in the second round. Participants were not compensated with any privileges or finances as payment for answering the online survey. Three aspects were assessed by the online questionnaire which included social-demographic/occupational/behavioral details, information on celiac disease, and opinion/attitude toward vaccination. The adapted questionnaire was divided into seven sections and have been added in the Supplementary material.



2.2. Ethical considerations

The Ethics Committee of the PIMS Hospital in Islamabad, Pakistan, authorized this research (Approval Reference: KIIT-2021/0483). All protocols were carried out in compliance with the guidelines established by our institution's Ethics Committee and the Declaration of Helsinki's principles. Interviewees' involvement in the survey was regarded as informed consent. To protect the confidentiality of the participants, we did not request separate written informed consent. All participants' identities were maintained anonymously.



2.3. Statistical analysis

For categorical factors, absolute and relative frequencies were determined, while quantitative variables were summarized by averages and ranges. The study sample was computed based on the percentage of people who were projected to have a positive or negative attitude toward vaccination. A multivariable backward stepwise model for logistic regression comprised all factors identified in the univariate investigation to have a statistically significant correlation with vaccination attitude. To ensure a more conservative perspective, the multivariable analysis only considered variables with a p ≤ 0.20. In the logistic regression model, we also computed the crude and adjusted odds ratio with 95% confidence intervals. The significant threshold for regression analysis was 0.01 with a two-tailed test. With SAS version 9.3 (SAS Institute Inc., Cary, NC, USA), the overall analysis was performed.




3. Results

For the present investigation, 226 participants responded to the questionnaire yielding a response rate of ~43.8%. Table 1 highlights the baseline attributes of the study population with social demographic, occupational, and behavioral states. Among 226 participants, 171 (75.66%) were female patients. The interquartile range for age was 32–59 years, with 42 being the mean age. In addition, 60.18% of the study's participants were graduates, and celiac disease was suffered by every single patient (100%). It was interesting to note that among the selected sample, 93.81% of the participants had comorbid conditions (self-reported). 60.18% of the participants were diagnosed more than 10 years ago, while only 9.29% worked as healthcare providers. In the selected population, an estimated 10.18% were alcoholics and 23% were smokers. Around 13.27% of participants were vegetarians, and nearly 11% had a history of practicing complementary or alternative medicine.


TABLE 1 Basic social-demographic/occupational/behavioral attributes of the study population.
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The estimated vaccination histories for the study population are summarized in Table 2. Among 226 patients, a proportion of 69.03% of the sample's participants had received an influenza vaccination. In contrast, 40.71, 38.94, and 23.5% had received MMR, dengue, and polio vaccinations, respectively. In aggregate, only 38 completed their vaccination against tetanus, 25 received their meningitis vaccination, and 17 received their pneumococcus vaccination. In addition, almost 93 patients (39.82%) could not remember all their previous vaccinations received.


TABLE 2 Vaccination history of the study population with celiac disease.
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Table 3 summarizes the statistics on attitudes toward vaccination for the celiac disease patients chosen for the present investigation. Only 7% of the patients were considered to have a negative attitude toward vaccination, compared to an estimated 76% who were in favor of it. However, barely 45 patients (19.91%) expressed a neutral response. One hundred seventy-six patients (77.88%) indicated a willingness for future vaccinations, and a comparable proportion indicated a willingness to get their children vaccinated in the future. Only 10 of them stated that they would not get their children immunized in the future, while 17% of those who responded indicated that they were only somewhat willing.


TABLE 3 Attitude toward vaccination in the study population.
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The majority of 226 patients (90.71%) considered that the decline in vaccine coverage may lead to a potential resurgence of VPDs, and 222 stated that vaccinations alone (25.22%) or in conjunction with other preventative measures (673%) were the best strategy to avoid VPDs. In contrast, there appeared a negligible ratio that had a conflict. Out of 226 patients, 205 indicated that celiac disease had not been the rationale for prior vaccinations. Only 34 patients (15.04%) self-reported having had a negative vaccination experience in the past. Moreover, 97.35% of the patients demonstrated increased confidence in the information on vaccines offered by healthcare experts than in the information provided by the electronic media.

The outcomes of the univariate and multivariate analyses are summarized in Table 4. Educational attainment at a graduate level (adjusted OR: 6.45 with p < 0.000) and master or above level (adjusted OR: 11.01 with p < 0.000) were the characteristics that positively and significantly influenced the attitude of the patients toward vaccination. Additionally, taking into account the possible recurrence of VPDs with declining vaccination coverage rates (adjusted OR: 13.36 with p < 0.000) and increased confidence in vaccines from healthcare experts compared to mass media (adjusted OR: 8.41 with p < 0.000) shown to have a significant positive impact on the attitude of celiac disease patients toward vaccination. Contrarily, it was found that patients' attitudes toward vaccination were negatively impacted by their use of complementary and alternative therapies (adjusted OR: 5.59 with p < 0.001), their willingness to get vaccinated again in the future (adjusted OR: 15.59 with p < 0.000), and their prior negative perspectives (adjusted OR: 1.01 with p < 0.000). The potential determinants with positive and negative influences on vaccination hesitancy can be presented in graphical form in Figure 2.


TABLE 4 Univariate and multivariate analyses of the selected variable influencing the attitude toward vaccination for patients with celiac disease.
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FIGURE 2
 Potential factors influencing the attitude of celiac disease patients toward vaccination.




4. Discussion

To the best of the author's knowledge, the present survey is a first attempt to document vaccinations and attitudes toward vaccinations among celiac disease patients in the Pakistani community. Statistics demonstrate that nearly 40% of celiac disease patients could recall their vaccination history. The most reported vaccination received is against influenza considering that this vaccination has been mandatory in the Pakistani population since childhood. The self-reported low vaccination rates of the research participants are probably an underestimation of their actual vaccination status. This is corroborated by the fact that 39.8% of the participants had trouble recalling past immunizations, which alludes to a lack of emphasis on the significance of primary prevention and underscores the necessity for effective patient-doctor communication. Very few patients reported receiving a vaccination against encapsulated microbes, which is even more pertinent. Presently, data are scarce on the actual proportion of celiac disease patients who have had a pneumococcal vaccine; however, this suggests that this vaccination is significantly neglected in adult celiac disease patients (33). Our findings are consistent with a prior study conducted in 2013 that examined 119 celiac disease patients 65 years of age or older with at least one comorbid condition and discovered that only 19.2% of the sample patients had been vaccinated against pneumococcus, indicating that the accurate vaccination status in the celiac disease population has not evolved dramatically in the past years (34).

According to prior evidence, the incidence of hyposplenism in celiac disease patients ranges from 19% in cases of simple celiac disease without an autoimmune illness to 80% in settings when premalignant or malignant lesions are evident. Likewise, the frequency of splenic hypofunction rises in people with celiac disease who are also diagnosed with autoimmune diseases (e.g., autoimmune thyroiditis or insulin-dependent diabetes). Splenic hypofunction is unrelated to the period of a gluten-free diet (35, 36). This relationship is significant because hyposplenic individuals are at higher risk of developing catastrophic inflammation caused by gram-negative bacteria (e.g., capnocytophaga canimorsus) as well as encapsulated bacteria (e.g., Streptococcus pneumonia, Neisseria meningitides, and Haemophilus influenza type b) (37, 38). In a survey conducted among general practitioners in Pakistan, their level of understanding regarding the differentiation between celiac disease and irritable bowel syndrome was investigated. Results indicated a tendency to misdiagnose celiac disease as irritable bowel syndrome. The challenges associated with the diagnosis of celiac disease arise primarily from the limited awareness surrounding the condition and the variability of its symptoms. These factors collectively hinder timely identification and subsequent treatment of affected individuals (39).

An abundance of investigations has been conducted so far, particularly pneumococcal vaccination, owing to the potentially catastrophic illnesses linked to encapsulated bacteria in celiac patients. The pneumococcal vaccination should indeed be taken into consideration for patients with celiac disease, paying great emphasis to those who are 15–64 years old and have never experienced a vaccination before since celiac disease is significantly correlated to an elevated risk of Streptococcus pneumoniae (S. pneumoniae) infection, according to Simons et al. (40). Evidence also suggests that giving pneumococcus vaccinations to people with celiac disease who are older at the time of diagnosis, have concurrent autoimmune ailments, have complex celiac disease, have experienced substantial infections or sepsis in the past, or who have venous thromboembolism (VTE) and atrophic spleen (41). The imperative of strengthening effective patient-doctor communication is emphasized by the possible significant risk of inflammation in celiac disease patients associated with hyposplenism (41, 42).

Despite one out of five patients exhibiting a somewhat undesirable opinion, the outcomes of the present work indicate a relatively significantly positive attitude toward vaccinations, with an intent of getting vaccinated in the future (against any infectious disease), also demonstrated a significant attitude toward vaccinations. Intriguingly, the majority of the participants claimed that their celiac ailment had not encouraged them to get their previous vaccines, indicating that they did not perceive a risk of developing an infectious disease as a result of their celiac condition.

This is also very significant since celiac disease is a chronic autoimmune condition that, in rare instances, might necessitate immunosuppressive medication, increasing the risk of contracting infectious illnesses (43, 44). Furthermore, it is crucial to note that 90% of participants believe that the decline in vaccine coverage would lead to a potential resurgence of VPDs. Contrary to a reduced rate of vaccinations that resulted from our research, exhibited a considerable positive relationship with vaccination attitude, suggesting the understanding of the significance of vaccination programs.

As previously documented, a positive attitude toward the use of any other drug has a strong sign, and a negative relationship with the attitude toward vaccinations (45, 46). Considering any other drugs patients who believe that vaccinations and other pharmaceuticals regularly administered by health professionals are hazardous may seek alternative treatments and techniques such as chiropractic and acupuncture (especially in a setting with scarce evidence) (47). The majority of participants believe healthcare providers are more than the media for health-related information. Effective communication may be used to increase immunization rates among celiac disease patients, which is essential for public awareness initiatives. The responsibility of general clinicians is particularly critical since they are frequently the initial referral physician for celiac disease patients. In essence, they should assure that celiac disease patients are adequately vaccinated, if appropriate, against encapsulated microbes (48, 49). Besides that, considerable research, attention, and endeavors should be put into persuading patients who are not well educated and unaware of the adverse outcomes of the undergoing disease. Healthcare professionals should also investigate these reports to gauge the exact spectrum of reported adverse vaccination-related experiences and to establish whether they were legitimate side effects or merely placebo effects. We discovered that their opinions regarding vaccinations were considerably impacted by these unfavorable experiences.

In light of the preceding research and our present findings, we may recommend certain measures that may be adapted to ramp up vaccination acceptance among patients with celiac disease by implementing specific practices. These suggestions may include strengthening the engagement of healthcare experts who routinely handle people with celiac disease, encouraging policies that offer comprehensive guidance on how to effectively advocate for vaccination, and dissemination of the immunization message to all patients with the assistance of patient associations, resulting in the expansion of the immunization culture, improved vaccination practices for celiac disease patients using awareness programs as well as the delivery of vaccinations within of vaccination regimens, and enhancing the doctor-patient relationship for those who are more likely to be hesitant about vaccinations (50–54).

The best approach to ramping up vaccination coverage among celiac disease patients is through education. Inappropriate conduct that violates the public health guidelines suggested for both the general populace and at-risk groups, can emerge from the disparity between the accurate and the perceived risk of VPDs. Although there is an elevated level of awareness, it is crucial to receive the necessary precautions and directions from medical professionals. The use of digital technologies for improving vaccination initiatives might have yielded significant benefits (55).



5. Conclusion

In conclusion, the outcomes of the current work raise the possibility that health practitioners may be accountable for inappropriately prescribing vaccines to this demographic since 77% of the participants had a favorable attitude toward vaccination. These findings could serve as a springboard for creating targeted immunization efforts to raise vaccination coverage against VPDs among celiac disease patients. Healthcare professionals should inquire about how well-vaccinated celiac disease patients are, and counsel them to acquire all recommended vaccinations as well as any additional, potentially life-threatening vaccinations. To strengthen patient communication and design targeted vaccination campaigns for vaccine-hesitant patients, it may be advantageous to identify the factors that influence patients' attitudes regarding vaccinations.

The authors assert that it is imperative for the scientific community and public health officials to ascertain the factors and determinants that influence celiac disease patients' inclination toward vaccines. This understanding is crucial in order to devise tailored vaccination initiatives and optimize communication between patients and doctors.
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Introduction: The aim of this study is to demonstrate the relevance of primary acute angle closure (APAC) and COVID-19 infection, compare the demographic features and manifestations between COVID-19 positive and negative patients with APAC, and infer the underlying mechanism.

Methods: This study is based on all patients diagnosed with APAC at the glaucoma center of Eye, Ear, Nose and Throat Hospital of Fudan University (Fenyang road center) from 15th December 2022 to 11th January 2023. Totally 171 APAC cases were categorized into COVID-19 positive and negative group. Demographic features and final treatment level of the patients were compared between the two groups. Clinical manifestations, intraocular pressure, and anterior chamber configuration were also compared between the two groups.

Results: In the COVID-19 positive group, the number of cases with APAC onset spiked in 22nd December 2022, which coincided with the spike of COVID-19 antigen positive people. Compared to the COVID-19 negative group, COVID-19 positive APAC patients were younger with a lower percentage of APAC history. Additionally, more eyes of COVID-19 positive APAC patients showed keratic precipitates. COVID-19 positive eyes had significantly larger anterior chamber depth with a more dilated pupil. Therefore, COVID-19 infection could probably act as a triggering factor of APAC

Discussion: The onset of APAC might be accelerated by COVID-19 infection for patients with younger age and milder anatomical configuration. Additionally, COVID-19 related APAC cases might have a more abrupt and fierce onset. Ophthalmic emergent services should not be neglected during the epidemic period.

KEYWORDS
 acute primary angle closure, COVID-19, ultrasound biomicroscope, SARS-COV-2, pathogenesis, elevated intraocular pressure


1. Introduction

Acute primary angle-closure (APAC) is a pathologic status characterized by sudden elevation of intraocular pressure (IOP) due to abrupt closure of the anterior chamber angle. Patients may experience headache, eye pain, nausea, vomiting, and loss of vision. If not controlled timeously, the markedly elevated IOP can cause irreversible optic nerve damage and visual field loss, as observed in primary angle-closure glaucoma (PACG). Therefore, APAC is an emergent ophthalmic condition causing necessary concerns.

Anatomic configuration such as small cornea, shallow anterior chamber depth, short axial length, narrow anterior chamber angle, and exaggerated lens vault are the anatomical risk factors associated with APAC. Previous studies had classified such causative factors of APAC into four anatomic levels, namely the iris level (pupillary block), the ciliary level (plateau iris), the lens level (exaggerated lens vault), and the retro-lenticular level (1). However, a combined anatomic mechanism involving cross-level factors was found in some cases of APAC (2). Apart from the pre-existing anatomic factors, sudden presence of contributing factors such as stress, strong emotion, prone position, and staying in dark room may trigger the outburst of an APAC crisis (3, 4). The underlying molecular biological mechanisms of such triggering factors might involve the neuroendocrine system (5), psychological factors (6), among others. In the Asian population, a characteristically high incidence rate of plateau iris was reported in PACG cases (7), indicating mechanism differences in different populations. The disparity in disease spectrum also lies in the prevalence, as the incidence rate of APAC in Asian people was reportedly higher when compared to the Caucasian population (8–10).

Previously, several case reports described APAC cases in patients with Coronavirus Disease 2019 (COVID-19), and the correlation between COVID-19 infection and APAC onset was strongly suggested (11–13). However, there has been a lack of studies including a large-sample size of COVID-19 in patients with APAC. In December 2022, after implementing “dynamic zero COVID” policy for 3 years, China’s lifting of all such restrictions led to a soaring number of COVID-19 cases countrywide. Therefore, a large majority of the country’s medical resources was fed into the treatment of COVID-19 patients. Our center, as a tertiary hospital specialized in ophthalmology, undertook most of the emergent ophthalmic cases in Shanghai. During the outbreak, a lot more patients in our center were diagnosed of APAC than the former years, yet their demographic features, manifestations, and correlation with COVID-19 was not known.

In this retrospective study, medical record of all APAC cases diagnosed within 1 month after the termination of “dynamic zero COVID” policy in our center was studied. This study aimed to demonstrate the characteristics of APAC cases in Shanghai from 15th December 2022 to 11th January 2023, compare the clinical features between SARS-COV-2 positive and negative cases, and probe into the role of COVID-19 infection in APAC pathogenesis.



2. Materials and methods


2.1. Study design and participants

This study is a retrospective observational study based on outpatient medical records of all patients with APAC at the glaucoma center of Eye, Ear, Nose, and Throat (EENT) Hospital of Fudan University (Fenyang road center), Shanghai, China. The study period was within 1 month after China’s relaxation from “dynamic zero COVID” policy, from 15th December 2022 to 11th January 2023. The study followed the ethical standards of the Declaration of Helsinki and was approved by the ethics committee of Eye & ENT Hospital, Fudan University.

The diagnosis of APAC was clarified if the patients met the following criteria: (I) at least two of the following symptoms: pain in ocular area, nausea or vomiting, and history of visual blurring or loss, (II) elevated IOP, (III) at least three of the following signs: conjunctival congestion, corneal edema, dilated or irregular-shaped unreactive pupil, and shallow anterior chamber depth, and (IV) presence of angle-closure configuration. The exclusion criteria included: (I) lack of ultrasound biomicroscope (UBM) result in our center, (II) angle-closure secondary to other ophthalmic conditions, and (III) lack of information on whether the patient had COVID-19 infection history before or after the APAC onset from medical record or telephonic follow-up.

Totally 171 patients met the up-mentioned criteria and were categorized into COVID-19 positive APAC group and COVID-19 negative APAC group. The patient flow diagram is shown in Figure 1. The COVID-19 positive patients were defined as patients whose APAC symptoms started 2 days before the onset of COVID-19 symptoms or within 5 days after COVID-19 onset. The onset of COVID-19 was defined as the date when typical symptoms showed up for those with contact history with diagnosed patients, or the date when they had positive COVID-19 antigen test for those who were asymptomatic. Patients without COVID-19 infection or with COVID-19 infection out of the above-mentioned time range were categorized into the COVID-19 negative group. Among the included participants, 21 patients had bilateral APAC attack. Because 7 unilaterally affected patients only did UBM examination for the affected eyes, 192 affected eyes and 143 fellow eyes were included.

[image: Figure 1]

FIGURE 1
 The flow diagram of patient inclusion.




2.2. Data collection

Demographic features were collected from the medical records of the patients, including age, gender, APAC eye, past history of APAC attack, family history of glaucoma, date of APAC attack, and chief complaint. Maximal IOP was defined as the highest IOP during the attack phase. If the patient had been treated at another hospital, their maximal IOP was acquired from telephonic follow-up. For those patients whose IOP once exceeded the measuring range, the maximal IOP was recorded as 60 mmHg. Clinical signs including conjunctiva/ciliary congestion, cornea edema, keratic precipitates (KP), anterior chamber depth and inflammation, and pupil configuration were obtained from slit-lamp examination record. UBM results during the attack were also documented. The patients’ highest required treatment was categorized into medication, laser, or surgery. COVID-19 infection history including date of onset and their use of medicine before APAC onset was recorded from telephonic follow-up. The follow-up was conducted from 31st January 2023 to 19th February 2023.



2.3. Statistical and data analysis

Statistics were analyzed using STATA 16.0 (College Station, TX, United States). Normally and non-normally distributed data were expressed using mean ± standard deviation and median (P25, P75), respectively. Student’s t test was used to compare the differences in normally distributed quantitative data. Wilcoxon signed rank sum test was used to compare the differences in non-normally distributed quantitative data and qualitative data. Pearson chi-square test was used in comparing categorical data. p value under 0.05 was considered statistically significant.




3. Results


3.1. Number of patients and correlation with COVID-19 outbreak

Correlation between the number of APAC patients and date of their APAC onset is demonstrated in Figure 2. The number of COVID-19 negative APAC patients remained relatively stable over the time (blue line, Figure 2). However, the number of COVID-19 positive APAC patients dramatically increased after 15th December 2022, and spiked on 22nd December 2022 (21 patients). Then, the number of APAC patients gradually declined with fluctuation. Two minor spikes appeared on 25th December 2022 and 29th December 2022. The number of patients with APAC returned to baseline after 3rd January 2023. This trend is similar to the data of COVID-19 antigen from the Chinese Center for Disease Control and Prevention (CCDC) COVID-19 clinical and surveillance Data, as it also spiked on 22nd December 2022, fluctuated and declined with minor spikes on 26th December 2022 and 5th January 2023 (14). Figure 3 displays the time interval between APAC onset and COVID-19 onset. 83.45% (116/139) of the patients felt the symptoms of APAC on the same day or within 2 days after COVID-19 onset.
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FIGURE 2
 Correlation between the number of patients with APAC and their date of APAC onset. The orange line represents all 139 APAC in COVID-19 positive group from 2022/12/15 to 2023/1/11. The blue line represents the 32 patients in COVID-19 negative group.
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FIGURE 3
 Time interval between APAC onset and start of COVID-19 symptoms of COVID-19 positive group. Negative number in the horizontal axis means APAC onset before COVID-19 symptoms appeared. Positive number in the horizontal axis means APAC onset after COVID-19 symptoms appeared.




3.2. Demographic features of study participants

Among the 171 APAC patients, 139 patients reported COVID-19 infection history. Patients in COVID-19 positive group were significantly younger than the COVID-19 negative group (63.50 ± 8.28 vs. 66.31 ± 7.64, p = 0.040). There were more females in both COVID-19 positive group (66.19%) and COVID-19 negative group (68.75%) compared to males. Significantly less patients from the COVID-19 positive group had a past APAC attack (15.83% vs. 31.25%, p = 0.044). The percentage of patients who had bilateral attack and patients with family history of glaucoma were comparable between the two groups. Additionally, 43.17% (60/139) of the patients used NSAIDs orally before APAC onset due to COVID-19 symptoms. Another 7 patients (5.04%) used antiviral medicine and 4 patients (2.88%) used antibiotics. Highest level of required treatment was comparable between groups. Table 1 showed the demographic features and required treatment for APAC patients.



TABLE 1 Features of COVID-19 positive and COVID-19 negative APAC patients.
[image: Table1]



3.3. Clinical manifestations and anterior chamber configuration

The clinical manifestations and anatomical configuration of APAC affected eyes are demonstrated in Table 2. More APAC eyes from COVID-19 positive group showed KP than COVID-19 negative eyes (30.13% vs. 13.89%, p = 0.048). The number of patients with conjunctival/ciliary congestion, cornea edema, dilated/unreactive pupil, anterior chamber inflammation (cell and Tyndall effect) was comparable between the COVID-19 positive and negative APAC eyes. Additionally, the maximal IOP during this APAC attack was comparable between groups.



TABLE 2 Manifestations and anatomical configuration of eyes of COVID-19 positive and negative APAC patients.
[image: Table2]

The anterior chamber configuration in UBM examinations showed significantly larger pupil diameter in COVID-19 positive eyes (4.75 ± 1.17 vs. 4.24 ± 1.03, p = 0.009) as well as a significantly deeper anterior chamber depth (1.66 ± 0.25 vs. 1.57 ± 0.25, p = 0.028), although APAC eyes in both groups demonstrated dilated pupil and shallow anterior chamber depth. Other anterior chamber anatomical structures, namely plateau iris, location of iris root attachment, ciliary process configuration, lens vault, and zonule configuration, were all comparable between COVID-19 positive and negative APAC eyes. No significant difference in anatomical structures was found in the contralateral eyes between COVID-19 positive and negative group (Table 3).



TABLE 3 Anterior chamber configuration of COVID-19 positive and negative contralateral eyes.
[image: Table3]




4. Discussion

Our study demonstrated the number of patients who had an onset of APAC symptoms within approximately 1 month after China’s relaxation from “zero-COVID” policy. Based on the same diagnosis criteria (symptoms, signs, IOP and UBM results at our center), only 12 patients were diagnosed of APAC during the same period in the previous year (15th December 2021 to 11th January 2022) at our center. Such distinction can partly be attributable to the availability for APAC patients to visit other comprehensive hospitals during COVID-19 sporadic season. Since the curve of COVID-19 positive group was quite similar to the curve of COVID-19 antigen positive people released by CCDC, COVID-19 infection was possibly a triggering factor in the pathogenesis of APAC. Notably, the number of COVID-19 negative APAC patients remained stable during our chosen time range. Most of the participants had APAC onset within 2 days after the onset of COVID-19 symptoms. In fact, 31.65% (44/139) patients described having ocular symptoms prior to or simultaneously with fever, which was also persuasive evidence of COVID-19 infection being related to APAC.

Moreover, significant differences were found between the demographic characteristics of COVID-19 positive and COVID-19 negative APAC patients. Fewer patients from COVID-19 positive group had a history of APAC attack and were younger compared to the COVID-19 negative group. Such findings indicated that COVID-19 infection might act as a strong stressor and accelerated the onset of APAC. This could be corroboratively proved by the fact that the eyes of COVID-19 positive patients showed a significantly larger anterior chamber depth. Without the COVID-19 infection, some patients might still be able to live in symptom-free state for a while despite their predisposition due to risky anatomical configuration, and such preclinical phases could be potential therapeutic windows for preventive treatment such as laser peripheral iridotomy.

All patients whose maximal IOP was once too high to be reported with an exact number was documented as 60 mmHg. Additionally, since some patients were already treated with intravenous mannitol before their first IOP test at another hospital, the maximal IOP recorded was lower than the actual value. COVID-19 positive patients with APAC had eyes with a larger pupil diameter under UBM examinations. More eyes in COVID-19 positive group showed pigmentary KP, a sign for iris atrophy. Both larger pupil diameter and more cases with punctate KP could indicate that APAC eyes from COVID-19 positive group experienced a more aggressive attack phase. Therefore, the iris tissue of COVID-19 positive patients might suffer from severer ischemia and thereafter present atrophy that is more obvious.

Previous study discovered ACE2 receptor in conjunctiva (15), which is the entry receptor of SARS-COV-2 (16). Additionally, various studies in COVID-19 infected patients worldwide showed the existence of ocular manifestations such as conjunctival hyperemia, and conjunctival discharge, etc. (17). Other studies suggested ocular symptoms could present even earlier than respiratory symptoms (18–20). Positive conjunctival swab PCR test was found in 3.9% of patients with COVID-19 (17). All such evidence proved that eyes can be affected by COVID-19 infection. Since no significant difference was found in the anatomical mechanism, the correlation between COVID-19 infection and early-onset aggressive APAC attack might be due to both systematic and local triggers.

Early studies proposed the possibility of APAC being caused by surgery and general anesthesia (21, 22). Although muscle relaxants may play a part, such reports still suggested the possible role of emotional upset and stress as triggering factors. In COVID-19 cases, infection and quarantine could also cause stress condition and negative emotions. Secondly, systematic medication was also reported as suspected APAC trigger (23), while in our study, 43.17% patients recalled using cold medication (containing NSAIDs, antihistamines) to relieve COVID-19 symptoms. Thirdly, a previous study reported a higher ocular surface temperature in glaucomatous eyes (24). In our study, 82 patients (58.99%) started to feel eye pain or vision loss concurrently with the onset of hyperthermia, or on the second day of fever. Such time consistency suggested that hyperthermia may cause potential congestion and edema in anterior chamber structures, making the narrow anterior chamber even worse. Lastly, patients with COVID-19 may spend long time relaxing in dark room, which can cause dilated pupils, thus pose a threat to the already-jammed anterior chamber angle.

Therefore, stress, depression, oral medication, fever, body position, and dark environment might contribute to APAC pathogenesis as systemic triggers.

Local ocular triggers caused by COVID-19 infection may also contribute to APAC onset. Previously, various case reports showed the possibility of uveitis and optic neuritis being related to COVID-19 infection (19, 25–27). Moreover, SARS-COV-2 was detected in the aqueous humour of asymptomatic COVID-19 patients (28). Despite the low detection rate, these studies suggested that apart from the ocular surface, intraocular involvement could also be possible during COVID-19 infection. However, low positive rate also suggested that in most cases, SARS-COV-2 did not interfere with the intraocular environment by directly entering the eyes. Changes in ocular microenvironment might contribute to the pathogenesis and prognosis of APAC. Various early studies in PACG showed changes in aqueous humour immune microenvironment (29, 30) and iris immune status (31), which may lead to a local immune disorder. Additionally, intraocular microenvironment may also be interfered by the blood supply as increased retinal vessel diameter during COVID-19 infection and decreased vessel diameter after remission were reported (32), as well as some cases of retinal vein occlusion (33–35). Reduced vessel density and enlarged fovea avascular zone were found in COVID-19 infected patients (36), and were explained as the ocular consequence of systematic thrombotic microangiopathy and hypercoagulation (37). Therefore, changes in immune and vascular microenvironment may be local ocular factors and trigger an all-or-none change in anterior chamber angle. However, the explicit relationship between viral infection and APAC onset still requires further studies.

This study had several limitations. Firstly, although this study included a large number of patients with APAC, patients from the other branches of EENT Hospital, Fudan University as well as patients who did not visit the glaucoma center were not included. Additionally, 10 patients’ COVID-19 infection history was unclear because of death or lost-to-follow-up. Second, for patients who reported their COVID-19 infection history and maximal IOP, recalling bias was unavoidable because the follow-up was conducted approximately 1 month after their first visit. Thirdly, as reported by CCDC, the main virus subvariant affecting Shanghai during the outbreak was BA5.2 (14). With a high vaccination coverage, this mild strain of SARS-COV-2 may bring about a high percentage of asymptomatically infected patients. Some patients were categorized into COVID-19 negative group simply because they had no symptom and they did not test for COVID-19. Therefore, the difference between groups might have be underestimated. Lastly, longer follow-up time is needed to understand differences in long-term prognosis of COVID-19 positive and negative APAC patients.

In conclusion, this is the first large-sample study of COVID-19 and APAC. Relevance between APAC attack and COVID-19 infection was highly suspected. COVID-19 infection accelerated the occurrence of APAC since infected patients were younger, had milder anatomical malformation and less possibility of past APAC attacks. COVID-19 positive relevant APAC patients might have experienced a more abrupt attack phase. This study highlights the importance of medical resource allocation to emergent ophthalmic cases, even during epidemic period of infectious diseases in the future.
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This study aimed to predict the transmission trajectory of the 2019 Corona Virus Disease (COVID-19) and analyze the impact of preventive measures on the spread of the epidemic. Considering that tracking a long-term epidemic trajectory requires explanatory modeling with more complexities than short-term predictions, an improved Susceptible-Exposed-Infected-Removed (SEIR) transmission dynamic model is established. The model depends on defining various parameters that describe both the virus and the population under study. However, it is likely that several of these parameters will exhibit significant variations among different states. Therefore, regression algorithms and heuristic algorithms were developed to effectively adapt the population–dependent parameters and ensure accurate fitting of the SEIR model to data for any specific state. In this study, we consider the second outbreak of COVID-19 in Italy as a case study, which occurred in August 2020. We divide the epidemic data from February to September of the same year into two distinct stages for analysis. The numerical results demonstrate that the improved SEIR model effectively simulates and predicts the transmission trajectories of the Italian epidemic during both periods before and after the second outbreak. By analyzing the impact of anti-epidemic measures on the spread of the disease, our findings emphasize the significance of implementing anti-epidemic preventive measures in COVID-19 modeling.
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1. Introduction

The COVID-19 pandemic has emerged as a significant global public health crisis, causing severe inflammation of the lungs due to a type of coronavirus. The virus’s high transmission rate, severe infection outcomes, and unpredictable epidemic timeline have posed an ongoing threat to human health, causing significant damage to the global economy. As stated by WHO Director-General Dr. Tam Desai, this pandemic is a once-in-a-century health crisis, and its ramifications will last for decades. Therefore, understanding the epidemic’s spreading mechanism (1, 2), analyzing the impact of anti-epidemic measures on its spread (3–5), and predicting its development trend and turning point have become critical issues (6–8).

Since the outbreak of COVID-19, modeling and analyzing the spread of the disease has become a significant area of focus. Common infectious disease models can be classified into SI, SIS, SIR, SIRS, and SEIR models depending on the specific disease’s characteristics. While some researchers have used the SIR model to analyze the epidemic situation in various countries (9–11), it is worth noting that COVID-19 patients have an exposed period and are infectious, making the SEIR model a more appropriate choice for analysis. Cao (12) developed an enhanced SEIR model that incorporated measures such as medical tracking and quarantine, based on limited data available in the early stages of the COVID-19 outbreak. In Wang’s model (13), infected individuals were classified into symptomatic and asymptomatic categories, and a network model was established to predict when Wuhan and its surrounding areas could resume economic activities. Tang (14) incorporated the contact rate and diagnosis rate dynamics into their model parameters. Li (15) estimated the proportion of symptomatic and asymptomatic infected individuals in China before January 23, as well as the ratio of symptomatic to asymptomatic infections. Zhang (16) introduced time-lag components and established a multi-stage time-delay dynamic model to investigate the impact of transportation on COVID-19 transmission. Zhong (17) developed a novel coronavirus pneumonia model based on transportation system dynamics and concluded that transportation has a positive feedback effect on the spread of COVID-19. Bag (18) utilized spatial statistical analysis to investigate the temporal and spatial patterns of COVID-19 transmission in India. Some researchers have employed advanced deep learning algorithms to construct artificial intelligence models for predicting the epidemic’s development (19–21). However, classical SEIR model parameters are fixed and may not accurately reflect the current epidemic situation’s evolving trend. As a result, due to changes in government anti-epidemic measures, improvements in medical care, and advancements in detection capabilities over time, dynamic model parameters are essential (22).

Through extensive research and analysis of the current SEIR model based on COVID-19, it has been found that while most studies are capable of short-term predictions within a specified period (23, 24), there is a lack of effective and accurate long-term prediction and anti-epidemic models. To address this issue, this study takes a comprehensive approach by considering various factors such as epidemic transmission characteristics (25), intervention measures (26), detection capabilities, and others, to enhance the classical SEIR model. Specifically, this model incorporates asymptomatic or mildly symptomatic infections and considers medical track quarantine, quarantine treatment, and other relevant measures in its construction. In order to capture the reality and complex dynamics of epidemic transmission more effectively, this model also incorporates distributed delays to define parameters such as contact rates and testing capabilities. Considering that certain parameters of the improved SEIR model require dynamic adjustments, regression algorithms and heuristic algorithms are utilized to calibrate these parameters, thereby enhancing the robustness of the model. The Italian epidemic (27, 28) experienced a second outbreak in August 2020. A survey by the Italian Business Association found that 21.1 million Italians went on holiday, accounting for 40% of the total population, which may have contributed to the epidemic’s resurgence (29). Thus, we analyze the Italian epidemic in two stages, with August 1st, 2020 as the cut-off point. The first stage pertains to the initial wave of the epidemic, while the second stage relates to the rebound after the resurgence. In this study, official announcement data from February to September 2020 was utilized. For each stage, a portion of the data was properly allocated as a training set to perform model parameter inversion. The data not included in the model training process was used to evaluate the predictive performance of the model and predicted the endpoint of the epidemic under these preventive measures. Additionally, sensitivity analysis experiments were conducted on the epidemic-related parameters in the model to analyze the impact of anti-epidemic measures on the spread of the disease.



2. Materials and methods


2.1. Model assumptions

It is essential to consider the divergence between the actual situation and the model. Therefore, this study incorporates the transmission characteristics of COVID-19 and makes several assumptions regarding the model, which are as follows:

1. Patients in the incubation period are able to infect susceptible individuals, while recovered patients are immune to reinfection due to the presence of antibodies. Furthermore, asymptomatic infections have a low mortality rate, and therefore, are not taken into consideration at present. Additionally, it is assumed that patients in quarantine areas are not infectious.

2. We have chosen the scenario of “closing the city” in China’s Hubei province as a template for our model. It should be noted that this model is structured as a closed node and does not account for population inflow/outflow or birth/death rates. While these factors may have an impact on the spread of COVID-19, they are not considered within the scope of this study.

3. Firstly, it is assumed that during the early stages of the outbreak, all residents complied with the government’s call to stay at home and wear masks while outside. Secondly, while most previous studies define the contact rate as a constant parameter, this does not accurately depict the dynamic implementation of anti-epidemic measures in different countries. It is recognized that not all infected individuals can be promptly detected. Considering that distributed delay plays a crucial role in capturing the time lag between infection, symptom onset, and subsequent transmission. Incorporating distributed delay in SEIR models helps to account for the variability observed in the incubation period, the time from infection to the development of symptoms, as well as other factors that influence disease progression and transmission (30). Therefore, Main novelty of this improved SEIR model is its ability to incorporate changes in contact rate c, detection capability T, and recovery rate through time varying deterministic and stochastic assumptions. The specific expressions utilized are outlined below:

[image: image]
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In the equation, [image: image] represents the maximum contact rate at the initial stage, while b denotes the minimum contact rate. Due to successful implementation of prevention and control measures, the likelihood of infected individuals coming into contact with susceptibles is significantly reduced, thus we assume that b = 0. The coefficients d1 and d2, on the other hand, refer to the rate of change in detection capability.

During an epidemic, variations in medical treatment and human immunity can cause fluctuations in the daily recovery rate. In order to account for these fluctuations, we calculate the daily recovery rate using the following equation:

[image: image]

R (t) represents the number of individuals who have recovered on a given day, while R (t-1) denotes the number of individuals who had recovered the previous day. Additionally, I (t-1) is the number of existing patients on the previous day.

To calculate the relationship between the daily recovery rate and time during an epidemic, we utilize Eq. (3) to determine the actual daily recovery rate. Next, we establish the following regression equation:

[image: image]

The regression coefficients [image: image], [image: image], [image: image] are calculated by gradient descent method.



2.2. Improvement of SEIR model

In the traditional SEIR model, there are four categories of individuals: susceptible (S), exposed (E), infected (I), and recovered (R). However, this model has limitations in accurately simulating the actual epidemic spread. To address these limitations, we have improved the model by dividing the infected (I) category into two subcategories: asymptomatic infected (A) and symptomatic infected (I), as well as hospitalized (H) and deceased (D). Additionally, given the government’s measures to track the contacts of infected individuals, we further divided those in close contact with infected individuals into two subcategories: quarantined susceptible (Sq) and quarantined exposed (Eq).

In our improved model, we define q as the track quarantine ratio, [image: image] as the probability of infection, and c as the contact rate. Close contacts are quarantined at a rate of q, and if they become infected, they are transferred to the quarantined exposed (Eq) category at a rate of [image: image]. Otherwise, they will be transferred to the quarantined susceptible (Sq) category at a rate of [image: image]. Quarantined exposed individuals (Eq) are then transferred to hospital quarantine treatment at a rate of [image: image], while quarantined susceptible individuals (Sq) are removed from quarantine and moved into the susceptible (S) category at a rate of [image: image]. The population transformation relationships are illustrated in Figure 1.

[image: Figure 1]

FIGURE 1
 Population transformation diagram of the improved SEIR model.


An improved differential equation of SEIR transmission dynamics is as follows:

[image: image]

Parameter settings are shown in Table 1.



TABLE 1 Improved SEIR transmission dynamics differential equation parameter table.
[image: Table1]



2.3. Parameter estimation

Since the improved SEIR model relies on multiple parameter specifications provided in Table 1, with some parameters being dynamic and exhibiting significant variations across different states, the crucial task is to calibrate the relevant parameters within the model (31, 32). The primary objective is to ensure that the improved SEIR model is suitable for data from any given state. To achieve this goal, we utilize both regression algorithms and heuristic algorithms to estimate the model parameters based on actual data from February to May 2020.


2.3.1. The regression algorithm fits the daily recovery rate

The regression algorithm is a widely used supervised learning algorithm in machine learning. In our study, we employ the gradient descent algorithm to solve for the regression coefficients and identify the nonlinear relationship between the number of days and the daily recovery rate. Specifically, we assume that the functional relationship between time and recovery rate can be represented by the following equation:

[image: image]

Within our equation, t represents the number of days, and [image: image], [image: image], and [image: image] denote the regression coefficients. These coefficients are used to estimate the nonlinear relationship between time and the daily recovery rate.

In our study, we utilize the mean square error criterion to establish an expression for the loss function. This criterion is defined as the average of the squared distances between the predicted values and the actual values. By employing this criterion, we can accurately measure the deviation between predicted and actual values in our model.

[image: image]

Where [image: image] is the loss function, [image: image] is the sample observation value, [image: image] is the prediction value, and [image: image] is the number of data sets.

We derive the partial derivation of the loss function [image: image]:

[image: image]

The [image: image] is the independent variable corresponding to the [image: image] coefficient.

Then we initialize [image: image] randomly, and then iterate along the direction of negative gradient, so that the updated [image: image] makes [image: image] smaller. The equation is as follows:

[image: image]

Where [image: image] is the learning rate. When [image: image] drops to a certain point or a defined minimum value, it stops descending, and substitutes the [image: image] into the loss function to get the minimum value. The regression coefficient is estimated and the regression equation of [image: image] is obtained. The fitting results are shown in Figure 2.

[image: Figure 2]

FIGURE 2
 Fitting effect graph based on Italian daily recovery rate data.


We calculated that [image: image] is the overall recovery rate, but the recovery rate of the infected (I) and the infected (A) is different in reality. Therefore, we give reasonable assumptions based on the fitting effect of the model.

Assuming [image: image], [image: image], according to the ratio of the number of infected (I) to infected (A), the results can be calculated:

[image: image]



2.3.2. Heuristic algorithm to obtain model unknown parameters

Heuristic algorithms are applied to numerous real-world problems, allowing for the approximation of effective solutions in situations where guaranteeing the optimal solution is not feasible. Using heuristic-based models has contributed to a better understanding of the transmission trajectory of epidemics and increased the reliability of simulations (33). In this study, the Genetic Algorithm (GA) was utilized to calibrate the relevant parameters within the model. The objective of the algorithm is to optimize specific state-dependent parameters in order to enhance the agreement between the model and data. Each set of parameters for the SEIR model, along with the corresponding results, is referred to as an “agent.” Each agent possesses a unique input set of state-dependent parameters, which serves as its genome. The genome is comprised by a list of the state-dependent parameters: initial maximum contact rate ([image: image]), infection rate ([image: image]), track quarantine ratio ([image: image]), death rate of symptomatic infection ([image: image]), death rate of patients in quarantine treatment ([image: image]), the ratio of the propagation capacity of exposed to infected ([image: image]), and the regulator of infectious probability in asymptomatic infected ([image: image]).

In order to optimize the parameters using a genetic algorithm, the agents’ performance is evaluated based on their “fitness,” which measures how well the agent matches the available data. In this study, fitness is determined by comparing the SEIR model’s results with the available data on cases, recoveries, and deaths. The fitness value is calculated using Eq. (11).

[image: image]

[image: image] is the official daily number of cumulative infected cases, [image: image] is the number of cumulative recovered cases, [image: image] is the number of cumulative deaths cases.

Specifically, we set value ranges and sampling intervals for the unknown parameter set [image: image] and utilized a genetic algorithm to randomly sample the parameters. The sampled values were then brought into the modified SEIR model, generating 2000 Monte Carlo simulations from the model. Using simulated data of the parameters as samples, we obtained the 95% confidence interval as the new sampling interval. Following further sampling using the genetic algorithm within the revised parameter intervals, the optimal value of the parameter set [image: image] is revealed in Table 2.



TABLE 2 Confidence interval and values of parameters.
[image: Table2]





3. Model verification and analysis


3.1. Model verification

In this study, we utilized China’s Hubei anti-epidemic methods as a reference to analyze and predict the second outbreak of the Italian epidemic. Due to the gradual stabilization of the COVID-19 situation in Italy in July 2020, this study first simulated and predicted the hypothesis that there will be no second outbreak of the COVID-19 in Italy. The cases recorded from February to May 2020 were selected as the training set to calibrate the parameters of the improved SEIR model, while the cases from June to July were used as data not used for model fitting to evaluate the predictive performance of the SEIR model. The analysis results, as depicted in Figure 3, indicate that in the absence of a second outbreak, the epidemic was largely under control by late July 2020. Based on our model prediction, the peak number of cumulative infected cases would be approximately 250,000 (95%CI: 218,000-287,000), the peak number of cumulative recovered cases would be around 210,000(95%CI: 186,000-239,000), and the peak number of cumulative deaths would be approximately 36,000(95%CI: 31,700-41,600). Furthermore, since February 24, 2020, the actual daily cumulative number of reported cases in Italy has been mostly within the 95% confidence interval of the model simulation results, highlighting the accuracy of our simulation and prediction.

[image: Figure 3]

FIGURE 3
 The simulation results of the epidemic situation in Italy without a second outbreak.


Assuming that August 1st, 2020 marked the beginning of the second outbreak, we utilized the above model to conduct simulations from that day onwards. Due to intensified government anti-epidemic measures and changes in public perception compared to the initial phase of the epidemic, we refitted the model parameters using actual cases collected in August 2020. The cases collected in September were used as data not used for model fitting to evaluate the predictive performance of the SEIR model. The corrected parameters were then incorporated into the model. As illustrated in Figure 4A, according to this simulation model, the Italian epidemic situation would be largely under control by late October 2020, with the number of cumulative infected cases peaking on November 1st, 2020. Additionally, Figures 4B–D demonstrate the absolute error existing between the simulated data and actual data.

[image: Figure 4]
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FIGURE 4
 The simulation results of the epidemic situation in the case of a second outbreak in Italy. (A) Simulation and prediction of the second outbreak in Italy. (B) Absolute error of cumulative infected cases. (C) Absolute error of cumulative recovered cases. (D) Absolute error of cumulative dead cases.


Based on the simulated and predicted results of the epidemic during the two mentioned time periods, the improved SEIR model eventually converges to a stable equilibrium state. This implies that as time progresses, the population sizes of each group reach a steady value, with no significant changes occurring. In this equilibrium state, the spread of the infectious disease is balanced with the rate of recovery or immunity, resulting in either the cessation of transmission or maintaining it at a low level within the population (34). This also indicates the existence of global solutions within this model (35).



3.2. The impact of anti-epidemic measures on the spread of the epidemic

To analyze the impact of anti-epidemic measures on the trend of the epidemic, we employ sensitivity analysis experiments within our model. Specifically, we observe the development of the epidemic in Italy since August 1st, 2020 through changes in the track quarantine ratio q. As illustrated in Figure 5, reductions in the proportion of track quarantine to 0.8q and 0.6q resulted in increases in the number of cumulative infections. Conversely, when the proportion of track quarantine was increased to 1.2q and 1.4q, the number of cumulative infections decreased accordingly. These findings demonstrate that strict medical track quarantine is an effective means of preventing the spread of the epidemic.

[image: Figure 5]

FIGURE 5
 The impact of track quarantine on the spread of the epidemic.


As government interventions on the epidemic become more stringent, residents are encouraged to stay at home, reduce their number of trips, and practice personal protection measures. This results in a decrease in the dynamic variable for the contact rate of infected individuals, as shown in Eq. (1). The minimum contact rate b can be expressed as the final steady state of the infected persons’ contact rate under anti-epidemic measures. Given that this model is based on China’s strict anti-epidemic measures, we assume that the minimum contact rate is b = 0. However, it is important to consider the impact of changes in b on the epidemic under different anti-epidemic measures, as not all countries can implement measures as strict as China’s.

Through simulation, we find that increasing the value of b leads to an increase in the number of cumulative infected cases during the second stage of the epidemic, as illustrated in Figure 6. When b reaches 0.6 and 0.8, there is a significant increase in the number of cumulative infected cases. However, when b equals 0.3, the increase is less noticeable. These findings suggest that reducing the flow of people can achieve a similar effect to a completely enclosed quarantine. Additionally, Figure 7 demonstrates that the time taken to reach the peak number of cumulative infected cases also increases with the rise of b. Therefore, by strengthening anti-epidemic measures and reducing population movement, it is possible to effectively lower the peak number of infections and bring the epidemic under control earlier.

[image: Figure 6]

FIGURE 6
 The impact of changes in the minimum contact rate [image: image] on the number of cumulative infected cases.


[image: Figure 7]

FIGURE 7
 The impact of the change in the minimum contact rate [image: image] on the peak time of the number of cumulative infected cases.





4. Conclusion

This study proposes an improved SEIR epidemiological model to retrospectively analyze and predict the transmission trajectory of COVID-19 in Italy from February to September 2020. In this model, besides considering specific states for different population groups, dynamic parameter settings are incorporated by adding time varying deterministic and stochastic assumptions. This enables the model to better capture the realistic and complex dynamics of the epidemic spread. It is worth noting that some parameters of the improved SEIR model exhibit significant variations across different states. Therefore, regression algorithms and heuristic algorithms are used to calibrate these parameters, making the model applicable to data from any given state. By simulating and predicting the transmission trajectories during two periods, before and after the secondary outbreak in Italy, the numerical results demonstrate that the model possesses good long-term predictive performance and robustness. The model was then utilized to analyze the impact of anti-epidemic measures on the epidemic’s development and predict future trends. The results indicate that:

1. Strict medical track quarantine is effective in restraining the epidemic’s development.

2. Reducing population movement, practicing personal protection, and avoiding contact with infected individuals can effectively reduce the peak number of infections, leading to earlier control of the epidemic.

3. Lowering the proportion of population movement can achieve similar outcomes to complete lockdowns.

To curb the epidemic’s growth, Italy must enhance anti-epidemic measures, reduce population movement, and promote public awareness of epidemic prevention measures to maintain the minimum contact rate of infected individuals within a small range.

As this model was based on a closed space, it did not account for the inflow and outflow of populations between Italy and other countries. Thus, we plan to conduct further research by launching SEIR model simulation studies that take into consideration transportation, temporal and spatial distribution, population movement, and multiple patches. Through these analyses, we aim to develop an epidemic spread prediction and precise prevention control system based on temporal and spatial big data. This will provide more comprehensive insights into the dynamic nature of COVID-19 transmission, allowing authorities to formulate more effective measures to prevent and curb its spread.
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Introduction: The CALL score is a predictive tool for respiratory failure progression in COVID-19. Whether the CALL score is useful to predict short- and medium-term mortality in an unvaccinated population is unknown.

Materials and methods: This is a prospective cohort study in unvaccinated inpatients with a COVID-19 pneumonia diagnosis upon hospital admission. Patients were followed up for mortality at 28 days, 3, 6, and 12 months. Associations between CALL score and mortality were analyzed using logistic regression. The prediction performance was evaluated using the area under a receiver operating characteristic curve (AUROC).

Results: A total of 592 patients were included. On average, the CALL score was 9.25 (±2). Higher CALL scores were associated with increased mortality at 28 days [univariate: odds ratio (OR) 1.58 (95% CI, 1.34–1.88), p < 0.001; multivariate: OR 1.54 (95% CI, 1.26–1.87), p < 0.001] and 12 months [univariate OR 1.63 (95% CI, 1.38–1.93), p < 0.001; multivariate OR 1.63 (95% CI, 1.35–1.97), p < 0.001]. The prediction performance was good for both univariate [AUROC 0.739 (0.687–0.791) at 28 days and 0.869 (0.828–0.91) at 12 months] and multivariate models [AUROC 0.752 (0.704–0.8) at 28 days and 0.862 (0.82–0.905) at 12 months].

Conclusion: The CALL score exhibits a good predictive capacity for short- and medium-term mortality in an unvaccinated population.
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CALL score, COVID-19, mortality, prediction, inpatients


Introduction

In December 2019, a new strain of coronavirus (SARS-CoV-2) was identified in Wuhan, China, leading to an unprecedented pandemic (1). On 3 March 2020, the first case was reported in Chile. Since then, the number of hospitalizations for pneumonia associated with acute respiratory failure has increased dramatically, putting a significant strain on both the public and private healthcare systems (2).

The coronavirus disease (COVID-19) mainly affects the respiratory system and has also been associated with coagulopathy and disturbances in neurological, cardiac, hepatic, and renal functions (1). A study conducted in the United Kingdom reported that 17.1% of patients hospitalized with COVID-19 were admitted to an intensive care unit (ICU), and 55% of all patients required high-flow oxygen therapy at some point during their hospitalization (3). In-hospital mortality was estimated at around 15–20% (1). These data were published before the availability of steroids, immunomodulators, and vaccination (9–11).

The response to the COVID-19 pandemic required a systematic and collaborative approach. From the moment the first cases of SARS-CoV-2 virus infection were detected worldwide, the scientific community came together to develop an effective strategy to fight the pandemic. Several vaccines were developed and underwent rigorous clinical trials to assess their safety and efficacy. The trials showed that the vaccines were 95% or more effective in preventing severe COVID-19 infections and ~50% effective in preventing mild infections (14). The vaccination has significantly increased the immunity rate among the population, leading to a decrease in COVID-19-related infections and hospitalizations (14). However, there is still a small percentage of the population that remains unvaccinated and may be susceptible to developing severe forms of the disease.

Considering the high mortality observed in unvaccinated patients with COVID-19 pneumonia, the high demand for hospital resources, and the scarcity of effective therapeutic interventions, it is of the utmost concern to create tools that allow for predicting the progression of the disease and mortality risk. Subsequently, this may help in the efficient use of health resources in high-risk patients.

For this purpose, Ji et al. analyzed a retrospective cohort of COVID-19-unvaccinated hospitalized patients (4). They identified risk factors associated with progression to severe respiratory failure, such as the number of comorbidities, advanced age, lymphopenia, and elevated lactate dehydrogenase (LDH) levels. Based on their results, they proposed the Comorbidity, Age, Lymphocyte count, and LDH (CALL) score, with a numerical scale from 4 to 13, that allows the stratification of patients according to the risk of progression (4). In May 2020, Grifoni et al. conducted a preliminary analysis of the score in an Italian cohort of COVID-19 hospitalized patients. They found that the score was useful to predict in-hospital mortality at 28 days from admission, perhaps even superior to its ability to establish the risk of progression to severe respiratory failure (5). Other groups have proposed other scores with similar purposes, including clinical, laboratory, and imaging variables. Although these scores comprise more variables, some are expensive (computed tomography and interpretation by expert radiologists), include exams that are not always available (myoglobin), and have not been internally and/or externally validated to our knowledge (6–8). The CALL score only requires clinical variables and laboratory tests that are inexpensive and widely available. It is simple and easy to use; however, its ability to predict mortality in unvaccinated individuals is still uncertain.

This study aimed to determine the ability of the CALL score to predict increased mortality risk in the unvaccinated Chilean population with a hospital admission diagnosis of COVID-19 pneumonia. The results of this study could validate an easy-to-use prognostic tool and optimize the utilization of hospital resources, therapeutic interventions, and outpatient follow-up.



Materials and methods

An observational, prospective study was performed in a non-concurrent cohort. The execution of this project was approved by the Research Ethics Committee of the School of Medicine of the Pontificia Universidad Católica de Chile (ID: 210314003). All patients hospitalized in low- and medium-complexity units of the Hospital Clinico UC CHRISTUS were enrolled in Santiago, Chile, from 18 May 2020 to 31 July 2020. The inclusion criteria were patients aged 18 years or older, with a diagnosis of COVID-19 confirmed by polymerase chain reaction, and who had the necessary variables to calculate the CALL score at the time of admission. The exclusion criteria were patients with end-of-life care established at hospital admission, a pulmonary infection caused by a different microorganism, and pregnant women. The mortality follow-up was conducted at 28 days, 3 months, 6 months, and 12 months after hospital admission. Mortality was defined as any cause of death, related or not to the respiratory condition, during and after hospitalization.


Data collection

Clinical and laboratory data were obtained from the medical and nursing records and the hospital's electronic system: demographic data (sex, age, and date of birth), date and unit of admission, comorbidities [such as chronic kidney disease, diabetes mellitus type 1 or 2, hypertension, heart failure, coronary artery disease or previous stroke, atrial fibrillation, chronic obstructive pulmonary disease (COPD)/asthma or other respiratory disease, obesity, cirrhosis, thromboembolic disease, solid or hematologic malignancy, and history of transplantation or immunosuppression], and laboratory tests included in the CALL score (absolute lymphocyte count and LDH). Mortality was obtained from death certificates issued by the Chilean Civil Registry Service. Finally, other clinical variables were observed: respiratory support on admission, progression to severe respiratory insufficiency [defined as PaFi < 150 or need of high-flow nasal cannula (HFNC), non-invasive ventilation (NIV) and/or intermittent mandatory ventilation (IMV)], suspected bacterial superinfection, thromboembolic disease, suspected organizing pneumonia (OP), and use of corticosteroids and/or tocilizumab.



Sample size

Assuming a “rule of thumb” of 10 events for each dimension (covariate) included in a logistic regression model to predict mortality (dichotomous variable), a sample size of 475 patients was estimated, which would be adequate for modeling. In addition, a sample loss of 20% was considered. Thus, 570 patients were considered sufficient to perform the analysis.



Statistical analysis

For data analysis, patients were grouped according to their CALL score: mild (4–6 points), moderate (7–9 points), and severe (10–13 points). Continuous variables are presented as medians and interquartile ranges, and categorical variables are presented as numbers and percentages. Comparisons were made by ANOVA or the Kruskal–Wallis test and the chi-squared test or Fisher's test, respectively, depending on the distribution. Predictive analysis between the CALL score and different mortality time points (28 days and 12 months) was explored with logistic regression in univariate and multivariate analyses. Covariates of events during hospitalization {progression of respiratory failure, thromboembolic event [venous thromboembolism (VTE)], bacterial superinfection, OP, and use of corticosteroids and/or tocilizumab} were included as confounding variables. The interaction between these variables was not explored. Prediction performance was assessed by calculating the area under a receiver operating characteristic (ROC) curve. Sensitivity and specificity values were calculated for the best score performance in the univariate analysis. A p-value of < 0.05 was considered statistically significant. The analyses were performed in R software.




Results

A total of 592 patients were enrolled, of which 56% were men. The mean age was 60.82 ± 15.42 years. Overall, 68% of patients were admitted on room air, 57% had a CURB-65 score of <2, and 60% were hospitalized in a low-complexity unit (floor). The average length of stay (LOS) was 8 (range 4–15) days, with the following events occurring during hospitalization: 39% progressed to severe respiratory insufficiency, 27% were assumed to be affected by bacterial superinfection, and 8% were diagnosed with VTE. Regarding treatment, 66% received systemic corticosteroids, and 8.6% received intravenous tocilizumab. All patients were unvaccinated. Overall mortality at 28 days was 8.8%, at 3 months was 9.5%, at 6 months was 9.6%, and at 1 year was 10% (Table 1).


TABLE 1 Characteristics and mortality of COVID-19 inpatients.

[image: Table 1]

The mean CALL score was 9.25 (±2) points. Mortality was significantly higher in the severe group (15.8% at 3 months and 16.1% at 1 year; p <0.001). All patients in the mild group were alive during the 1-year follow-up (Table 1).

Univariate and multivariate logistic regression were performed for 28-day and 1-year mortality, adjusted for the following confounders: ventilatory support on admission, VTE during hospitalization, bacterial superinfection, OP, corticosteroid use, and tocilizumab use. For 28-day mortality, univariate analysis revealed an odds ratio (OR) of 1.58 (95% CI, 1.34–1.88), with a p-value of <0.001 and multivariate analysis revealed an OR of 1.54 (95% CI, 1.26–1.87), with a p-value of <0.001. For 1-year mortality, univariate analysis revealed an OR of 1.63 (95% CI, 1.38–1.93), with a p-value of <0.001 and multivariate analysis revealed an OR of 1.63 (95% CI, 1.35–1.97), with a p-value of <0.001.

Using ROC curve analysis, a univariate AUROC of 0.739 (0.687–0.791) and a multivariate AUROC of 0.752 (0.704–0.8) were obtained for 28-day mortality. Univariate AUROC for 1-year mortality was 0.869 (0.828–0.91) and multivariate AUROC was 0.862 (0.82–0.905) (Figures 1, 2). It was determined that, for all univariate models, the cutoff score (threshold) of the CALL score was equal to 8.5, with a sensitivity of 100% and a specificity of 40%.


[image: Figure 1]
FIGURE 1
 Univariate analysis ROC curve.
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FIGURE 2
 Multivariate analysis ROC curve.




Discussion

The severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection has proven to be a highly morbid and lethal disease worldwide. Given the high demand for hospital care, many efforts have been focused on developing effective ways to predict which patients are at higher risk of severe disease and mortality. This may enable the efficient use of medical resources and increase the therapeutic effect. The CALL score emerged as a method with good accuracy and easy-to-use features, and it achieved optimal prediction of progression. Nevertheless, mortality risk prediction remained unknown. This study evaluated the CALL score for mortality risk prediction, suggesting that it effectively predicts short- and long-term mortality in an unvaccinated Chilean population.

Multivariate analysis revealed the strong predictive power of the CALL score, with each point increase correlated with a 54% increase in 28-day mortality risk. Although the unadjusted analysis showed a sensitivity of 100%, it came at the expense of relatively low specificity (40%), which is a typical tradeoff in diagnostic performance search tools. Another surprising finding from this analysis was that most of the mortality occurred mainly within the first 3 months and was negligible when the score was classified as low risk. This information has profound implications as it guides clinicians in making crucial decisions in emergency departments, during hospitalization, and for outpatient follow-up, leading to more efficient use of resources and targeted interventions.

Previously, only Grifoni et al. tested the CALL score as a predictor of hospital mortality. They reported good predictive power [AUC, 0.768 (95% CI, 0.705–0.823)]. However, they did not report confounding analyses or drug co-interventions, and the sample size was small (only 210 patients).

Despite the wide availability of vaccines and their significant impact in reducing mortality related to COVID-19, there is still a considerable percentage of the population that remains unvaccinated, either due to unequal access to the vaccine, rejection of vaccination, or medical contraindications. The continued relevance of the CALL score for these populations cannot be underestimated. Even among vaccinated patients, immunosuppressed patients have been known to develop a weaker immune response, making the CALL score a potentially valuable tool for risk stratification within this subgroup.

The CALL score, with its simplicity and reliance on widely available clinical and laboratory parameters, presents a universally applicable tool that is especially useful in resource-limited settings. As such, its predictive power should ideally be reassessed in the current context, with new variables such as vaccination status and new treatments included.

This study has some strengths, including the prospective design, sufficient sample size, statistical power to explore the association between the CALL score and mortality, and the use of multivariate analysis to control for confounding factors. However, some limitations need to be addressed. First, the study was conducted with patients from only one health center. Second, the results are limited to unvaccinated patients, which restricts the generalization of the conclusions. Third, the research for this study was conducted in the early phases of the pandemic when current therapies were not available. Finally, another important limitation is that the BMI index, which is a high-risk factor associated with the progression or severity of COVID-19, was not reported (12, 13).

In conclusion, the results of this study suggest that the CALL score achieved an optimal prediction of both short- and long-term mortality in this population. This easy-to-use score makes it a universally applicable and potentially valuable tool in managing unvaccinated COVID-19 inpatients, especially in resource-limited settings. The score could guide the implementation of more aggressive intervention strategies, closer monitoring, and the allocation of additional resources for patients with high CALL scores.
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Introduction: The focus on psychological issues during COVID-19 has led to the development of large surveys that involve the use of mental health scales. Numerous mental health measurements are available; choosing the appropriate measurement is crucial.

Methods: A rule-based named entity recognition was used to recognize entities of mental health scales that occur in the articles from PubMed. The co-occurrence networks of mental health scales and Medical Subject Headings (MeSH) terms were constructed by Gephi.

Results: Five types of MeSH terms were filtered, including research objects, research topics, research methods, countries/regions, and factors. Seventy-eight mental health scales were discovered.

Discussion: The findings provide insights on the scales used most often during the pandemic, the key instruments used to measure healthcare workers’ physical and mental health, the scales most often utilized for assessing maternal mental health, the tools used most commonly for assessing older adults’ psychological resilience and loneliness, and new COVID-19 mental health scales. Future studies may use these findings as a guiding reference and compass.
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1. Introduction

The new coronavirus disease 2019 (COVID-19), caused by the SARS-CoV-2 virus, was declared a pandemic following an increasing number of cases worldwide (1). COVID-19 is characterized by serious illness presentations such as respiratory symptoms leading to acute respiratory distress syndrome (ARDS), cardiovascular abnormalities, multiple organ failure, septic shock, and death (2, 3). Apart from physical medical consequences, it may have a significant impact on mental health and well-being (4).

Previous studies suggest that individuals infected with SARS-CoV-2 develop sadness and anxiety, which are precursors or risk factors for suicidality (5). COVID-19 patients experience a high rate of impaired awareness, disorientation, and post-traumatic stress disorder (PTSD) (6). A recent review of the mental health outcomes of quarantine and similar prevention strategies discovered that depression, anxiety disorders, mood disorders, posttraumatic stress symptoms, sleep disorders, panic, stigmatization, low self-esteem, and lack of self-control are all common among people who have been subjected to physical isolation (7). Another rapid evaluation found that stressors such as protracted quarantine, fear of infection, frustration, boredom, insufficient supplies, insufficient information, financial loss, and stigma caused PTSD, bewilderment, and rage in the general population (8). COVID-19 causes waves of heightened dread and anxiety, which are known to cause significant changes in the behavior and psychological well-being of many people.

The focus on psychological issues during COVID-19 has led to the development of large surveys that involve the use of mental health scales. A wide variety of mental health measurements are available, including both existing anxiety or depression scales, such as the Self-Rating Anxiety Scale (SAS) and the Hospital Anxiety and Depression Scale (HADS), and those developed in response to COVID-19, such as the Coronavirus Anxiety Scale (CAS). In a study conducted by Lei et al. (9), mental health status was assessed using the SAS and the Self-Rating Depression Scale (SDS). Another cross-sectional study by Liang et al. (10) used the General Health Questionnaire (GHQ-12), Negative Coping Styles Scale, and PTSD Checklist-Civilian Version (PCL-C) to examine mental health in juveniles. A comparable study used the Patient Health Questionnaire (PHQ) and the Generalized Anxiety Disorder (GAD-7) to measure depression and anxiety (11). Fountoulakis et al. (12) published COMET-G study including a large sample size from worldwide. They used the cut-off score 23/24 for the Center for Epidemiological Studies-Depression (CES-D) Scale and a derived algorithm to identify cases of probable depression, the STAI-S, the State Anxiety Scale (S-Anxiety) of the State–Trait Anxiety Inventory (STAI) and the Development of the Risk Assessment Suicidality Scale (RASS) to assess anxiety and suicidality, respectively.

Additionally, several studies were carried out to investigate the prevalence of mental health among healthcare practitioners during COVID-19. A single-center cross-sectional survey utilized a Numeric Rating Scale (NRS) on fear, the Hamilton Anxiety Scale (HAMA), and the Hamilton Depression Scale (HAMD) to assess the mental health of healthcare personnel and administrative employees (13). An online survey used the Impact of Event Scale (IES), GAD-7, PHQ to monitor psychological distress in hospital staff (14). Clearly, the options for mental health scales are extensive.

The selection of mental health measurements varies according to the object, topic, method, and region of the study. Thus, determining how to choose the appropriate measurement is of great concern. Researchers usually resort to exploring a large amount of literature to screen for appropriate and efficient measurement tools, which is undoubtedly laborious. To address this problem, scholars have used methods, such as systematic reviews, to summarize the mental health measurements used within particular research contexts. For instance, Smarr and Keefer (15) compiled several measurement tools that are relevant to the assessment of depression in rheumatic research. Balsamo et al. (16) focused on self-report surveys that are regularly and presently used to measure anxiety in older individuals. Lazor et al. (17) reviewed anxiety measurements quantitatively in children or adolescents with cancer or undergoing hematopoietic stem cell transplantation. While these reviews are useful resources, their content is often too specialized to be applied in other contexts.

In this work, text mining was employed to automatically extract information on mental health scales to comprehensively characterize them. By applying algorithmic, statistical, and data management methods to the vast amount of knowledge existing in unstructured texts, text mining enables researchers to identify the needed information more efficiently, uncover relationships hidden in the sheer volume of available information, and generally shift the burden of information overload from the researchers to the computer (18). In recent years, researchers have begun to investigate how text mining techniques can be used to process medical data. Lucini et al. (19) used text mining methods to process data from patient records of early emergency departments. Other study interests pertaining to medical information processing using text mining approaches include obesity event mining (20), sexual event mining (21), and smoking event mining (22).

To the best of our knowledge, no prior research has focused on the text mining of mental health scales. Therefore, this research uses text mining and social network analysis to identify mental health instruments used during COVID-19 and examines the application features of the measures. This study addressed the following questions: (1) Which mental health scales were most often utilized during COVID-19? (2) What are the various scales’ research objectives, research objects, and research methods? (3) Has there been any variation in the nations and areas where the scale is used? (4) What scales are utilized for health workers, pregnant women, and the older adults? and (5) What is the name of the new COVID-19 mental health scale?



2. Materials and methods


2.1. Research design

In this study, the social networks based on the co-occurrence of mental health scales and MeSH terms were created to analyze the characteristics of the application of mental health scales during COVID-19. The research design framework is illustrated in Figure 1. Specifically, the following series of steps were completed: (1) retrieving relevant research articles from the PubMed database; (2) collecting information on the titles, abstracts, Medical Subject Headings (MeSH) terms, and PMIDs of the articles retrieved from PubMed; (3) extracting the entities of mental health measurement from the titles and abstracts; (4) filtering MeSH terms with specific semantic types; and (5) constructing the network through the co-occurrence of the entities of mental health measurements and filtering MeSH terms using Gephi 0.9.2 software.

[image: Figure 1]

FIGURE 1
 Framework diagram.




2.2. Information sources

For the following reasons, the PubMed database was chosen as the data source. PubMed database is a biomedicine database produced and managed by the National Library of Medicine (NLM), with broad coverage, rapid updates, and a comprehensive retrieval mechanism. PubMed contains standardized bibliographic information to aid in the extraction of fields such as article titles, abstracts, and MeSH terms, and tools for extracting and processing PubMed data in bulk are available. The MeSH word list is a manually normalized dynamic narrative word list, which not only standardizes the near-synonyms and different expression forms of the same concept, but also provides a tree structure (Tree Number) to help users understand the semantic relationships and subordination among subject words, and facilitates the selection of subject words of specific semantic types from them for describing the application of mental health scales.

The articles’ raw data were retrieved on October 28, 2021 [query = (“COVID-19” OR “SARS-COV-2″) AND (“Mental Health” OR “Depression” OR “Anxiety” OR “PTSD”)] by PubMed. 15,731 publications were identified and incorporated. The titles, abstracts, PMIDs, and MeSH terms were downloaded and stored in PubMed format.



2.3. Data processing

The research was designed to extract the entities of mental health scales and their applications. The network was used to present the association between those entities. This study’s proposed approach is explained, as follows.

First, Named Entity Recognition (NER) was performed. NER is fundamental in several natural language processing applications. It entails locating and classifying text into predetermined categories such as a person’s name and location. In this study, a rule-based approach was used to recognize entities of mental health scales that occur in the text. Rule-based techniques need a vocabulary of proper names and a collection of patterns (23), as the naming of mental health scales has a certain pattern, such as starting with capital letters, containing the word “scale,” “instrument,” “tool,” and so on. For the NER process, R Studio, an integrated development environment (IDE) for the R programming language, was employed. It provides a user-friendly interface and a range of tools that facilitate data analysis and text processing. The capabilities of R Studio were leveraged to extract mental health scales from the titles and abstracts of research articles. The identified mental health scales were cleaned and the names were standardized by four researchers in two separate groups. For example, the Depression, Anxiety and Stress Scale was written in DASS, Depression, Anxiety and Stress Scale-21 or DASS-21. They were expressed uniformly as “Depression, Anxiety and Stress Scale (DASS-21).” After normalization, a lexicon of mental health scales was formed to facilitate subsequent data extraction for large samples.

Second, MeSH terms were extracted and classified. The MeSH tree structure was employed to discriminate between different semantic types. MeSH tree numbers are assigned to each MeSH term and organized into 16 categories: anatomical words are in category A, biological phrases are in category B, disease keywords are in category C, and so on. A MeSH tree structure allows MeSH concepts belonging to different semantic types to be classified using specific descriptors and numbers (24). Combining the purpose of the study and the categories of the MeSH word list, MeSH words for population (M), study method (N05 and N06.850.520), region (Z), mental health (F), and phenomenological process (G) were extracted by R-studio.

Finally, Network analysis and visualization were employed to construct a network based on the co-occurrence of the scales and MeSH terms in the same article. The approach of network analysis arose from computer science to demonstrate the impact of social networks. The network was built using the Gephi 0.9.2. It is a widely used open-source software specifically designed for network analysis and visualization. And it offers a user-friendly interface and various tools for network exploration and analysis. In the co-occurrence networks of the scales and MeSH terms, the nodes represent the entities of mental health scales and five types of MeSH terms including research objects, research topics, research methods, countries/regions, and factors, and the linkages that reflect the frequency with which these entities co-occur. The betweenness centrality of each node was computed to better comprehend the relationships between these entities. The frequency with which a node contacts the geodesic paths of other network nodes yields the betweenness centrality, which shows a node’s significance in a network (25).




3. Results


3.1. Summary characteristics of the included scales

According to the above-mentioned search strategy, 15,731 articles were included in this analysis. After extracting scales from the titles and abstracts of the articles, removing duplicates, and using inclusion and exclusion criteria, 78 mental health scales were identified (Multimedia Appendix 1). Table 1 lists the 20 scales with the most occurrences. The scales covered anxiety, depression, sleep disturbance, well-being index, and so on. Scale ranking was based on the frequency of their appearance in the titles and abstracts of mental health studies during the COVID-19 pandemic. The most frequent scales were the PHQ, HADS, GAD-7, DASS-21, and IES. Most scales were used repeatedly, with four scales used more than 100 times and 14 scales used only once.



TABLE 1 The most occurrences scales (N = 20).
[image: Table1]



3.2. Mental health scales in different research objects

The co-occurrence network graphs between the scales and various age groups (Figure 2A), health personnel (Figure 2B), and other groups (Figure 2C) were constructed based on the application of the scales in different groups to reveal the application characteristics of the scales with various research objects.

[image: Figure 2]

FIGURE 2
 The co-occurrence network of scales and Medical Subject Headings (MeSH) terms representing the research population. (A) The co-occurrence network between scales and MeSH terms representing various age groups. (B) The co-occurrence network between scales and MeSH terms representing health personnel. (C) The co-occurrence network between scales and MeSH terms representing other groups of the population, excluding various age groups and health personnel. Pink labels represent scales, and green labels represent the MeSH terms. The edges represent their co-occurrence relationships.


Most of the study participants were adults and young adults, who had the highest frequency and betweenness centrality among the other age groups. Additionally, Figure 2A indicates that the Edinburgh Postnatal Depression Scale (EPDS) is significantly related to the MeSH terms “Infant, Newborn” and “Infant,” which mainly focused on the mental health status of postpartum women during the COVID-19 pandemic, including whether COVID-19 will aggravate postpartum depression and the relationship between the feeding behavior of premature infants’ mothers and postpartum depression during the pandemic. Furthermore, the impact of isolation measures during COVID-19 on maternal breastfeeding behavior and mental health was examined. Second, the mental health status of older adults during the COVID-19 pandemic was a widespread concern. The most used scales were the PHQ and HADS, which aimed to explore COVID-19 prevention policies, such as Turkey’s curfew policy (26), and the declining mental health of the older adults caused by isolation (27).

Nurses received the most attention when health professionals were considered as the research objects. The most used scale was the PHQ, followed by the Connor Davidson Resilience Scale (CD-RISC) and IES. When investigating the mental health status of physicians, the HADS and PHQ were used widely.

Additionally, students and pregnant women have also received widespread research attention. The PHQ, DASS-21, and GAD-7 were mainly used to detect the mental health status of college students, especially medical students during COVID-19; the STAI, HADS, and SAS were widely used to detect the health problems of pregnant women during COVID-19, such as anxiety, depression and psychological stress.



3.3. Research topics of mental health scales

The co-occurrence network graph of the scales and mental health MeSH terms (Figure 3) reflects the application of the scales to different mental health problems. Depression, anxiety, and stress were the most common research topics. As shown in Figure 3, the PHQ had the highest betweenness centrality in all scales, followed by the DASS-21, GAD-7, HADS, and IES. They were most widely used in the field of mental health. The PHQ was the most used instrument to study anxiety and depression, usually used with the Insomnia Severity Index (ISI). The DASS-21 was usually used to analyze psychological stress, which was used frequently with the IES. The CD-RISC was mostly used to study resilience, perception, cognition, and job satisfaction.
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FIGURE 3
 The co-occurrence network between scales and MeSH terms representing research topics.




3.4. Research methods of mental health scales

As shown in Figure 4, the HADS had the largest betweenness centrality, followed by the PHQ, GAD-7, DASS-21, and IES. The most used research method was cross-sectional study (N = 20), followed by longitudinal research (N = 13) and prospective study (N = 12). The HADS was the most used instrument in prospective study and longitudinal research.

[image: Figure 4]

FIGURE 4
 The co-occurrence network between scales and MeSH terms representing research methods.




3.5. Application of mental health scales in different countries/regions

The mental health scales were used in more than 113 countries/regions during the COVID-19 pandemic. As shown in Figure 5, China has the largest betweenness centrality, which means the studies were conducted mostly in China and that it had the greatest influence. The three scales that co-occurred most frequently with China were the PHQ, SAS and GAD-7. This was followed by Italy, and the commonly used scales were the IES and PHQ. In Turkey, the commonly used scales were the STAI and HADS.

[image: Figure 5]

FIGURE 5
 The co-occurrence network between scales and MeSH terms representing countries/regions.




3.6. Factors in mental health research

Figure 6 reflects the factors concerned in the research during COVID-19. The MeSH terms were sorted according to the betweenness centrality. The MeSH terms with the most occurrences included pregnancy, sleep, and exercise, which are involved in the application of most scales. The scales closely related to pregnancy include the EPDS, STAI, and PHQ; the scales closely related to sleep were the PSQI, and SAS; the scales closely related to exercise were the HADS and DASS-21. The scale with the largest betweenness centrality was the GAD-7. In addition to focusing on the above phenomena, the GAD-7 has also commonly been used to assess the impact of fear and anxiety on nutrition during the COVID-19 pandemic, mainly involving MeSH terms in nutritional physiology (e.g., fruits, snacks, and nutrition).

[image: Figure 6]

FIGURE 6
 The co-occurrence network between scales and MeSH terms representing factors.





4. Discussion


4.1. Most widely used scales

Based on the results of the social network analysis, the PHQ was found to be the most commonly used mental health scale during the pandemic, followed by the HADS, GAD-7, DASS-21, and IES. Using the aforementioned measures, there is a high degree of consistency in the selection of study participants, including persons of varying ages and medical practitioners. In Table 2, the MeSH terms that appear most often in conjunction with the five instruments were summarized.



TABLE 2 Five scales and high-frequency co-occurrence Medical Subject Headings (MeSH) terms.
[image: Table2]

This study found that the PHQ-9 was used more frequently, applicable to detect depression, anxiety, and psychological stress across a diverse group of patients, including adults, adolescents, older adults, health professionals, the disabled, and severely ill patients. Additionally, the countries with the most applications of the PHQ-9 were China (28–30), Italy (31, 32), and the United States (33, 34).

The HADS has been used extensively and applied to all age groups and participants with different identities. As it is specific to medical settings; has good psychometric properties; facilitates brief, rapid administration; and has good compliance, most studies using the HADS have been conducted on a sample of patients with diseases, such as cancer (35), Parkinson’s disease, or other chronic diseases (36). Regarding the status of mental health, this study found that the HADS united other instruments such as the IES and ISI to study psychological distress (37–39), psychological stress (40, 41), and job burnout (39, 42) among healthcare workers and patients.

The GAD-7 is now one of the most extensively used anxiety measures, both in clinical practice and research, due to excellent diagnostic reliability and factorial, construct, and criterion validity (43, 44). The GAD-7 was usually used to examine the relationship between work-related fatigue and mental health among healthcare workers exposed to COVID-19 (45, 46). Additionally, the countries with the most applications of the GAD-7 were China (47–49), the United States (50, 51), and Saudi Arabia (52, 53).

The DASS-21 is a widely used screening tool designed to measure depression, anxiety, and stress (54). Australia (55), the United States (56), and England (54) are among the English-speaking nations that have provided proof of the DASS-21’s validity for usage in clinical and community settings. This study found that the DASS-21 was mainly used to measure adults, adolescents, and older adults in China, Spain, and Brazil during COVID-19.

The IES was developed by Mardi Horowitz et al. (57) to measure current subjective pain associated with a specific event. IES is probably the most widely used self-report measure in the field of traumatic stress (58). It played a crucial role in assessing the psychological impact of the COVID-19 on various groups, with a focus on evaluating anxiety, psychological stress, and depression among the target population, including the general population, healthcare workers and pregnant women.

In conclusion, social network analysis provides valuable insights into the prevalence and usage patterns of different mental health scales during the COVID-19. The findings highlight the importance of these tools in assessing depression, anxiety, stress, and psychological distress across different groups. The widespread adoption of these scales highlights their relevance and reliability in various cultural and linguistic contexts, making them valuable instruments for mental health assessment, especially during challenging times like the COVID-19 pandemic.

However, it is crucial to recognize that while these scales are widely used, they should not replace comprehensive clinical assessment and professional judgment. A comprehensive understanding of an individual’s mental health requires an integrated approach that considers both quantitative assessments from the scale and qualitative insights from a skilled mental health professional. By integrating these components, mental health practitioners can provide a more accurate and comprehensive assessment, leading to the right interventions and support for individuals experiencing mental health challenges.



4.2. Scales for healthcare personnel

With many new cases of depression, anxiety, physical and mental exhaustion, stress, and burnout as well as recurrences of previously diagnosed cases (59–61), this global health crisis has put a strain on the entire healthcare system and jeopardized the wellbeing of frontline healthcare workers. Depression, burnout, resilience, sleep quality, secondary traumatic stress (STS), and PTSD were the main health topics among healthcare personnel during the COVID-19 (62). Most studies employed the Maslach Burnout Inventory (MBI) as their primary tool for evaluating burnout (63–65)， while the most popular tool for evaluating the psychological resilience of healthcare professionals was the CD-RISC. The PSQI was the most used sale to evaluate issues or occurrences linked to sleep. These instruments were used together to analyze the relation between psychological disorder and the exposure to COVID-19.

Providing direct care to traumatized populations is now recognized as carrying a risk of STS. The Secondary Traumatic Stress Scale (STSS) is a 17-item questionnaire used to assess the detrimental effects of indirect exposure to traumatic events in healthcare professionals who are caring for distressed or traumatized patients (66). During COVID-19, the STSS was used to assess the STS state of health personnel in Turkey (67, 68), India ((69)), and the Republic of Cyprus (70). The PTSD checklist for DSM-5 (PCL-5) is a 20-item self-report test that assesses PTSD symptoms on a five-point Likert scale during the last month (71). Studies found that in the COVID-19 period, a considerable proportion of health personnel experienced PTSD (72).



4.3. Scales for pregnant women

When compared to pregnant women examined before the COVID-19 pandemic, pregnant women assessed during the pandemic reported higher discomfort and mental health symptoms, mostly in the form of depression and anxiety symptoms (73). Although there were various scales used for measuring the degree of anxiety and depression during the pandemic, the EPDS and STAI have been used most commonly to assess maternal mental health. The EPDS, developed by Cox et al. (74), which assesses the severity of postpartum depression experienced by women. It was widely used during COVID-19 to assess the depressive symptoms of pregnant and postpartum women (75, 76).

The STAI is frequently employed for the anxiety screening process. This measurement has two subscales, the State Anxiety Scale (S-Anxiety) and the Trait Anxiety Scale (T-Anxiety). The STAI was mainly used to screen for the presence and severity of state and trait anxiety of pregnant women during the COVID-19 pandemic.



4.4. Scales for older adults

Early in the pandemic, older people were recognized as a risk category for mental health consequences, since older age was soon established as the primary risk factor for severe and fatal COVID-19 prognoses (30). Further to concentrating on the older adults’ despair and anxiety, it is important to consider their resilience and loneliness. The CD-RISC and UCLA 3-Item Loneliness (UCLA-3) scale were the most used instruments for measuring psychological resilience and loneliness among older adults. The number of items in these two instruments are 10 and 3, which is convenient for respondents to fill in, especially older adults. Moreover, the UCLA-3 was mainly applied in the United States, Bangladesh, and Germany, and was not widely used in China during the COVID-19 pandemic.



4.5. Scales for COVID-19

To address a gap in the mental health response to this escalating public health catastrophe, researchers created a set of mental health screeners that may be used to accurately detect likely instances of dysfunctional anxiety and the severity of symptoms related to COVID-19, including the CAS, Corona Disease Anxiety Scale (CDAS), COVID-19 Peritraumatic Distress Index (CPDI), COVID-19 Stress Scale (CSS), and Fear of COVID-19 Scale (FCV-19S).

The CAS was created and released by (77). in March 2020, in response to the pandemic’s demands for a quick assessment of COVID-19 phobia. The seven items of the CAS must be answered on the Likert scale of 1–5. The overall index, which is calculated by summing the scores for each item, runs from 7 to 35 points; the higher the score, the greater the COVID-19 dread. It can be used to identify probable cases of dysfunctional anxiety associated with the coronavirus. Currently, the CAS is translated into Portuguese (78), Korean (79), Bangla (80), Arabic (81), Turkish (82), Japanese (83), Cuban (84), Polish (85), Spanish (86), Chinese (87), and Brazilian (88).

Alipour et al. (89) created the CDAS in the Farsi language. This measurement includes 18 questions and four-point Likert answers. Higher CDAS scores imply a high level of anxiety caused by COVID-19. Cronbach’s alpha value of 0.919 was used in the original investigation to establish the scale’s reliability.

The CPDI is an online tool that was created in China during the COVID-19 epidemic (6). It is probably the most complete measure of COVID-related psychological discomfort, as it includes symptoms from a wide range of mental health disorders and diseases. This tool evaluates COVID-19 peritraumatic distress symptoms through a self-report questionnaire with 24 items. It also sought information on demographics, the frequency of anxiety, depression, particular phobias, cognitive shifts, avoidance and compulsive behavior, physical symptoms, and loss of social functioning over the previous 2 weeks (90). The CPDI has been used in several countries, such as India (91), Iran (92), and Germany (93).

The preceptors’ discomfort in relation to COVID-19 was assessed using the 36-item CSS (94). The self-reporting tool consists of five subscales, including traumatic stress symptoms, obsessive checking, disease-related xenophobia, risk and contamination worries, and socioeconomic effects. Respondents were asked to rate each symptom on a five-point Likert scale. It was used in South Korea (95), Canada (96), and Singapore (97).

The FCV-19S (98) was established in 2022, which was not published at the time of data acquisition in this study. In order to ensure the comprehensiveness of the scales collection, it was considered to be included and introduced. The seven-item FCV-19S was often utilized during COVID-19 and exhibited trustworthy psychometric characteristics. It is valid and trustworthy in measuring COVID-19 fear among the general public.




5. Limitations

Two main limitations of this study must be acknowledged. First, in terms of data selection, PubMed was chosen above alternative databases such as the Web of Science Core Collection. This research concentrated on journals and paid little attention to other forms of scientific information transmission (such as books, working papers, and reports). Consequently, some significant studies, particularly developing research, may have been overlooked.

Second, MeSH terms were used to extract terms of research objects, research topics, research methods, countries/regions, and factors. However, MeSH terms are mostly composed of commonly used ideas, excluding new concepts. To address this limitation, deep learning techniques will be utilized in subsequent experiments to extract entities from the complete text and reduce the effort associated with human annotation.



6. Conclusion

Seventy-eight mental health scales were successfully identified by named entity recognition. Based on the co-occurrence networks of scales-research objects, scales-research topics, scales-research methods, scales-countries/regions, and scales-factors, the following findings were found: (1) the PHQ, DASS-21, HADS, GAD-7 and IES were most often utilized during COVID-19; (2) depression, anxiety, and stress are the most common research topics; (3) the most commonly used research method was cross-sectional study, followed by longitudinal research and prospective studies; (4) the studies were conducted mostly in China, and the three scales mostly used in China were the PHQ, SAS and GAD-7; (5) the MBI, CD-RISC, PSQI, STSS, and PCL-5 were the instruments mainly used to assess the burnout, resilience, sleep quality, STS, and PTSD of healthcare professionals; (6) the EPDS and STAI were the scales mostly used for maternal mental health; (7) the CD-RISC and UCLA-3 were the most used instruments for measuring psychological resilience and loneliness among older adults; and (8) the CAS, CDAS, CPDI, CSS, and FCV-19S are the new COVID-19 mental health scales.

This study aimed to provide researchers with a comprehensive view of the various facets of mental health scales during COVID-19 and also emphasized the characteristics of these scales when applied. The results of this study may help the researchers choose the appropriate scale efficiently, without reading a large amount of literature to screen the scale. Future research in this area may use above findings as a crucial reference and compass.
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Introduction: Isolation strategies have been implemented in numerous countries worldwide during the ongoing community transmission of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2). However, various countries and organizations have implemented their isolation measures at varying intensities, even during the same period. Therefore, we systematically reviewed the key information contained in currently available guidelines regarding the isolation of the general population, aiming to better identify the heterogeneity of the current isolation strategies.

Methods: We conducted searches in four evidence-based medicine (EBM) databases and five guideline websites to identify guidelines, guidance, protocols, and policy documents published by authoritative advisory bodies or healthcare organizations, which provided information on the implementation of isolation for general populations with COVID-19. One author extracted data using a standardized data extraction checklist, and a second author double-checked all extractions for completeness and correctness. Discrepancies were resolved through discussion. The information extracted from the included articles was summarized both narratively and using tables.

Results: We included 15 articles that provided information on isolation measures recommended by nine different countries and organizations. The included articles consistently recommended isolating individuals with a positive COVID-19 test, regardless of the presence of symptoms. However, there were variations in the duration of isolation, and substantial differences also existed in the criteria for ending the isolation of COVID-19 patients.

Conclusion: Different countries and organizations have substantial differences in their isolation policies. This reminds us that scientifically sound guidelines on isolation that balance the risk of prematurely ending isolation with the burden of prolonged isolation are a crucial topic of discussion when faced with a pandemic.

KEYWORDS
COVID-19, isolation, guidance, guidelines, systematic review


1. Introduction

It has been nearly 4 years since the first coronavirus disease 2019 (COVID-19) case was reported in Wuhan, China (1). According to the WHO dashboard, millions of COVID-19 cases are diagnosed worldwide every week (2). Among these newly diagnosed cases, many are laboratory-confirmed with no symptoms (3). For patients who develop symptoms, the majority experience mild or moderate disease (4–6). This situation is mainly attributed to vaccine-induced and infection-induced immunity, as well as the emergence of new variants (7–10).

While severe COVID-19, hospitalization, and death decreased in infected individuals, the Omicron variant showcased increased transmissibility as its main characteristic (11–16). The Omicron virus has caused waves of infections worldwide as the Omicron variant of concern (VOC), suggesting that the pandemic may persist for a longer duration. Although most patients recovered either spontaneously or with acute-phase management, the global healthcare and economies suffered a significant consequence. Moreover, a proportion of individuals infected with severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) experienced long-term COVID-19 complications, regardless of the initial severity of infection, exhibiting a diverse range of symptoms (17). Guidelines for managing long-term COVID-19 recommend that the prevention of SARS-CoV-2 is the most effective approach to preventing the post-COVID state (18, 19). Consequently, it remains a global priority to prevent COVID-19 transmission and the subsequent impact on associated illnesses and deaths.

Early in the pandemic, isolation was pivotal in controlling the outbreak (20, 21). Similarly, in the context of the ongoing community transmission of SARS-CoV-2, isolation strategies continue to be crucial and effective non-pharmaceutical interventions that have been implemented in many countries worldwide. However, it is important to note that different countries and organizations have implemented these strategies with varying degrees of intensity.

Therefore, in order to better identify inconsistent isolation measures, we have summarized the key information regarding the isolation of the general population as outlined in current guidelines or guidance documents.



2. Methods

This systematic review followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines (22).


2.1. Inclusion criteria

We included guidelines, policy statements, protocol documents, and interim guidance documents published by authoritative advising bodies or healthcare organizations, which provide information on implementing isolation for general populations with COVID-19. We identified the latest version of each eligible article. For feasibility reasons, articles had to be published in English or Chinese.



2.2. Information sources

An experienced team member specializing in systematic reviews conducted electronic searches on four evidence-based medicine (EBM) databases, namely Clinicalkey, UpToDate, Best Practices, and DynaMed Plus. In addition, we searched other sources of guidelines, including the Guidelines International Network (GIN), the National Institute for Health and Clinical Excellence (NICE), the Scottish Intercollegiate Guidelines Network (SIGN), the Chinese Medlive Guidelines Network, and the website of WHO. Articles were identified using the keywords “COVID-19” and “novel coronavirus pneumonia”. Furthermore, the reference lists of topic-related reviews were hand-searched to supplement the electronic database searches. The initial search was performed in September 2022, and an update was conducted in December 2022.



2.3. Selection of studies

An experienced review author screened the literature searches based on the title or descriptors, excluding the articles that clearly did not meet the inclusion criteria of this review. The full texts of all included titles were retrieved. Two review authors independently screened all full-text articles to assess their eligibility for inclusion. Any disagreements were resolved through discussion or by seeking an independent third opinion.



2.4. Quality assessment

Producing COVID-19-related guidelines may not follow the standards for developing guidelines compared with usual times because COVID-19 is an urgent global health threat that needs prompt responses. Additionally, this review aimed to provide a comprehensive overview of the isolation measures adopted by different countries. Our intention was not to select the optimal isolation policy. Therefore, the methodological and reporting quality of included articles was not assessed.



2.5. Data extraction

One experienced review author used a standardized data extraction checklist to extract data from the included articles. A second reviewer double-checked all extractions to ensure completeness and correctness. Any disagreements were documented and resolved through discussion, if necessary. The data items included (1) characteristics of articles (e.g., name, source, and date); (2) population to be isolated—the definitions of different populations (e.g., asymptomatic, mild, and moderate cases) were defined as reported by the authors; (3) setting of isolation (e.g., personal residence, community facility, and health facility); (4) when to discontinue isolation; and (5) criteria for releasing individuals from isolation.



2.6. Data synthesis

We presented the information extracted from the included articles in narrative format and summary tables.




3. Results


3.1. Study selection and characteristics of included articles

We screened 801 titles retrieved from our electronic search of databases, guideline websites, and hand search. Out of the 106 full texts that were retrieved for further assessment, 15 relevant articles (23–37) fulfilled our eligibility criteria. We also examined the references cited in published relevant review articles until no additional articles were found. Figure 1 presents a flow diagram illustrating the study selection process, and detailed characteristics of the included articles are presented in Table 1. The included articles (23–37) provided information on isolation measures recommended by nine different countries and organizations, namely Australia, Canada, China, India, the European Union (EU), Saudi Arabia, the United Kingdom (UK), the United States (US), and the World Health Organization (WHO). Most of the articles were interim guidance, while others included guidelines, protocols, and statements. For convenience reasons, we will refer to all these articles as “guidance” henceforth.
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FIGURE 1
 PRISMA flow diagram showing article selection.



TABLE 1 Characteristics of included guidance by country or organization.
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3.2. People who need isolation

All included guidance recommended isolating individuals with a positive COVID-19 test result, regardless of whether they have symptoms or not.



3.3. Locations of isolation

Most of the included guidance recommended home isolation for patients with asymptomatic or mild COVID-19, including moderate cases. However, WHO highlighted that the decision to monitor a symptomatic case in a health facility, community facility, or home should depend on the clinical presentation, need for supportive care, risk factors, and conditions at the private residence (37). Patients with one or more risk factors for rapid COVID-19 deterioration, severe disease, and increased mortality should preferably be referred to a health facility for monitoring and treatment. It is worth mentioning that several countries and regions, such as China (26, 27), India (31, 32), Saudi Arabia (33), and the EU (29), have fully or partly acknowledged these factors in their policies.



3.4. Duration of isolation

As presented in Table 2, the recommendations for isolation duration were influenced by factors such as the severity of the disease, the vaccination status of the person exposed, and their immunosuppression status.


TABLE 2 Criteria for ending isolation in the included guidance.
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Generally, in most included guidance, the isolation period for asymptomatic and mild cases was reduced to 5–7 days. However, individuals with more severe disease and weakened immunity were advised to have a longer isolation duration. Of note, we found revealed significant variation in these recommendations across different countries for patients with similar conditions. For example, an 18-year-old asymptomatic patient would be required to have an isolation period of only 3 days in the UK (34), whereas, in Saudi Arabia, the recommended isolation period would be 10 days (33).



3.5. Criteria for releasing individuals from isolation

As shown in Table 2, asymptomatic cases could be released from isolation once they complete the necessary duration of isolation and remain asymptomatic, except for guidance from China and the EU (26, 29). China and the EU recommended implementing an antigen detection rapid diagnostic test (Ag-RAT) or reverse transcription polymerase chain reaction test (RT-PCR) to confirm the absence of contagious virus when ending isolation.

For symptomatic cases, in addition to the recommended duration of isolation, the improvement of symptoms was the most common requirement for ending isolation, usually including the resolution of fever without using antipyretics and substantial improvement in respiratory symptoms. Moreover, the guidance from India and China also includes some physiological indicators (28, 30). Nevertheless, there is disagreement among different countries regarding the necessity of testing. While some countries did not recommend repeat testing for SARS-CoV-2 as the basis for discontinuing isolation, WHO still suggested that countries may continue using testing as part of the release criteria (37), and several countries have adopted this suggestion.




4. Discussion

This systematic review provides a comprehensive summary of available guidance documents that report information on isolation measures for the general population with COVID-19. The results of the review indicate significant heterogeneity in isolation policies across different counties and regions, particularly pertaining to the duration of isolation and the criteria for ending isolation. Moreover, this review offers some insights into relevant implementation strategies.


4.1. Who needs isolation?

As we know, controlling the spread of infectious sources is crucial for mitigating diseases. In the case of the current SARS-CoV-2, evidence has demonstrated that individuals who are asymptomatic at the time of testing, as well as those who are pre-symptomatic, can shed replicating virus to their close contacts (38, 39). Additionally, studies have shown that the viral load in the upper respiratory tract and the probability of detecting viable viruses are comparable between asymptomatic individuals and those with symptomatic SARS-CoV-2 infection (40, 41). This indicates that asymptomatic patients can serve as a source of SARS-CoV-2 transmission. Consequently, all the guidance analyzed in this review recommended isolating COVID-19 patients, regardless of whether they exhibit symptoms.



4.2. Where to isolate?

During the period dominated by the Omicron variant, home isolation has been widely adopted by many countries in comparison to centralized isolation. The preference for home isolation can be explained by the fact that isolating in a community or health facility incurs high economic, societal, and psychological costs. In addition, most cases do not require hospital-level care to recover. Of note, a high household secondary attack rate has been reported in many countries (42–45), including 31.8% in Japan (43), 50% in Korea (44), 52.7% in the US (45), and 80.9% in Spain (42). These elevated attack rates may indicate a low level of compliance with home isolation measures among index-case patients and their households. This suggests that the effectiveness of isolation would significantly decrease without adequate implementation of infection prevention and control measures recommended for isolated individuals and their households.

In addition to that, the mental health of individuals who are isolated at home should not be overlooked. While psychological issues are significantly higher in individuals in centralized isolation than in those isolated at home, it does not mean that people who isolate at home will not experience psychological problems. Many studies have indicated that prolonged periods of home isolation can still lead to feelings of loneliness, anxiety, depression, and other negative emotions (46–48). Therefore, when implementing home isolation measures, it is important to consider the negative impact of home isolation and take steps to address and support people's mental wellbeing by providing resources such as psychological counseling and support services to alleviate the psychological distress they may be facing.



4.3. How long to isolate?

Scientifically sound guidelines on isolation that strike a balance between the risk of prematurely ending isolation and the burden of prolonged isolation are crucial to discuss. The ideal duration of isolation after infection should be determined based on the transmissibility of the current VOC. Regarding individuals infected with the SARS-CoV-2 Omicron variant, Jang et al. analyzed the duration of the infectious stage using viral culture of respiratory samples. The result found that all samples taken 9 days after symptom onset showed negative viral cultures (49). Similarly, a comparative analysis of the transmissibility period reported that Omicron infections featured a mean duration of 9.87 days inferred from the viral load (50). While viral load or cell culture infectivity cannot be directly translated to transmission probability, they are commonly used as proxies to estimate infectiousness and hence transmission.

We learned from the guidance included that many countries have shortened the recommended duration of isolation from 10 to 5 days. However, this recommendation was received with skepticism, as many people think that there was insufficient fully elaborated scientific evidence to support this decision. Recent data from the US indicate that 35% of symptomatic non-severe individuals infected with the Omicron variant, despite having received a booster vaccine, continued to shed culture-able virus more than 5 days after the onset of symptoms or an initial positive test (51). Similarly, a study conducted in Turkey showed that among symptomatic non-severe SARS-CoV-2 Omicron variant infected patients, 83% shed infectious viral particles on day 5, 52% on day 7, 13.5% on day 10, and 8.5% on day 14 (52). This suggests that some cases may still be infectious at the end of the recommended isolation period.

Although it is advised for these individuals to wear a high-quality mask when around others at home and in public after the cessation of isolation on day 5 (35), it is impossible to follow up on the cases on whether they maintain isolation precautions while working. Therefore, the potential increase in virus transmission due to infectious residual viral load related to non-adherence to the recommended mitigation measures is a dramatic challenge to the global response to COVID-19.

Additionally, it is worth considering whether isolation measures should be relaxed for vaccinated individuals. Preliminary evidence suggests that the duration of viral shedding may be shorter and clearance more rapid in vaccinated patients who are infected with recently emerged VOCs (53). As a result, guidance has recommended a shorter isolation period for vaccinated individuals. However, recently published studies have indicated conflicting results regarding the viral infection dynamics of the Omicron variant. One study by Selvavinayagam et al. reported that the viral load was generally lower among vaccinated individuals than in non-vaccinated infected individuals (54). Conversely, Puhach et al. found that reduced infectious viral load was observed only in boosted individuals, not in fully vaccinated individuals, when compared to unvaccinated individuals (55). However, a study published in the New England Journal of Medicine found no significant differences in the median duration of viral shedding among unvaccinated participants, participants who were vaccinated but not boosted, and participants who were both vaccinated and boosted (51). Possible reasons for this conflicting result may include characteristics of the study population, type of vaccine received, history of SARS-CoV-2 infection, underlying comorbidities, and type of VOC. Of course, conducting a systematic review that synthesizes multiple studies regarding this topic is an optimal way to address the inconsistency.



4.4. How to release from isolation?

The most current guidance recommends a symptom-based strategy as an additional criterion for ending the isolation of symptomatic COVID-19 patients, after a necessary time interval has elapsed since the onset of symptoms. This approach avoids the use of SARS-CoV-2 testing, particularly for immunocompetent patients with mild-to-moderate COVID-19. Nevertheless, recent evidence suggests that this policy may not be reliable. According to Jang et al. there is a weak correlation between the duration of fever and the time taken for viral culture conversion in patients infected with the Omicron variant (49). Keske et al. reported that among SARS-CoV-2-confirmed patients who stated that their symptoms had resolved, the rate of detected viral shedding was 58% on day 7, 11% on day 10, and 5% on day 14 (52). These findings suggest that the resolution of symptoms does not guarantee the absence of viral shedding.

Furthermore, several studies have compared different criteria for determining when to end isolation using mathematical models. The findings of these studies indicate that implementing testing protocols for isolated individuals can help minimize unnecessary isolation while still effectively controlling the risk of further transmission (56–58). Additionally, some studies have evaluated the use of antigen tests to guide the end of isolation and consistently concluded that using these tests may reduce redundant isolations or prevent forward transmission (58–60). However, it is worth noting that many sets of guidance do not advocate for repeating laboratory testing as the sole basis for discontinuing isolation, primarily due to resources and cost considerations. Nonetheless, laboratory testing does provide a more accurate assessment of ongoing risk. Thus, when preparing for future pandemics, such as the COVID-19 outbreak, governments should prioritize the development of effective and cost-efficient testing methods.



4.5. Limitations

There are several limitations in retrieving and reviewing the guidance. First, our search was limited to the EBM databases and guideline websites, potentially missing out on guidance published by other countries and the latest version of the included guidance. Second, we only included guidance documents in English or Chinese, potentially overlooking those published in other languages. Third, we utilized descriptive analysis alone to address the research question, without incorporating additional evidence from data analysis. Finally, our review was not registered in PROSPERO as it did not meet the inclusion criteria. These limitations may potentially impact the reliability of the results. However, we believe that the included sets of guidance are representative, indicating that the contentiousness on isolation reflected by the included guidance may likely exist in other guidance as well.




5. Conclusion

Different countries and organizations have substantial differences in their isolation policies for COVID-19. The findings of this study remind us that, in dealing with similar pandemics in the future, decision-makers should take into account the negative impacts of isolation on individuals and society while effectively curbing virus transmission. Additionally, it is imperative to prioritize the development of cost-effective laboratory tests that can inform scientifically accurate isolation policies, thereby avoiding the risk of prematurely ending isolation and the burden of prolonged isolation.
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Background: Coronavirus disease 2019 (COVID-19) is an infectious disease spreading rapidly worldwide. As it quickly spreads and can cause severe disease, early detection and treatment may reduce mortality. Therefore, the study aims to construct a risk model and a nomogram for predicting the mortality of COVID-19.

Methods: The original data of this study were from the article “Neurologic Syndromes Predict Higher In-Hospital Mortality in COVID-19.” The database contained 4,711 multiethnic patients. In this secondary analysis, a statistical difference test was conducted for clinical demographics, clinical characteristics, and laboratory indexes. The least absolute shrinkage and selection operator (LASSO) and multivariate logistic regression analysis were applied to determine the independent predictors for the mortality of COVID-19. A nomogram was conducted and validated according to the independent predictors. The area under the curve (AUC), the calibration curve, and the decision curve analysis (DCA) were carried out to evaluate the nomogram.

Results: The mortality of COVID-19 is 24.4%. LASSO and multivariate logistic regression analysis suggested that risk factors for age, PCT, glucose, D-dimer, CRP, troponin, BUN, LOS, MAP, AST, temperature, O2Sats, platelets, Asian, and stroke were independent predictors of CTO. Using these independent predictors, a nomogram was constructed with good discrimination (0.860 in the C index) and internal validation (0.8479 in the C index), respectively. The calibration curves and the DCA showed a high degree of reliability and precision for this clinical prediction model.

Conclusion: An early warning model based on accessible variates from routine clinical tests to predict the mortality of COVID-19 were conducted. This nomogram can be conveniently used to facilitate identifying patients who might develop severe disease at an early stage of COVID-19. Further studies are warranted to validate the prognostic ability of the nomogram.
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 coronavirus disease 2019 (COVID-19), mortality, nomogram, prediction, LASSO


1. Introduction

Coronavirus disease 2019 (COVID-19), an infectious disease caused by the novel binuclear virus—severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), has been broken out and rapidly spread worldwide (1). The number of affected countries and deaths has risen dramatically, which is providing significant challenges and placing an unprecedented economic burden on global public health systems and clinical management (2).

COVID-19 can affect multisystem organs, and the main clinical presentation is pneumonia (3). Although most patients with COVID-19 have mild to moderate illness, with common respiratory symptoms and a good prognosis, several severe and critical patients will get worse rapidly with acute respiratory distress syndrome (ARDS), septic shock, multiple organ dysfunction, and even death, especially in those of the elderly with comorbidities such as congestive heart failure (CHF), chronic obstructive pulmonary disease (COPD), central nervous system (CNS) disease, chronic renal failure, and cancer (4). Furthermore, as previously described, deaths were more common in older patients with abnormal laboratory indexes such as inflammatory factors and hepatorenal function after COVID-19 affected (5). Therefore, it is crucial and urgent to rapidly identify prognostic indicators of fatal outcomes through efficient predictive methods to aid in the early implementation of preventive measures and interventions, thereby preventing disease progression and mortality in critically ill patients. The accurate and immediate decision-making of treatment strategies may reduce the mortality risk.

Considering radiological abnormalities were not observed during initial presentation in approximately 20% of cases, clinical characteristics and routine clinical laboratory tests may provide such prognostic factors as quickly as possible (6). The nomogram is a two-dimensional graphic mathematical representation of a scoring model made up of multiple scale axes designed for a user-friendly interface, highly accurate to calculate the probability of an outcome (7). A nomogram including variables like routine laboratory tests might be more effective and affordable for predicting the risk of mortality (8). Therefore, the purpose of this study was to describe the clinical features of COVID-19 and establish a nomogram based on a large number of COVID-19 patients incorporating common clinical demographics, characteristics, and laboratory parameters, to early warn the risk of fatal outcomes in patients with COVID-19.



2. Methods


2.1. Data source

The original database of this research was from the Neurologic Syndromes Predict Higher In-Hospital Mortality in COVID-19 (9). Since Eskandar et al. had relinquished the ownership of the original database to Neurology,1 we can use this database to conduct secondary analysis according to different scientific hypotheses. The original research was granted exempt status. The requirement for obtaining informed consent was waived by the Ethics Committee for Clinical Research of the Albert Einstein College of Medicine, Montefiore Medical Center (9).

The original database collected consecutive hospitalized patients with moderate or severe COVID-19 from four hospitals in the Montefiore Health System between March 1st and April 16th, 2020. The database contained multiethnic patients, including 1743 Black, 466 White, 121 Asian, and 1753 Latino. The diagnosis of COVID-19 was based on World Health Organization interim guidance and confirmed by real-time reverse transcriptase PCR positive assay testing for SARS-CoV-2 RNA (10).



2.2. Study population and covariates

A total of 4,711 patients with confirmed COVID-19 were consecutively collected between March 1st and April 16th, 2020. We divided the whole participants into a derivation or validation cohorts by 7:3, randomly. The derivation cohort was formed of 3,534 subjects, including 2,661 surviving patients and 873 deceased patients. The validation cohort was formed of 1,177 subjects, including 902 surviving patients and 275 deceased patients.

Information on clinical demographics, characteristics, laboratory indexes, comorbidities, and mortality was collected by a health care surveillance software package (Clinical Looking Glass; Streamline Health, Atlanta, GA) and a review of the primary medical records (11).



2.3. Regression analysis

Least absolute shrinkage and selection operator (LASSO) regression analysis was applied to identify factors related to the mortality of patients with COVID-19. The Lambda values were chosen after a 10-fold cross-validation. Subsequently, a multivariate logistic regression analysis was established with the selection of LASSO regression analysis, in which p-value levels for inclusion criteria were conducted as 0.05.



2.4. Model development

Predictive models related to the mortality of COVID-19 were conducted in the primary cohort according to the variables selected by multivariate logistic regression analysis. The final model was determined by the Akaike information criterion (AIC), the receiver operating characteristic (ROC) curves, and the Harrell concordance index (C-index). The nomogram was derived from the final model.



2.5. Performance of the nomogram

The model was internally validated by data from the validation cohort. Discriminatory performance was measured by the C index. Calibration was tested via a calibration plot with 1,000 bootstraps resamples, which described the degree of fit between actual and nomogram-predicted mortality of COVID-19.



2.6. Clinical usage

Regarding its clinical usefulness, the decision curve analysis (DCA) was undertaken to assess the clinical benefit of the nomogram. Detailed descriptions of DCA have been previously reported (12). The results were considered statistically significant at p-value <0.05.



2.7. Statistical analysis

Continuous variables were expressed as medians (mean ± standard deviation), and categorical variables were expressed as numbers (percentage). Differences in baseline characteristics between groups for continuous variables were assessed by the Mann–Whitney U test. The Chi-square test or Fisher’s exact test was used for categorical variables according to their sample size.

A two-sided p < 0.05 was considered statistically significant. IBM SPSS v23.0 (SPSS Inc., Chicago, IL, United States) was applied for statistical analyses in the research. The nomogram was conducted and calibration curve analysis were carried out by the R software v4.2.0 (http://www.R-project.org, R Foundation for Statistical Computing, Vienna, Austria).




3. Results


3.1. Population clinical characteristics of the derivation and validation set

Table 1 summarized the clinical characteristics of the derivation set (n = 3,534) and the validation set (n = 1,177). The clinical demographics including mortality, race, comorbidities, and laboratory indexes did not have significant differences between both cohorts (all p > 0.05).



TABLE 1 Baseline clinical characteristics of the derivation and validation cohort.
[image: Table1]



3.2. Comparison of the baseline characteristics of the derivation set between the survived patients and deceased patients

The baseline clinical characteristics of the derivation set were shown in Table 2. Compared with surviving patients, patients deceased were more likely to be white race and older, with comorbidities including CHF, COPD, renal disease, CNS disease, and stroke (all p < 0.05). Meanwhile, they were more frequently encountered with decreased median arterial blood pressure (MAP), oxygen saturation (O2Sats), and longer length of stay (LOS) (all p < 0.01). In the laboratory parameters between the two groups, the deceased patients showed significantly higher white blood cells (WBC), ferritin, glucose, sodium, procalcitonin (PCT), C-reactive protein (CRP), D-dimer, aspartate aminotransferase (AST), alanine aminotransferase (ALT), troponin, international normalized ratio (INR), blood urea nitrogen (BUN), and creatinine, but lower platelets (all p < 0.01).



TABLE 2 Clinical characteristics of the derivation cohort.
[image: Table2]



3.3. LASSO regression analysis

A total of 33 related variables, including clinical demographics, laboratory indexes, and comorbidities, were initially put into the LASSO regression algorithm by 10-fold cross-validation to identify the indictors for mortality of COVID-19. As shown in Figure 1A, 16 potential indictors with non-zero coefficients were chosen: age, PCT, glucose, D-dimer, CRP, troponin, BUN, LOS, MAP, AST, temperature, O2Sats, platelets, Asian, CNS disease, and stroke. Figure 1B depicted the changes in the LASSO coefficients.

[image: Figure 1]

FIGURE 1
 Risk factors selecting using LASSO model. 1A: Optimal parameter (lambda) selection for the LASSO model was cross-validated 6 the minimum criterion. Partial likelihood deviation curves (binomial deviation) versus log (lambda). The dotted vertical lines are drawn at the best values of 1SE (1-SE criterion) using the minimum criterion and the maximum criterion. 1B: LASSO coefficient profiles for 33 characteristics. The coefficient profiles were produced from logarithmic sequences (lambda). The vertical lines are drawn on the value selected using fivefold cross-validation, where the best lambda resulted in non-zero coefficients for five features.




3.4. Multivariate logistic regression analysis

As Figure 2 showed, 16 predictors chosen by the LASSO regression analysis were selected via multivariate logistic regression analysis to determine the independent parameters that predicted the mortality of COVID-19. 15 parameters were included in the final model, and those were age, PCT, glucose, D-dimer, CRP, troponin, BUN, LOS, MAP, AST, temperature, O2Sats, platelets, Asian, and stroke.

[image: Figure 2]

FIGURE 2
 Forest plot for multivariate logistic regression analyses of predictors for mortality in patients with coronavirus disease 2019 (COVID-19).




3.5. Construction of a novel nomogram scoring system

Based on the results of the multivariate logistic regression analysis, the 15 variables above were included as predictors to establish a nomogram (Figure 3). Each predicters corresponded to a score, and the total score was mapped to the prediction axis of the diagnosis, which could reflect the risk factors for mortality of COVID-19. As an example, to better explain the nomogram, if the patient was 70 years old (30 points), PCT of 10 ng/mL (2 points), glucose of 300 mg/dL (3 points), D-dimer of 6 mg/L (2 points), CRP of 20 mg/L (7 points), troponin of 0.2 ng/mL (2 points), BUN of 50 mg/dL (4 points), LOS of 10 days (2 points), MAP of 70 mm Hg (32 points), AST of 1,000 U/L (7 points), temperature of 38°C (14 points), O2Sats of 90% (1 point), platelets of 300 k/mm3 (19 points), Asian of yes (7 points), and stroke of yes (14 points), the total points was 144 and the probability of death was estimated to be more than 90%.

[image: Figure 3]

FIGURE 3
 A nomogram prediction model for the probability of mortality in patients with coronavirus disease 2019 (COVID-19). PCT, procalcitonin; CRP, C-reactive protein; BUN, Blood urea nitrogen; LOS, length of stay; MAP, median arterial blood pressure; AST, aspartate aminotransferase; Temp, temperature; O2Sats, oxygen saturation; Plts, platelets.




3.6. Evaluation and validation of the nomogram

1,177 patients constituted the validation cohort. The calibration curves were drawn to assess the model’s calibration in the derivation (Figure 4A) and validation cohort (Figure 4B). An analysis of the ROC curve was conducted to measure the discrimination of the model in the derivation and validation cohort. And the areas under the curves (AUC) were 0.860 and 0.847, respectively (Figure 5). In addition, the DCA curves showed that the novel nomogram also had a higher clinical net (Figure 6).

[image: Figure 4]

FIGURE 4
 Calibration curves of the nomogram in the derivation cohort (A) and validation cohort (B).


[image: Figure 5]

FIGURE 5
 Receiver operating characteristics curve in the derivation cohort (red) and validation (blank) cohort for the nomogram.


[image: Figure 6]

FIGURE 6
 Decision curve analysis of the nomogram (A) and in the derivation cohort (B) and the validation cohort (C), respectively.





4. Discussion

In the current study, by employing a large, multicenter, and well-described population of 4,711 patient cohort, we used LASSO regression and multivariate logistic regression analysis to develop and validate a prediction nomogram. The nomogram was validated by internal 1,000 bootstrap resampling, as well as an internal validation cohort, maintaining an adequate calibration and discrimination capacity, which may enable physicians to predict the mortality of COVID-19 patients early and correctly for taking proactive measures accordingly.

In the research, clinical demographics, characteristics, and laboratory tests were collected and analyzed to investigate the risk of fatal outcomes in COVID-19 patients. Compared with other diseases, COVID-19 progresses more severely and faster, which may not be identified promptly (13). The early symptoms of COVID-19 are insidious and flexible, which creates more challenges to early detection (14). Especially during this time of the severe COVID-19 epidemic, many non-respiratory physicians involved in this critical battle for fighting against the epidemic, a more straightforward method that does not require professional respiratory doctors and radiologists to evaluate the infiltration of multiple lung lobes is practical (15). To make the prognostic nomogram rapid and easy to use in the busy clinical work, we only focused on variables in clinical features and laboratory tests.

The mortality of COVID-19 in our study is 24.4%, in line with the range reported in recent studies (16). In the nomogram, age was one of the most imperative predictors for mortality of COVID-19. Meanwhile, the deceased group was older compared to the surviving group. Previously, researches also reported elders in early risk evaluation for severe COVID-19 (17, 18). The association between age and severe COVID-19 might be related to angiotensin converting enzyme-2 (ACE2) (19). As previously described, ACE2 has essential salutary functions and could decrease several detrimental effects, such as inflammation, vasoconstriction, and thrombosis. However, SARS-CoV-2 can markedly downregulate ACE2 by entering into cells, which might be extra detrimental in the old population via age-related baseline ACE2 deficiency (20). In contrast, there were also several studies that suggested age was not an independent indicator for mortality or severe COVID-19 disease (21). As mentioned in those studies, the reason age was not an independent indicator might be the fact that, rather than age, age-related comorbidities affect mortality (22).

As for inflammation-related factors, including PCT, CRP, and D-dimer they were revealed to be related to the mortality of COVID-19 in our model, which was coincided with previous research (23). PCT and CRP are common inflammation factors in infected diseases (24). D-dimer is not only a fibrinogen-related factor, but also a thromboinflammatory factor (25). A high prevalence of pulmonary embolism and venous thromboembolism had been reported in patients with COVID-19 (26). Moreover, more than macrovascular thrombosis, microthrombotic events in the lungs have been observed by autopsies (27). A thromboinflammatory procedure in the pulmonary capillary vessels might be the major reason for microthrombosis in the lung capillaries, inducing COVID-19-associated coagulation disorder, which is characterized by a raising in procoagulant biomarkers, such as fibrinogen, together with a substantial rise in D-dimer (28).

For other laboratory parameters in the nomogram, blood glucose, BUN, troponin, and AST, which indicated multi-organ dysfunction, represented major predictors of mortality for COVID-19 patients (29). A Chinese meta-analysis demonstrated that diabetes mellitus was related to an increased risk of severity or death in COVID-19 patients, while it was still not clear to what extent diabetes mellitus independently contributed to the increased risk (30). In our model, not the diabetes condition but the glucose level contributed to the mortality of COVID-19. Therefore, controlling the glucose level is vital for neither diabetes or non-diabetes patients. In other nomogram models, high direct bilirubin level was confirmed to be an independent indicator of mortality in COVID-19 (31). Whereas, another research with a larger population revealed that rather than bilirubin, AST elevation was more closely related to COVID-19 mortality risk (32). SARS-CoV-2 mainly attacks the respiratory system. Moreover, previous research has shown evidence of damage to other organs, such as the liver (33). Liver dysfunction in COVID-19 patients might be mainly related to an organ-specific immune response (34). Also, systemic cytokine storm, hypoxemia, and medications can aggravate it (35). It was found that AST was increased in the severe COVID-19 patients (36). This result was coincided with the findings of our research, which indicated that AST was a critical biomarker for clinical outcomes. Besides, recent a study pointed out that acute kidney injury was closely related to severe infection and fatality in COVID-19 patients (37). Additionally, the combination of BUN and D-dimer could predict mortality in 305 COVID-19 patients, with 27.9% mortality (38).

It is noteworthy that, in our model, the race of Asian is a risk score for mortality of COVID-19. Even if we have not observed significant differences in mortality within our Asian population because there were only 97 patients in this database, it was included in the nomogram. Hoping larger datasets with more Asian people will improve the prediction model for our Asian.

In our research, a practical nomogram based on easily accessible variates from routine clinical work, can provide a more accurate evaluation and prediction of mortality for COVID-19 patients. As a result, clinicians can use this intuitive predictive nomogram to draw a few lines promptly to make a prompt calculation of a patient’s prognosis. If a patient with a high mortality rate could be identified properly and rapidly, he or she could be more likely to benefit from close attention in clinical care and nutritional support in nursing care, which would ultimately have a positive effect on recovery. In addition, our model could help doctors rationally allocate medical resources to reduce the mortality of COVID-19 when medical resources are scarce.



5. Limitations

Our study has several limitations. First of all, we found that the race of Asian might be an independent risk factor for the mortality of COVID-19. However, due to the Asian population in this database being too small, further research with larger Asian population are warranted to validate the finding. Second, the model verification method only used internal verification. More extensive studies and external validation should be needed to verify the nomogram.



6. Conclusion

In conclusion, we developed an early warning model based on accessible variates from routine clinical tests to predict the mortality of COVID-19. This nomogram could be conveniently used to facilitate identifying patients who might develop to severe disease at an early stage of COVID-19. Further researches are warranted to validate the prognostic ability of the nomogram.
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Introduction: This study aimed to characterize six early clusters of COVID-19 and derive key transmission parameters from confirmed cases that were traced between April and June 2020 in Bahrain.

Methods: Pairs of “infector-infectee” allowed us to map the clusters and estimate the incubation period serial interval as the secondary attack rate. The chi-squared test, with a p-value computed using the Monte Carlo test, measured associations between categorical variables. Statistical analysis was performed using R software and the “data.tree, tidyverse” libraries.

Results: From 9 April to 27 June 2020, we investigated 596 individuals suspected of COVID-19, of whom 127 positive cases were confirmed by PCR and linked in six clusters. The mean age was 30.34 years (S.D. = 17.84 years). The male-to-female ratio was 0.87 (276/318), and most of the contacts were of Bahraini citizenship (511/591 = 86.5%). Exposure occurred within the family in 74.3% (411/553), and 18.9% of clusters' cases were symptomatic (23/122 = 18.9%). Mapped clusters and generations increased after 24 May 2020, corresponding to “Aid El-Fitr.” The mean incubation period was 4 days, and the mean serial interval ranged from 3 to 3.31 days. The secondary attack rate was 0.21 (95% C.I.) = [0.17–0.24].

Conclusion: COVID-19 transmission was amplified due to the high number of families mixing during “Aid El Fitr” and “Ramadhan,” generating important clusters. Estimated serial intervals and incubation periods support asymptomatic transmission.

KEYWORDS
COVID-19, clusters, incubation period, serial interval, social events, Bahrain


1. Introduction

The first positive COVID-19 case in Bahrain was a 26-year-old male school car driver diagnosed on 24 February 2020. The patient presented with a fever, cough, and a travel history to a neighboring country within 14 days prior to the onset of symptoms. Since then, the number of positive cases has increased exponentially, reaching more than 200,000 by June 2020 and 375,339 after 2 years.

Preparedness for the pandemic started early in Bahrain with the nomination of a COVID-19 national response committee involving all stakeholders to conceive and implement a national plan to control the spread of the infection and reduce the burden of the pandemic (1, 2). Cases were confirmed based on the positive result of the reverse transcription polymerase chain reaction test (RT-PCR). Indeed, RT-PCR screening has been implemented at the airport of Bahrain for travelers arriving from China since the earlier phase of the pandemic (3) and has gradually included passengers from other destinations following the worldwide expansion of the pandemic. All the positive cases are reported to an electronic database from the laboratories to the public health department for timely analysis and control. Contact tracing and isolation were two main pillars of the response plan in Bahrain. The process of contact tracing survey and isolation was initiated for eligible contacts upon receiving notification of an index case, following the guidelines set forth by the WHO (2). This strategy is pivotal to controlling the spread of COVID-19 (3–5) and enables the monitoring of the transmission dynamics of the virus and the spectrum of clinical manifestations (6, 7).

Despite the early implementation of this comprehensive response plan, clusters continued to emerge in Bahrain. Similar to most of the Gulf Cooperation Countries (GCC), Bahrain is characterized by a mixed population with a high proportion of expatriates with different demographic characteristics (young population and more men) and sociocultural backgrounds; this heterogeneity, as well as differences in mixing patterns, complicate the dynamics and features of disease spread. The fasting month of “Ramadhan,” crowned by the “Aid El-Fitr,” is a socio-cultural event that causes high mixing between families and exacerbates the transmission of COVID-19. The importance of such events for the increase in transmission and cluster generation is not well-documented. In this context, SARS-CoV-2 transmission parameters, such as the latent period and the serial interval, are not estimated, which could compromise the effectiveness of predictive models and the performance of response plans. The present study aimed to elucidate transmission scenarios and characterize the patterns of COVID-19 clusters before and after “Aid El-Fitr.” We also aimed to derive the transmission parameters of the SARS-CoV-2 virus from field data. The findings will allow the adaptation of the response plans to sociocultural events that are similar to those in other countries in the region.



2. Methods


2.1. Study subjects

The study sample included all confirmed COVID-19 cases reported to the public health directorate of Bahrain following a contact tracing survey between April and June 2020.



2.2. Study variables

The variables analyzed in this study included age, gender, nationality (Bahrain vs. expatriate), date of the positive RT-PCR test, relatedness to the index case, the context of the transmission (in the family, in the workplace, in healthcare settings, or elsewhere), and the presence of symptoms.



2.3. Case definitions

The incubation period and serial interval are epidemiological parameters that describe the dynamics of transmission and disease within the population. They are defined as follows: The incubation period was the time interval between exposure and the appearance of the first symptoms in a case. The serial interval was the time between the onset of symptoms in a primary case-patient (the infector) and the onset of symptoms in a secondary case-patient (the infectee) with symptom onset (8, 9).

The secondary attack rate was defined by the number of positive cases occurring among household contacts during the incubation period post-exposure to the primary case (10).



2.4. Statistical analysis and computation of clusters

The cluster dataset was transformed from tabular format to tree format. The tree data structure allowed for the computation of the following variables: (i) the number of contacts made by a patient, (ii) the number of positive contacts made by a patient, and (iii) the date of the PCR result of the infector.

Pearson's chi-squared test using (i) an asymptotic chi-squared distribution to test differences in attack rates between clusters and (ii) a Monte Carlo simulation (2,000 replicas) tested the significance of differences in attack rates between generations. The initial dataset was managed using Excel [Microsoft Excel for Microsoft 365 MSO (Version 2208 Build 16.0.15601.20590 64-bit)]. Statistical analysis was performed using the R Software [R version 4.2.3—(C) developed by the R Foundation for Statistical Computing. The analysis involved employing the Platform x86_64-w64-mingw32/x64] and the “data.tree, tidyverse” libraries.



2.5. Ethical and regulatory considerations

The public health directorate provided the anonymized data following approval from the supreme health authorities in Bahrain. No ethical approval was required for the analysis of surveillance data in Bahrain.




3. Results


3.1. Description of the investigated sample

From 9 April to 27 June 2020, the contact tracing team from the public health directorate investigated a total of 596 suspected COVID-19 cases, of whom 127 were confirmed through PCR testing, and this included six index cases. The mean age of individuals was 30.34 years [with a minimum of 0 years (<12 months) and a maximum of 90 years, with an SD of 17.84 years]. The sex ratio was 0.87 (276/318), and most of the investigated contacts were of Bahraini citizenship (511/591 = 86.5%). Interestingly, exposure to transmission occurred mainly within the family, accounting for 74.3% of cases (411/553). However, the workplace and healthcare settings were identified as sources of transmission in 15.6 and 9.0% of cases, respectively. Infected individuals (n = 127) were mostly Bahrain nationals, and most infected exposure occurred in families. Most of the positive cases in the clusters were asymptomatic (23/122 = 18.9%).

The six clusters labeled from A to F are described below to provide a detailed insight into transmission timelines and context, including relatedness and mixing patterns among the infected cases.



3.2. Cluster A: April 2020

The index case (A001), a 24-year-old Bahraini man, developed a fever and shortness of breath on 9 April 2020 and tested positive for COVID-19. His close contacts at home and at work were identified and tested. After 2 days, one of his asymptomatic coworkers tested positive (A003), followed by his wife (A006) and her mother (A033), who tested positive 1 and 2 days later, respectively, and both were asymptomatic. After 3 days, a 21-year-old woman (A024), sister of A003, initially tested negative during the first contact tracing, developed a cough and shortness of breath, and tested positive.

Similarly, on 17 April 2020, Case A011, a 29-year-old Syrian woman and a relative of Case A003, was in isolation. Initially, she tested negative but later developed body aches; a subsequent PCR test confirmed that she was positive for COVID-19. The following day, Case A007, a 1-year-old girl and the daughter of Case A003, also showed symptoms of cough and fever while in isolation with her family. A second PCR test confirmed her positive diagnosis. To summarize, Case A003 had been in contact with 55 people during family gatherings; of these, five subsequently tested positive and are considered second-generation contacts.



3.3. Cluster B: May 2020

The index Case B001, a 40-year-old symptomatic man, who developed cough and fever), tested positive for COVID-19 on 29 April 2020. Contact tracing revealed 76 contacts. Upon initial testing, 16 asymptomatic family members tested positive (B002–B017). Four additional asymptomatic family members tested positive during the self-isolation exit test (B018–B021). In total, the cases (B001) were mixed with 76 traced cases. Among them, 20 were confirmed to be positive contacts.

Cases B101 and B 102 were both asymptomatic positive cases that resulted from secondary transmissions of Case B008. Case B007 had 20 close contacts, of whom her mother tested positive (B099) without exhibiting any symptoms.

Though asymptomatic during the isolation period, Case B018 led to the emergence of two secondary positive asymptomatic cases, namely Cases B146 and B147. Case B088, a 42-year-old Bahraini man, was a second-generation contact of Case B006. Despite initially testing negative on PCR, he developed a cough and runny nose, eventually testing positive 12 days later. Notably, he did not report any interactions with other positive cases during this 12-day period. The contact tracing process for Case B088 led to the identification of third-generation positive contacts, Cases B166 and B167, both of whom were his family members and were asymptomatic (Table 1).


TABLE 1 Profile of the study sample and infected individuals.
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3.4. Cluster C: May 2020

The index case (C001), a 33-year-old Bahraini male healthcare worker, tested positive on 29 May 2020, without exhibiting any symptoms. Within the next 3 days, he came into contact with 23 individuals. Among these contacts, 11 of his family members tested positive on the PCR test (C002–C012). They were all asymptomatic except for cases C004 and C011, who both complained of a dry cough. Case C007 had six close contacts in the second generation, all of whom were subjected to testing. Among these contacts, only one individual, identified as CO50, tested positive. Notably, this 25-year-old Bahraini woman displayed no symptoms. During the contact tracing for Case C009, 17 individuals were identified as second-generation contacts and tested. Among them, eight family members (C054–C061) showed a positive PCR result on the first swab test despite being asymptomatic. In addition, another asymptomatic family relative (C062) tested positive during the exit isolation PCR test conducted on 11 June 2020.

Case (C055), a 40-year-old woman, had six contacts (third generation) who were tested. One tested positive with no symptoms (C127). Similarly, cases C112 and C113, both of whom are relatives of Case C054, tested positive through PCR while in isolation despite having initially tested negative during the contact tracing process.



3.5. Cluster D: June 2020

The index case (D001), a 34-year-old Bahraini man, tested positive, though asymptomatic, during a random “Drive Thru” testing on 5 May 2020. Contact tracing revealed that 19 of his family members tested positive for COVID-19, including his 28-year-old wife (D002), within 1–3 days. Four of his family contacts tested positive. Two of them were symptomatic and tested positive since the first PCR test (D012) and (D018). The two other cases, D019 and D020, developed symptoms (sore throat and runny nose) 2 days after the initial negative swab test and subsequently tested positive through PCR. In the case of Case D002, there were four contacts in the second generation, of whom only one tested positive with no symptoms [her son (D021), a 3-year-old male].



3.6. Cluster E: June 2020

Case (E001), a 49-year-old Bahraini man, complained of fever, cough, and a runny nose. He did not report any recent travel or contact with positive cases. He tested positive for COVID-19 on 7 May 2020. All of his close contacts were eight family members, of whom five were positive with no symptoms (E002–E006).

His relative (E006) had eight contacts in the second generation who were also family members. Among them, five tested positive (E010–E014). The contact tracing of Case E011 at the workplace revealed an asymptomatic positive case in the third generation (E032). The latter case (E032) was a 37-year-old Bahraini man with 22 contacts as the fourth generation, of whom 10 tested positive and were all family members (E033–E042). Among these 10 positive contacts, five complained of sore throats, and one had a loss of smell.



3.7. Cluster F: June 2020

Index case F001, a 37-year-old Bahraini woman, was asymptomatic upon testing positive for COVID-19 on June 11 2020. Contact tracing among 44 contacts revealed 13 positive cases (F002–F011) and (F013–F015), who were all family members. Among them, three individuals exhibited symptoms: Case F005 presented with a cough and sore throat, Case F008 displayed symptoms of fever, cough, and sore throat necessitating hospitalization, and Case F011 reported Among them, three individuals exhibited symptoms: Case F005 presented with a cough and sore throat, Case F008 displayed symptoms of fever, cough, and sore throat necessitating hospitalization, and Case F011 reported fever, sore throat, and fatigue.

Case F002, a 73-year-old woman, had 14 contacts, of whom two tested positive: Case F (034) and Case F035. Initial contact tracing of Case F011 resulted in two positive cases: Case F (056) and Case F057. Case F058, placed in isolation, showed a positive result 12 days later (25 June 2020) at the exit swab sample. The five cases formed the second generation. The transmission chain continued as Case F035 developed symptoms of cough, sore throat, and fatigue and caused two other positive cases, Cases F048 and F012. Case F058 resulted in further transmission of the infection in Case F059 2 days later. The three latter cases of the third generation did not exhibit any symptoms.

The mapping of the COVID-19 clusters and related generations over time is detailed in Figure 1. It indicates that transmission was relatively slow during the start of the pandemic in Bahrain in the month of April, as shown in the first cluster. Following the fasting month of “Ramadhan” in Bahrain and the celebration of “Aid El-Fitr” on 24 May, transmission was exacerbated due to high mixing within families during this religious event, significantly increasing infected individuals, clusters, and generations.


[image: Figure 1]
FIGURE 1
 Transmission map of COVID-19 cases detected during active contact tracing between 9 April 2020 and 28 June 2020. Each bullet represents a PCR+ case. The location on the X-axis represents the date of the PCR positive result. Each edge represents a positive contact. We did not include negative cases in this map to ease visual interpretation. After Aid El-Fitr (24 May 2020), the number of clusters increased much faster (~4 clusters per month) compared to the period between the start of the epidemic and Aid El-Fitr (~1 cluster per month).


The incubation period was estimated from data (n = 13 cases) as the duration between the last day of exposure to the infector and the date of sampling for COVID-19 in a confirmed positive “infectee” who is symptomatic. It ranged from 1 to 9 days (mean = 4 days, 95% CI of the mean = [2.00, 6.00], S.D. =3.31 and median= 2 days, [Q1 = 2, Q3 = 7]).

Unfortunately, the symptom status for pairs of “infector-infectee” was not available for all pairs in our data. This limitation caused the need to estimate the serial interval in two ways.

First, the serial interval was estimated from pairs of “infector-infectee” by determining the duration in days between the date of sampling of the positive “infector,” confirmed by PCR, without considering the presence of symptoms, and the date of sampling of the related symptomatic “infectee,” also confirmed by PCR. The range for this interval spanned from 1 to 8 days [mean = 3 days, 95% CI of the mean = [2.20, 3.80], S.D.= 1.72 days, and median = 3 days [Q1 = 2, Q3 = 4], (n = 20 pairs)].

Second, the serial interval was estimated from pairs of “infector-infectee” as the duration in days between the date of sampling of a symptomatic infector and the sampling date of “infectee” disregarding symptoms. It ranged from 1 to 15 days [mean = 3.31days, 95% CI of the mean = [1.57, 5.05], S.D. =4.58 days, and median = 1 day, [Q1 = 1, Q3 = 2], (n = 29 pairs)].

Interestingly, for both estimations of the serial interval, the mean was ~3 days. However, the median was slightly higher (4 days) in the first estimation while it was overdispersed, leading to a lower median (1 day) in the second estimation.

Figure 2 clarifies the approach for estimating the serial interval given the constraints of the unavailability of symptom status for the pairs of “infector-infectee” in our data set.


[image: Figure 2]
FIGURE 2
 Graphical illustration showing the definition and estimation methods of the serial interval. For estimation #1, the symptomatic status is confirmed for the infectee and unknown for the infector, and for estimation #2, the symptomatic status is confirmed for the infector and unknown for the infectee. The top double arrow line represents the serial interval when the symptomatic status is known for both the infector and the infectee.


The secondary attack rate was 0.21 with 95% confidence intervals (95% CIs) = [0.17–0.24] within six clusters and five generations. This rate was 0.45 (69 cases/153 contacts) when considering the first generation at 95% CIs [0.370–0.533] and dropped to 0.14 (33 cases/242 contacts) at 95% CIs [0.095–0.186] in the second generation.

The proportion of the infected patients among contacts revealed an overdispersed distribution according to the generations where the most infections occurred during the first generation (Pearson's Chi-squared test with p-value computed using the Monte Carlo test, which was χ2 = 95.006, p-value = 0.0004998 <10−3 (11).

However, most of the cases detected are in the last three clusters, D, E, and F, where the proportion infected per cluster showed a significant steady increase over time (Pearson's χ2 test = 48.098, df = 5, p-value = 3.392 10−9 <10−3) (Table 2).


TABLE 2 Attack rates among clusters and generations.
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4. Discussion

This study comprehensively analyzed 129 cases in six COVID-19 clusters resulting from the active screening of 590 contacts. It allowed the accurate identification of the timeline for the spread of the SARS-CoV-2 virus in the sociocultural context of Bahrain for the first time, which is similar to other GCC countries. Mixing information about the context of transmission, the symptoms, the relatedness of cases, and the date of positive PCR clarified the transmission scenarios and permitted the estimate of key epidemiological parameters from field data. This information is useful to conceive realistic models to forecast the course of the pandemic in the population's specific context and to refine future control strategies.

The COVID-19 response team of Bahrain recommended the policy of actively testing by PCR, tracing, isolating, and treating as an important pillar to curb the pandemic in its early stages, which is in agreement with the WHO recommendations and the guidelines of other countries (12). This approach helped identify the source of COVID-19 infections and the rapid containment of transmission and severity. Although the gold standard, this test is limited by its ability to detect cases during the period of viral shedding, as it could be falsely negative among those tested at earlier stages of contact with cases (12).

The clusters under study were identified from April to June 2020, 2 months after diagnosing the first case in the Kingdom of Bahrain. They summarize valuable information about the epidemiological course of the COVID-19 pandemic in this country in its early stages. The cases under study were mainly due to the local transmission of the disease in the country, reflecting the mixing patterns in the population despite the imposed restrictive control measures. This finding was confirmed in Qatar as well (13). The mapping of clusters through time showed that “Aid El Fitr,” a religious event Muslims celebrate to mark the end of the fasting in the month of “Ramadhan” that occurred on 24 May 2020, amplified transmission through high mixing within families. We also noticed the high clustering of cases over time, as shown in Figure 1. However, most cases were discovered during the first generation, reflecting the increased awareness following contact tracing and the performance of the response team in interrupting transmission through various preventive measures recommended by the national response team of Bahrain.

Most of the contacts identified in the clusters and most of the positive cases were among family contacts (21% or 89/411 contacts). This pattern is not surprising given the proximity and prolonged exposure to the index case and the routes of transmission through droplet and aerosol particles (14). Contacts with positive cases in other places are also at risk of disease transmission, especially with prolonged interaction and high mixing (3). The COVID-19 virus was found to be transmitted in different settings; however, many of the described clusters happened indoors among household contacts, with a small number of positive cases (15). Several other factors, such as the viral load, the airflow in the place, and other environmental conditions, determined the probability of transmission (16). The transmission events, measured as PCR positivity at any time up to 14 days post-exposure (14), appeared to be independent of age and gender (17).

The incubation period (IP) and serial intervals (SI) were estimated from the data in the present study. The mean SI estimated from the data by two approximations, depending on the availability of information about the symptom's status in one of the elements of pairs (infector-infectee), ranged from 3 to 3.31 days. A more accurate estimation lies between the two estimations, which agrees with that reported in a previous study conducted in Brazil (18). However, the mean IP was 4 days. Despite the reduced sample size used for their estimation, both IP and SI were in the range reported in a review of 19 studies published between January 2020 and 10 March 2022 (19). Our estimates of SI and IP suggested that SI is shorter than IP, which is in agreement with the asymptomatic transmission of the SARS-CoV-2 virus.

The secondary attack rate observed among contacts within the Bahrain clusters was 21%, with 95% CIs of 17–24%, amounting to 121 out of 590 contacts. This rate aligns with findings from other studies, where estimations ranged between 4.6 and 49.6%. Notably, the secondary attack rate did not exhibit any correlation with the geographical region or the imposition of lockdown measures (10, 14). Notably, household transmission contributed to the spread of COVID-19 cases among the most vulnerable groups in countries where national lockdowns and social distancing were imposed. Indeed, the variation in the attack rate resulted from the high mixing between susceptible and infectious individuals and because of the differences in the viral load among the infected. These transmission scenarios are consistent with those reported by other studies from most other countries during the early months of the pandemic. These studies also show that close family members were the most likely contacts to become infected (17). However, in early clusters in the United States, family gatherings were also found to be a source of the spread of SARS-CoV-2 outside the household (20).

Patients with COVID-19 might be unable to report their symptoms, especially when they suffer from a mild illness. In addition, in family clusters, the patients may fail to report their symptoms or may be asymptomatic, and hence, they neither isolate from other family members nor seek medical advice. These infectious cases may transmit the virus to their contacts, a situation in which diagnosis may be missed (3, 21). Most COVID-19 patients were asymptomatic in Bahrain and Qatar, subsequently acting as a pool for virus transmission and creating new clusters of disease (22, 23). This pattern was confirmed by our study, where 81% (99/122) of the PCR-confirmed cases were asymptomatic. This proportion was higher than that previously reported, where it was found that 50% of the investigated cases were asymptomatic (24). This high proportion of asymptomatic positive cases observed in our study could reflect the effective performance of the contact tracing process and the response team's efforts upon receiving notifications about index cases. Additionally, it could reflect the impact of the isolation and testing policy for both cases and their associated contacts. Assuming the risk of transmission even among negative contacts, all those who tested negative around an index case during the contact tracing survey in Bahrain were isolated for 14 days and tested before discontinuing isolation, even if they remained asymptomatic. However, if any of the contacts developed symptoms during the isolation period, they received the second PCR test. This policy of testing the contact twice allowed the early detection of many positive cases, even if they were asymptomatic, thus reducing the viral shedding duration, which was found to be similar among the symptomatic and the asymptomatic positive cases in Bahrain (22).



5. Conclusion

This study confirmed that mixing between families during religious and social events remained an important driver of transmission in Bahrain despite the impressive response of the national team, the rapid implementation of effective non-pharmaceutical control measures, and the availability of anti-COVID-19 vaccination through involvement in vaccine trials during the early stages of the pandemic. Mixing during sociocultural events was the least compressible risk in the control strategy of COVID-19 in Bahrain and other GCC countries. Our findings support the importance of considering social and cultural determinants of transmission in future pandemic response plans. Overall, the control of the COVID-19 pandemic in Bahrain was one of the most successful worldwide, with limited morbidity and mortality loads and minor impacts on the performance of the curative and preventive services of the health system.
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Introduction: Coronavirus disease 2019 (COVID-19) has caused more than 690 million deaths worldwide. Different results concerning the death rates of the Delta and Omicron variants have been recorded. We aimed to assess the secular trend of case fatality rate (CFR), identify risk factors associated with mortality following COVID-19 diagnosis, and investigate the risks of mortality and hospitalization during Delta and Omicron waves in the United States.

Methods: This study assessed 2,857,925 individuals diagnosed with COVID-19 in the United States from January 2020, to June 2022. The inclusion criterion was the presence of COVID-19 diagnostic codes in electronic medical record or a positive laboratory test of the SARS-CoV-2. Statistical analysis was bifurcated into two components, longitudinal analysis and comparative analysis. To assess the discrepancies in hospitalization and mortality rates for COVID-19, we identified the prevailing periods for the Delta and Omicron variants.

Results: Longitudinal analysis demonstrated four sharp surges in the number of deaths and CFR. The CFR was persistently higher in males and older age. The CFR of Black and White remained higher than Asians since January 2022. In comparative analysis, the adjusted hazard ratios for all-cause mortality and hospitalization were higher in Delta wave compared to the Omicron wave. Risk of all-cause mortality was found to be greater 14–30 days after a COVID-19 diagnosis, while the likelihood of hospitalization was higher in the first 14 days following a COVID-19 diagnosis in Delta wave compared with Omicron wave. Kaplan–Meier analysis revealed the cumulative probability of mortality was approximately 2-fold on day 30 in Delta than in Omicron cases (log-rank p < 0.001). The mortality risk ratio between the Delta and Omicron variants was 1.671 (95% Cl 1.615–1.729, log-rank p < 0.001). Delta also had a significantly increased mortality risk over Omicron in all age groups. The CFR of people aged above 80 years was extremely high as 17.33%.

Conclusion: Male sex and age seemed to be strong and independent risk factors of mortality in COVID-19. The Delta variant appears to cause more hospitalization and death than the Omicron variant.

KEYWORDS
 coronavirus disease 2019, COVID-19, case fatality rate, CFR, mortality trends, SARS-CoV-2


1. Introduction

Coronavirus disease 2019 (COVID-19) is an ongoing pandemic caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2). COVID-19 can cause various complications that can be fatal. The most prevalent complications include pneumonia, respiratory failure, myocardial injury, renal failure, sepsis or complications related to thrombosis (1). There have also been reports of individuals experiencing a flare-up of autoimmune diseases following infection with SARS-CoV-2 (1, 2). Over time, various mutated variants of COVID-19 have emerged and been identified. With regards to the Alpha variant, studies suggest that the absolute risk of death within 28 days of infection increases with age and the presence of comorbidities. Furthermore, this variant appears to spread more rapidly and have a higher mortality rate than the pandemic strain seen prior to its emergence (3).

In early 2022, daily newly confirmed cases remarkably rose, attributed to a novel variant called Omicron (lineage BA.1.1), which invaded the United States and became the dominant variant at the end of December 2021 (4, 5). Omicron was more infectious and transmissible with immune escape than the wild-type strain and the 4 other variants of concern (VOC) (6). It was thought that the clinical severity of infection is lower for Omicron than for Delta (7–13). All literature described lower mortality of Omicron variant than Delta variant. According to data from the CDC, the adjusted mortality risk was lower for adults, both males and females, and all racial and ethnic groups, as well as individuals with and without disabilities, and those with one or more underlying medical conditions during the Omicron period compared to the Delta period (14). In the United Kingdom, a large retrospective cohort study indicated that the risk of COVID-19 mortality was 66% lower for Omicron BA.1 in comparison to Delta (15). Compared to the wild-type virus, the Delta variant has a greater risk of hospitalization, intensive care units admission, and mortality than the Alpha variant, and all SARS-CoV-2 VOCs have a greater risk of disease severity than the wild-type virus (16). During the pre-Omicron period, the proportion of COVID-19-related hospitalizations was relatively stable, whereas it decreased during the Omicron period. Although the predictors of inpatient mortality remained consistent with previous reports, such as older age, male gender, morbid obesity, and multiple comorbidities, it appears that the Omicron variant is a less lethal variant for adults hospitalized with COVID-19, although this effect is weaker in older patients (17). However, it was debated whether Delta was more fatal than Omicron variant for all kinds of populations.

However, the recent COVID-19 Australia Epidemiology Report revealed that patients aged 70–79 and 80–89 years, the mortality rate was 2- and 3-fold, respectively, in the Omicron wave compared with that in the Delta wave (18). Though intensive studies have been conducted to compare the two most infectious variants, Delta and Omicron, data on Alpha variant was relative scarce. In addition, the literature on COVID-19 mortality were partial and specific, either focused on hospitalization rate and mortality rate in different waves of variants; some reported disparities in sex or race but limited to several regions or county level; and some demonstrated the fluctuation of mortality only in early to middle pandemic. The mask wearing policy and vaccination kept rolling by time, while the long-term effect was unclear. A comprehensive interpretation of fluctuations in the case fatality rate (CFR) is of important while absent.

Therefore, the objective of this study was to conduct a longitudinal analysis of CFR trends in relation to COVID-19, while taking into account significant events influencing CFR fluctuations. Furthermore, risk factors for mortality is identified following a COVID-19 diagnosis, and the mortality and hospitalization rates are investigated during the Delta and Omicron waves.



2. Methods


2.1. Study design

TriNetX is a global federated network that provides access to de-identified electronic medical information from numerous health care organizations, which consist of millions of patients collected from hospital, primary care, and specialist providers. Demographic information, diagnoses, treatments, deaths, prescriptions, and laboratory test results are among the available data. TriNetX aggregates information directly from electronic medical record systems on a continuous basis. Numerous renowned studies employed this database (19–23). Using the TriNetX United States Collaborative Network, we retrieved data from 48 health care organizations in the United States ranged from January 1, 2020 to June 30, 2022. The US network include United States Census Bureau defines four statistical regions, with nine divisions. Region 1: Northeast (Division 1: New England, Division 2: Mid-Atlantic), Region 2: Midwest (Division 3: East North Central, Division 4: West North Central), Region 3: South (Division 5: South Atlantic, Division 6: East South Central, Division 7: West South Central), Region 4: West (Division 8: Mountain, Division 9: Pacific). The data collected by HCOs are representative of their entire patient population and are inclusive of all facilities and treatment settings. Supplementary Table S1 demonstrates Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) Statement.



2.2. Study population

The study population consisted of patients diagnosed with COVID-19 in study period. Supplementary Table S1 demonstrates the definition of study group. Patients were included if they met any of the following criteria: (1) International Classification of Diseases, Tenth Revision, Clinical Modification (ICD-10-CM) codes (U07.1, U07.2, U09, U09.9, or J12.82) in medical records; or (2) positive SARS-CoV-2 laboratory test result (codes 94,534-5, 94,309-2, 94,500-6, 94,316-7, or 9,088). There was no restriction on age of participants. The coding was based on the coding guidelines released by Centers for Disease Control and Prevention (CDC). Patients met inclusion criteria will be included regardless of from out-patient visit, in-patient visit, intensive care unit or emergency department. Mortality was estimated following COVID-19 diagnosis until the end of the research. All data were analyzed on the TriNetX platform.



2.3. Outcomes

The main focus of this study was to examine the primary outcome of death following infection with SARS-CoV-2. Additionally, we investigated secondary outcomes, which included the occurrence of mortality or hospital inpatient services during the Delta and Omicron waves. Mortality was defined as death within 30 days, while hospital inpatient services were identified through hospitalization records with Current Procedural Terminology (CPT) codes 1,013,659 and 1,013,699 and intensive care unit admission using CPT code 1013729. We calculated the cumulative probability for these outcomes during the follow-up period. Subgroup analysis with time stratification after confirmation of COVID-19 are also conducted.



2.4. Statistical analysis

The mortality rate denominator is the monthly number of confirmed COVID-19 case, molecular is the monthly number of deaths in COVID-19. The formula is as below.

[image: image]

TriNetX database offered monthly CFR and monthly deaths in COVID-19 without information of monthly number of confirmed COVID-19. After selecting specific period and population with COVID-19 diagnosis, we retrieve CFR on platform. All statistical analyses were performed on TriNetX platform. In Figures 1–4, relative risk was calculated with respect to male participants, individuals aged 19–50 years old, and the Asian population, respectively, serving as references.

[image: Figure 1]

FIGURE 1
 Algorithm of study protocol.
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FIGURE 2
 Trends of case fatality rate (%) of COVID-19 from January 2020 to June 2022. Surge of case fatality rate was denoted in deep blue. Dotted line with lowercase letter indicated key event as following: (A) outbreak of COVID-19 in the United States, (B) mask mandate policy was first implemented, (C) appearance of Alpha variant in the United States, (D) started COVID-19 vaccination for individuals aged more than 18 years, (E) mix-and-match of COVID-19 vaccination was initiated and CDC require mask wearing on public transportation, (F) first Delta case was detected in United States, (G) Delta variant become dominant in newly diagnosed cases, (H) FDA allow booster dose of Pfizer-BioNTech COVID-19 vaccine, (I) first Omicron case was detected in United States, and it became dominant variant at end of December, 2021, and (J) FDA authorized a second booster dose of Pfizer-BioNTech and Moderna COVID-19 vaccine. CDC, centers for disease control and prevention; COVID-19, coronavirus disease 2019; FDA, food and drug administration.
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FIGURE 3
 Numbers of deaths and vaccination, and case fatality rate (%) of COVID-19 from January 2020 to June 2022. The number of vaccinations was recorded as a single event, and it was not possible to distinguish between first or second doses due to constraints within the TriNetX platform.
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FIGURE 4
 Case fatality rate (%) of COVID-19 from January 2020 to June 2022, stratified by sex. The relative risk of fatality was calculated using the reference group of females. RR, risk ratio.


Baseline characteristics were analyzed in a descriptive manner to present the number and percentage of individuals with each disease, as well as the mean and standard deviation of age at the index. In order to optimize the relevant covariates between the Delta and Omicron variants, propensity-score matching was employed. The propensity score for each participant was estimated through non-parsimonious multivariable logistic regression, with COVID-19 serving as the dependent variable. We included clinically related covariates as independent variables. The nearest-neighbor algorithm was adopted to construct matched pairs, assuming the standardized mean difference value <0.1 to be a negligible difference between the study and comparison cohorts.

Propensity score matching for the two groups at a 1:1 ratio by greedy nearest neighbor matching for age at index, sex, race, comorbidities (including hypertensive diseases, cerebrovascular diseases, chronic kidney disease, chronic respiratory diseases, diabetes mellitus, dementia, dyslipidemia, ischemic heart diseases, liver diseases, malignancy, overweight or obesity, smoking) and medication (including angiotensin converting enzyme inhibitors or angiotensin II receptor blockers, beta blocking agents, calcium channel blockers, metformin, lipid modifying agents, corticosteroids, non-steroidal anti-inflammatory drugs, and antipsychotics). The propensity score matching procedure employed in the TriNetX platform involves the use of logistic regression analysis to derive propensity scores for each subject based on user-specified covariates. Subsequently, a 1:1 matching is conducted using greedy nearest neighbor algorithms, with a caliper width of 0.1 pooled standard deviations. To mitigate bias resulting from the nearest neighbor algorithms, TriNetX randomizes the order of rows. It is worth noting that this study method has been previously validated (24–26).

Comorbidities that were present within 6 months prior to the index day, which is defined as the date of first COVID-19 diagnosis, will be considered in our analysis. Additionally, we will include commonly used medications that were taken for more than 7 days during the study period. Supplementary Table S2 lists the codes for both comorbidities and medications.

We utilized Cox proportional hazards models to compare the outcomes of interest between the Delta and Omicron variants. Different models of adjustment were used to compare the risks of all-cause mortality and hospitalization during the Delta and Omicron waves. Additionally, we evaluated the risks of death and hospitalization in the Delta wave compared to those in the Omicron wave based on the cumulative duration (<14, 14–30, 31–365 days) following a COVID-19 diagnosis. The results were reported as hazard ratios (HRs) and 95% confidence intervals (CIs) for both Delta and Omicron variants. To calculate the observed risks, we censored the participants until the date of respective outcomes or until the end of follow-up on June 30, 2022, whichever occurred first.

The Kaplan–Meier analysis and log-rank tests were used to estimate the survival probability of primary outcome from day 1 to day 30 post COVID-19 diagnosis during a specific period. TriNetX platform did not report the infected COVID-19 variants, so we determined the interval which is representative of the majority of newly reported cases. Based on variant data by time (27), the Delta and Omicron waves mainly occurred in August–November 2021 and January–April 2022, accounting for at least 99.5 and 98% of the overall number of new cases in the United States, respectively. A subgroup analysis to interval analysis was conducted with age strata. The cumulative probability of mortality resulting from COVID-19 infection in separate waves of variants will also be assessed.

A two-tailed p-value of less than 0.05 was regarded as statistically significant. Arrangement of figures and tables were handled on Microsoft Excel version 16.0 (Microsoft, Washington, United States). All statistical analyses were conducted on the TriNetX platform, which utilizes a combination of JAVA™, R and Python™ programming languages (28).



2.5. Acquisition of data and quality control

The TriNetX appliance is either a physical server located in the institution’s data center or a virtual hosted appliance. The TriNetX platform is comprised of a fleet of these appliances connected to a federated network and capable of broadcasting queries to each appliance. Results are collected and aggregated. Once the data have been transmitted to the network, they are mapped to a standard and controlled set of clinical terminologies and undergo a data quality review, including “data cleaning,” which rejects records that do not match TriNetX quality requirements. Compliance with the Health Insurance Portability and Accountability Act (HIPAA) is achieved by de-identifying clinical patient data. TriNetX is certified to the ISO 27001:2013 standard and maintains an Information Security Management System to ensure the protection of the healthcare data it has access to and to meet the requirements of the HIPAA Security Rule. TriNetX employs the standardized methodology for assessing data quality in regard to data quality. Conformance, completeness, and plausibility are recognized as three categories of quality measures in this framework.



2.6. Ethical considerations

This study has granted approval by institutional review board of Chung Shan Medical University Hospital with number of CS2-21176. The research consisted exclusively of aggregating de-identified counts and statistical summaries and did not involve the collection or transmission of personally identifiable information; thus, the informed consent was not applicable. To protect privacy and confidentiality of the patients from TriNetX, patient counts are rounded up to the nearest 10 if the count is less than 10.




3. Results


3.1. Study flowchart

Figure 5 presents the algorithm of study protocol. Over the period from January 2020 to June 2022, a total of 2,857,925 individuals were identified as having been diagnosed with COVID-19 or infected with SARS-CoV-2. A longitudinal analysis of the entire cohort population was conducted to examine the secular trend of CFR and COVID-19 vaccination. The time frame chosen for comparative analysis was from August 2021 to April 2022. During this period, a total of 1,413,620 individuals were identified. Among them, 483,949 individuals were identified during the Delta wave, while 692,800 individuals were identified during the Omicron wave. To ensure comparability between the two groups, propensity score matching was conducted at a 1:1 ratio for variables such as age at index, sex, race, comorbidities, and medications. As a result, 483,946 pairs of participants were included in the analysis. The primary focus of this comparative analysis is to examine the mortality and hospitalization rates during the Delta and Omicron waves.
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FIGURE 5
 Case fatality rate (%) of COVID-19 from January 2020 to June 2022, stratified by age. The relative risk of fatality was calculated using the reference group of individuals aged 19–50 years old. RR, risk ratio.




3.2. Longitudinal analysis

Figure 6 demonstrates the four sharp surges in CFR, occurring in March–April 2020, October 2020–January 2021, July–September 2021, and November 2021–February 2022. A total of 2,131 deaths were recorded in the first surge, and 5,049 deaths in the second surge (data not shown). The SARS-CoV-2 reached the United States on January 13, 2020 and led to numerous deaths from March to April of 2020. After the implementation of the stay-at-home order on patients diagnosed with COVID-19 on April 3, 2020, the CFR and the number of deaths decreased. Since October 2020, the daily cases of COVID-19 surged, so did CFR. A sharp increase in CFR from November 2020 to January 2021, indicated as the second surge. From January 2021 to July 2021, the CFR sharply declined at a steady level, followed by a noticeable increase. Alpha variant (B.1.1.7) was the first of the highly publicized variants. It rapidly spread and dominated the United States from March to April 2021. However, Alpha diminished with the rise of the more aggressive Delta variant in June 2021. The Delta variant (B.1.617.2) kicked off the third surge from July 2021 to September 2021. The fourth surge, from November 2021 to February 2022, also correlated with the emerging infections caused by the Delta and Omicron variants. The Omicron variant was first detected in the United States on December 1, 2021, and dominated in mid-December 2021.
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FIGURE 6
 Case fatality rate (%) of COVID-19 from January 2020 to June 2022, stratified by race. The relative risk of fatality was calculated using the reference group of Asian. NA, not available. No record of any death in Asian population in February 2020. Any number lower than 10 would be automatically assigned to numeral 10 in TriNetX; hence, data presentation could be seriously affected. Accordingly, Native Hawaiian, American Indian, and other less common races were not presented.


Figure 1 depicts the secular fluctuations of the number of deaths, vaccinations, and CFR. The highest number of deaths and CFR were recorded in December 2020. Since December 2021, the gap between CFR and number of deaths enlarged. The number of COVID-19 vaccination has dramatically raised since November 2020, whereas the increase was interrupted in February 2021, followed by the same growth rate of vaccination. The number of vaccinations decreased from April to July, 2021.



3.3. Secular trend of CFR stratified by sex, age and race

Subgroup analyses with stratification of sex, age and race were conducted. Figure 2 presents the fatality in strata of sex. The mortality trends of both sexes positively correlated with the whole follow-up period. Throughout the study period, the CFR of males was always higher than that of females, and the highest odds of CFR in men over women in March 2022 was 2.12-fold. Of note, the relative risk seemed to be higher in the decreasing stage of CFR, such as July 2020, February 2021, November 2021 and March 2021. It showed that the CFR of males dropped slower than that of females.

Figure 3 shows mortality trends in CFR, which were similar in all aspects of the age group. Age was positively correlated with CFR in study period. Patients aged more than 65 years accounted for a significant number of deaths, but those above 80 years old had the highest CFR for the whole period. In January 2021, the relative risks of CFR were, respectively, 65.55-fold and 22.50-fold higher in people aged above 80 years and 66–80 than in those aged 19–50 years. The CFR of age 0–18 years remained lower than 1 except for the first three consecutive months of the study. Intriguingly, the relative risk dramatically increased in older age groups when CFR went up, which may indicate that older people were more vulnerable to the pandemic.

Supplementary Figure S1 demonstrates the CFR in strata of sex and age. Male sex and age seemed to be strong and independent risk factors of mortality in COVID-19. Secular trend in CFR with stratification of sex and age also indicated overall higher risk in male sex and older age. Whereas for age group 0–18, the number of deaths were very low in stratification, hence the disparity of CFR between both sexes were not prominent.

Figure 4 indicates the CFR trend in strata of race. The CFRs of Asian, White, and Black groups positively correlated with each other until July 2021. Subsequently, the CFR of Asians remained lower than the others. The highest relative risks were observed in the fourth surge, 2.04 and 2.08 of White and Black, respectively (See Table 1).



TABLE 1 Baseline characteristics of included participants.
[image: Table1]



3.4. Comparative analysis of Delta and Omicron

We evaluated all-cause mortality and hospitalization rates during the Delta and Omicron waves. Table 2 presents hazards of all-cause mortality and hospitalization during Delta wave over Omicron wave in various models. The 14 days cumulative probability of all-cause mortality was 1.20 and 0.69% during the Delta and Omicron waves, respectively. At 1 year, the probabilities increased to 3.82 and 2.80% for Delta and Omicron, respectively. The crude HR for Delta was 1.336 times higher than for Omicron. Regarding hospitalization, the 14 days cumulative probability was 10.90 and 7.36% for Delta and Omicron, respectively. At 1 year, these probabilities increased to 21.94 and 20.86% for Delta and Omicron, respectively. The crude HR for Delta was 1.099 times higher than for Omicron. After adjusting for age at index, sex, race, and comorbidities, the hazard ratios for all-cause mortality and hospitalization were 1.453 and 1.146 times higher for the Delta variant compared to the Omicron variant, respectively.



TABLE 2 Risks of all-cause mortality and hospitalization during Delta and Omicron wave.
[image: Table2]

Table 3 shows time stratified analyses, which revealed adjusted hazard ratios (Model 3) of death and hospitalization during the Delta wave were 1.453 and 1.146 times higher than Omicron wave, respectively, in a year after COVID-19 diagnosis. Different models revealed consistent findings. The risk of death was notably elevated at 14–30 days after COVID-19 diagnosis, with a risk ratio of 2.194 (95% CI 2.071–2.323). On the other hand, the risk of hospitalization was notably elevated in the first 14 days after COVID-19 diagnosis (adjusted HR 1.485, 95% CI 1.464–1.505).



TABLE 3 Risks of all-cause mortality and hospitalization in strata of period after COVID-19 diagnosis.
[image: Table3]

Supplementary Table S3 shows five VOCs have been identified in the United States. Supplementary Table S4 summarizes the impact of the variants on transmissibility, hospitalization, mortality, and efficacy of the vaccines. To investigate mortality in Delta, and Omicron waves, we analyzed separate periods: August–November 2021 and January–April 2022. During these periods, the abovementioned variants dominated and accounted for majority of the newly diagnosed cases.



3.5. Kaplan–Meier analysis

Figure 7 reveals Kaplan–Meier curves indicating 30 days cumulative probability of mortality stratified by age. The Delta to Omicron variants were subjected to a log-rank test. The curves for those aged 0–18 years were jagged due to the limited number of events. Table 4 displays the cumulative probability of mortality for different variants, divided by age groups. The cumulative probability of mortality was approximately 2-fold on day 30 in Delta than in Omicron cases (log-rank p < 0.001). The overall mortality risks of Delta and Omicron variants were, respectively, 2.15 and 1.13%. The risk of deaths increased with ages in all waves of variants. The relative risk of Delta to Omicron was 1.671 (95% Cl 1.615–1.729, log-rank p < 0.001). Delta variant was most fatal for individuals aged 19–50 years compared with Omicron variant (relative risk 2.885, 95% Cl 2.544–3.271). Supplementary Figure S2 shows the CFR of each age group across the study period. The CFR of patients aged above 80 years was as high as 17.33%, followed by those aged 66–80 years as 6.97%.
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FIGURE 7
 Kaplan–Meier curves of the 30 days cumulative probability of mortality in separate periods, August–November 2021 (Delta wave) and January–April 2022 (Omicron wave), stratified by age. (A) Overall, (B) Age 0–18, (C) Age 19–50, (D) Age 51–65, (E) Age 66–80, and (F) Age > 80. Blue line denoted Delta wave, and yellow line denoted Omicron wave.




TABLE 4 Relative risk of 30 days cumulative probability of mortality during August–November 2021 (Delta wave) and January–April 2022 (Omicron wave), stratified by age.
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4. Discussion

This is macroscopic and longitudinal review on mortality during the COVID-19 pandemic in the United States. It enhances the findings of previous studies by providing considerably more detailed perspectives, especially the cumulative probability of mortality and hospitalization in Delta and Omicron waves. The fluctuating mortality trends in the present study were grossly consistent with the data from the COVID Data Tracker based on the whole population.


4.1. Pivotal factors influence case fatality rate

Nonpharmaceutical interventions (NPIs) are the most effective public health interventions against COVID-19 (29, 30). NPIs include maintaining hand hygiene, social distancing, wearing face masks, and quarantine. Through NPI implementation, the high mortality trend was reversed by late April 2020, and the CFR was maintained below 10%. High adherence to mask wearing may successfully hinder the increase in the number of COVID-19 cases (31). Wearing face masks in public is the most effective means against COVID-19 before the development of vaccines (32). COVID-19 incidence decreased in 24 counties with mask mandates in public settings while it continued to rise in 81 counties without mask requirements (33).

As multiple countries have implemented age restrictions for the ChAdOx1 n-CoV-19 vaccine (AstraZeneca) since January 2021 due to the emergence of vaccine-induced thrombocytopenia and thrombosis, and the immunization of young people with mRNA vaccines has been halted due to concerns of myocarditis (34, 35). These safety concerns have led to vaccination hesitancy, thereby hindering the growth rate of vaccination in mid-February 2021 (36). During this time period, both the vaccination growth rate and the CFR decline rate decreased.



4.2. Mortality by sex

The mortality rates of COVID-19 in the United States were higher in males than in females (37, 38). Similar to our findings, disparity of sex in COVID-19 outcomes have also been documented (39). Throughout the study period, CFR of males was always higher than females. The relative risk of male over female was elevated on decreased portion of CFR rather than the uprising portion, such as 1.72, 1.98, 1.81, and 2.12 corresponding to June 2020, February 2021, November 2021, and March 2022. Although rate of full immunization increased by time, the disparity of CFR between male and female did not diminish.

Sex-based disparities have been widely reported. Females seem to develop stronger innate and adaptive immune responses toward infection and vaccination than males (40). Epidemiological data strongly indicate that women having lower infection rate and (41) hospitalization rates, coupled with better prognosis and lesser mortality (42, 43). This disparity in disease burden may be accounted for by several mechanisms, including sex hormones, genetic factors, differences in immune responses, discrepancy in social behavior, and concurrent comorbidities (44–46).



4.3. Mortality by age

In the present study, the CFR of person aged below 18 years old was extremely low compared with other age groups. According to CDC statistics, the crude risks of hospitalization, intensive care unit admission, and mortality remained extremely low for adolescents aged 12–17 (47). BNT162b2 vaccination also reduced the two-third of the risk in Omicron-associated hospitalization among children aged 5–11 years (48). Despite an increase in the vaccination rate among children, the CFR of children has risen dramatically. The cause for this increase was unclear. We did not know if infected children or adolescents contributed to this phenomenon because the 0–18 age group was not further subdivided. The multisystem inflammatory syndrome in children (MIS-C) may be one of the underlying causes (49). The most recent CDC data on pediatric epidemiology found that 60–70% of MIS-C patients were admitted to critical care, with a 1–2% mortality rate (50).

Despite mortality surge in people aged over 50 years, the notification rates and CFR had decreased since July 2021, possibly because of the initiation of vaccination policy and less comorbidity compared with older age. People who aged above 80 years had the highest CFR after COVID-19 diagnosis. In addition, age is always positively correlated to CFR across 4 surges, indicating that age is an independent risk factor of COVID-19-related mortality. Intriguingly, the mortality did not decrease sharply at every surge as the age groups of 66–80 and above 80 years.



4.4. Mortality by race

In the United States, marked racial and ethnic inequities in COVID-19 CFR were detected, and this finding remains up to this day (51). Black people bear a disproportionate burden of COVID-19-related consequences in geographic regions where statistics by race/ethnicity have been recorded. The pandemic revealed health disparities and presented a chance to address the underlying causes of these disparities (52). In nursing homes, White has a disproportionally high CFR than Black and Asian (53, 54). Nonetheless, 33% of hospitalized patients were Black, despite they make up only 13% of the United States population (55). A highest age-adjusted mortality rates of Black people was detected, especially Black men (39, 56). In the current analysis, there was no significant difference between White’s and Black’s CFR, with the exception of November 2021. The mortality risk ratio between White and Black was approximately 2:1.

The most common explanations for a disproportionate burden entail certain issues. First, the prevalence of underlying comorbidities is disproportionately high among populations of ethnic minorities. Second, vaccination against COVID-19 was implemented unequally. Vaccine uptake was significantly lower among Black than White (57). On April 21, 2021, the percentage of the total population that had received at least 1 dose of COVID-19 was 33, 32, and 20% in Asian, White, and Black populations but became 65, 48, and 36% after 3 months, respectively (58). The CFRs of Asian and White were similar from the COVID-19 outbreak until and after July 2021, coinciding with the growing differences in COVID-19 vaccination in both races. Third, the disparity of culture between Western and Eastern may affect the perspectives on mask wearing, which may also affect the mortality on some scale (59).



4.5. Delta and Omicron waves

We included the Delta and Omicron variants into our comparative analysis due to their significant infectivity and transmissibility. These variants have been a public health concern for an extended period of time. There are a few reasons for Delta spreading rapidly despite high vaccination coverage. First, Delta variant is considerably more transmissible (1.97-fold transmissibility with wild-type SARS-CoV-2) than previous strains (60). Second, immunity against COVID-19 wears off months after vaccination. Third, recent higher rates of infection may partially be explained that more people have undergone COVID-19 test. Fourth, the mutation of molecules on the surface of the virus may significantly decrease 40% of the vaccine’s efficacy and safety after completing a primary series of vaccinations (61). Finally, the rapid Delta spread largely reflected the uneven vaccination coverage and policy of NPIs (62, 63).

Before mid-November, 2022, approximately 1% of the reported COVID-19 cases were reinfected, but now, the rate has increased to around 10%. Since the first detection of the Omicron variant, the reinfection rate has been growing rapidly, whereas this trend was not presented before. Previous infection is 90% effective against infection with the Alpha, Beta, or Delta variants, but only 56% effective against the Omicron variant (64). This result may explain why even a population with a high full-vaccination rate still experienced a higher CFR during the fourth surge than the previous Delta outbreak. Breakthrough infections may still occur in fully vaccinated people with serious outcomes (65, 66). Omicron cases showed a 50–70% reduced risk of hospitalization, a 44% lower chance of any hospitalization, and a 69% lower risk of death compared to Delta cases (67, 68). However, the ratio of per-week Omicron to Delta incidence rate for high mortality was 3.34-fold (69). Even in a highly vaccinated population, highly transmissible SARS-CoV-2 variants may still lead to substantial mortality.



4.6. Mortality in Delta and Omicron waves

In England, Beaney et al. (70) reported a 28 days increase in CFR across all age groups, peaking in Delta waves in different age groups before declining. Sigal et al. (71) further proved that the CFR of Omicron was approximately 2.0-fold lower than that of Delta. Though the incidence rate of COVID-19 during the Omicron wave was 6–8 times higher than during the Delta wave (72), the CFR of Omicron was relatively lower. A previous study showed that severity based on the World Health Organization Clinical Progression Scale was 0.61-fold lower for Omicron than for Delta, which was consistent with our findings (73). We identified the 30 days cumulative probability of mortality was 0.53-fold lower in Omicron wave than that in Delta wave.

In Australia, Omicron waves obtained higher mortality rates than Delta waves in all age groups (18). For patients aged 70–79 and 80–89 years, the mortality risk was 2- and 3-fold, respectively, in the Omicron wave compared with that in the Delta wave (18). By the end of 2021, the percentage of completion of primary, secondary, and booster doses in Australia was 80, 77, and 9.3%, respectively, compared with 74, 63, and 23% in the United States (74). No significant difference in percentage of immunization was observed. New COVID-19 cases did not remarkably increase until the end of December 2021 in Australia, but a tremendous number of cases had emerged since March 2020 in the United States. It may be the major reason for the mismatching mortality because of gain of immunity against COVID-19 after recovery of SARS-CoV-2 infection, in conjunction with vaccination can had added protection.



4.7. Hospitalization in Delta and Omicron waves

According to several studies, hospitalization rates during the Omicron wave were higher than during the Delta wave, but patients hospitalized with Omicron experienced less severe outcomes compared to those infected with Delta (67, 75–77). Specifically, Omicron-related hospitalizations were less likely to require high flow oxygen, positive pressure ventilatory support, or more critical care, and to have a hospital stay lasting more than 3 days (67, 77, 78). Furthermore, fewer hospitalized patients with Omicron developed severe hypoxemia than those with Delta (adjusted HR 0.55, 95% Cl 0.38–0.78) (75). However, our finding indicated that cumulative probability and risk of hospitalization were both higher in Delta wave than those in Omicron wave. An England cohort study supported our findings that confirmed Omicron cases had a lower risk of hospital admission and any hospital attendance compared to Delta cases (67). Greene et al. (79) founded the risk of hospitalization was lower for New York patients who tested positive for Omicron than for those who tested positive for Delta.



4.8. Strengths and limitations

This study is the first to comprehensively analyze COVID-19 mortality with longitudinal presentation since the COVID-19 outbreak, with a subgroup analysis of sex, age, and race. The mortality and hospitalization following COVID-19 diagnosis was also identified in separate waves of predominant variants. Moreover, we systemically reviewed the trends of mortality through an intensive review of the literature and current events. Some limitations need to be addressed. First, TriNetX uses electronic medical record data rather than population-based data. Thus, the infection rate and mortality rate were difficult to define; only CFR can be retrieved on the TriNetX database. Second, epidemiological datasets shared the same caveat that the most recent data are always incomplete because reports of the data of people who died today are yet to be finished for many days, weeks, or even months. We found that number of deaths from March 2022 to June 2022 was different at separate access time to the database; one for August 2022, another was April 2023. The latter should be more corrected. Third, CFR is the main parameter assessed in the present study. Of note, when attempting to calculate the CFR, the probability of a substantial number of unreported cases during the earliest phases of the outbreak may exist. Not only the most recent data, but the earliest data in the pandemic may be biased. Fourth, our study population was limited to specific health care organizations; however, the findings may be applicable to the entire US population. The current findings support previous data and the systemic review of the secular trend of CFR caused by COVID-19 and its numerous variants. Fifth, incidence rate could not be obtained on TriNetX platform due to the unavailability of person-year or person-month data. Consequently, we employed the method of calculating cumulative probability to approximate the risks associated with death or hospitalization. Sixth, due to the inability to incorporate vaccinated status as a variable in propensity score matching on platform, it was not feasible to assess the impact of COVID-19 vaccination. Seventh, the severity of COVID-19 could not be well identified on the platform and hinder further analyses. Lastly, during the early Omicron wave, a small number of deaths may have been caused by infections with the Delta variant that happened several weeks earlier, but we cannot confirm it because of the absence of coronavirus sequencing data.




5. Conclusion

Over the course of 2 1/2 years, our analysis of real-world data has revealed significant disparities in COVID-19 CFRs in the United States across sex, age and race. We found that advanced age and male gender were both strong predictors of COVID-19 mortality. With regards to SARS-CoV-2 VOCs, concerns center around viral transmissibility, disease severity, and the impact on vaccine efficacy. Preventing COVID-19 deaths, particularly among individuals who are at higher risk, continues to be a crucial public health objective that requires prioritizing vaccination, early treatment, and appropriate non-pharmaceutical interventions.

Our analysis found that the Delta variant was associated with higher hospitalization and mortality rates compared to the Omicron variant, indicating a greater likelihood of severe disease and poorer outcomes. Among the most vulnerable populations during the COVID-19 pandemic were individuals between the ages of 19 and 50, with a significantly increased risk of hospitalization within 14 days and death within 14–30 days following SARS-CoV-2 infection.
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Background: The COVID-19 pandemic, which began in late 2019, has resulted in the devastating collapse of the social economy and more than 10 million deaths worldwide. A recent study suggests that the pattern of COVID-19 cases will resemble a mini-wave rather than a seasonal surge. In general, COVID-19 has more severe impacts on cities than on rural areas, especially in cities with high population density.

Methods: In this study, the background situation of COVID-19 transmission is discussed, including the population number and population density. Moreover, a widely used time series autoregressive integrated moving average (ARIMA) model is applied to simulate and forecast the COVID-19 variations in the six cities. We comprehensively analyze the dynamic variations in COVID-19 in the four first-tier cities of mainland China (BJ: Beijing, SH: Shanghai, GZ: Guangzhou and SZ: Shenzhen), Hong Kong (HK), China and Singapore (SG) from 2020 to 2022.

Results: The major results show that the six cities have their own temporal characteristics, which are determined by the different control and prevention measures. The four first-tier cities of mainland China (i.e., BJ, SH, GZ, and SZ) have similar variations with one wave because of their identical “Dynamic COVID-19 Zero” strategy and strict Non-Pharmaceutical Interventions (NPIs). HK and SG have multiple waves primarily caused by the input cases. The ARIMA model has the ability to provide an accurate forecast of the COVID-19 pandemic trend for the six cities, which could provide a useful approach for predicting the short-term variations in infectious diseases.Accurate forecasting has significant value for implementing reasonable control and prevention measures.

Conclusions: Our main conclusions show that control and prevention measures should be dynamically adjusted and organically integrated for the COVID-19 pandemic. Moreover, the mathematical models are proven again to provide an important scientific basis for disease control.

KEYWORDS
 COVID-19, omicron, dynamic variations, ARIMA, prediction


1. Introduction

In late 2019, coronavirus disease 2019 (COVID-19), the disease caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), was first reported; subsequently, a pandemic ensued and was characterized by person-to-person transmission and asymptomatic patients (1, 2). For at least half a year, COVID-19 rapidly spread worldwide over more than 200 countries and regions. To address the rapid spread of COVID-19, the World Health Organization (WHO) declared it a pandemic. As of March 17, 2023, 760,360,956 confirmed cases and 6,873,477 deaths from COVID-19 have occurred globally.1

In 2023, the COVID-19 pandemic is still far from over (3). The pattern of COVID-19 will present as a mini-wave rather than a seasonal surge (4). During the past few years of the pandemic, because of virus mutations in special populations (e.g., older individuals, infants and populations with basic diseases), COVID-19 has been constantly transmitted worldwide (5, 6). The SARS-CoV-2 variants include the alpha variant of concern (B.1.1.7), beta variant (B.1.351), gamma variant (P.1), delta variant (B.1617.2) and Omicron variant (B.1.1.529), all of which are characterized by changes in transmission speed and virus virulence (7–9).2 Since the first discovery of the omicron mutant strain in South Africa in November 2021, it has spread rapidly worldwide and become the dominant strain in many countries and regions (7). The reduced pathogenicity and virulence of omicron mutant strains, characterized by an analysis of hospitalized patients during the peak of omicron infection in South Africa, showed a shortened incubation period in the population, mostly asymptomatic and mild cases, and a reduced risk of hospitalization and death (10). The immune escape ability is rapidly increasing, and omicron can escape more than 85% of the 247 human neutralizing antibodies screened. Different mutations have different effects on different classes of antibodies (11). The omicron strain significantly increases the risk of reinfection, which predicts that more susceptible individuals in the population with the omicron strain may cause a larger peak in the outbreak. Faster transmission, easier transmission through surfaces and aerosol media, and the omicron variant can exhale large amounts of neo coronavirus aerosol from patients themselves (12).

Due to the huge impacts that COVID-19 exerted on social economics and human lives worldwide, a large number of prevention and control measures have been employed in different countries (7, 13–15). Because the accurate simulation and prediction of infectious diseases can provide the scientific basis for adopting reasonable measurements, many COVID-19 models have been established to investigate disease variations and related impact factors and to predict future trends (16–19). Among these models, ARIMA and SARIMA models have been widely applied to analyze the linear, nonlinear and seasonal characteristics of COVID-19 (20–22). Gaetano Perone compared the use of the ARIMA, ETS, NNAR, TBATS, and hybrid models for predicting the second wave of COVID-19 hospitalizations in Italy, and the results demonstrated that hybrid models can better capture linear, nonlinear and seasonal models (23, 24) and accurately predict the risk of ending of a new coronary pneumonia outbreak and a second rebound using the SARIMA model (24). The ARIMA model is useful for the prediction of COVID-19 in Brazil and India and can also provide a reference for epidemic prevention and control and policy development in other countries (25).

Variations in the pandemic have led to changes in the control and prevention measures in different countries or cities over time. Due to multiple different complex factors, such as socioeconomic factors (e.g., population transmission, gross domestic product and medical resource level), control and prevention measure factors (e.g., nonpharmaceutical interventions (NPIs) and vaccines), and natural environmental factors (e.g., temperature, precipitation and humidity), the corresponding COVID-19 time series display different temporal characteristics (e.g., linear trend and multiple waves). In other words, analyzing and exploring the temporal variations in COVID-19 can illustrate the background impact factors in different countries and cities. Therefore, it is very important and significant to compare trends in the COVID-19 pandemic between different countries and cities; such comparisons can reveal efficient and valuable control and prevention measures for fighting future infectious diseases. Wang (26) compared dynamic variations in COVID-19 using a general disease dynamic model across 88 global countries encompassing population transmission (i.e., contact rates), disease detection capacity (i.e., detection rates) and immune loss rates. Using an innovative approach named “Yi Hua Jie Mu,” they identified one of the key parameters to predict the future changes in COVID-19 and compared the differences among countries with different climate regions. Chen (2) performed a cross-country core strategy comparison in four different countries (i.e., China, Japan, Singapore and South Korea) in the early period of the COVID-19 pandemic. China, Singapore, and South Korea adopted the containment strategy, and Japan adopted the mitigation strategy. Their results showed that the mitigation strategy was inferior to the containment strategy (27).

However, there are only a few comprehensive analyses of the whole COVID-19 period from 2020 to 2022. In particular, the studies comparing COVID-19 between different cities are limited, especially in the Omicron transmission period. Therefore, in this study, we focus on six different cities or countries with different cultures, population structures and control and prevention measurements, including Beijing (BJ), Shanghai (SH), Guangzhou (GZ), Shenzhen (SZ), Hong Kong (HK) and Singapore (SG). The research questions were as follows. (1) What are the transmission characteristics of the six cities during the period of 2020–2022, especially in the Omicron transmission period? (2) Does a time series analysis model exist to simulate and predict COVID-19 transmission with Omicron virus?

To address the above questions, we will first comprehensively explore the transmission characteristics of COVID-19 in the six cities during the period of January 2020–December 2022. Then, using the autoregressive sliding average method to predict the trend of the new coronavirus pneumonia epidemic can effectively use historical cases to build a prediction model, which has the characteristics of strong short-term prediction ability and simple operation. ARIMA models are widely used for the prediction and early warning of infectious diseases. The ARIMA model will be employed to simulate and predict the disease transmission trends for the six cities during the Omicron periods, which can lead to a better understanding of the different variations and provide important scientific bases for research on other infectious diseases.



2. Datasets and methods


2.1. Datasets used in this study

In this study, the datasets of the six cities are composed of socioeconomic datasets and population datasets from the period of 2012–2021 and COVID-19 pandemic datasets from the period of 2020–2022. The socioeconomic datasets include the GDP and medical resource level, and the population datasets include the total population, population transmission, population with ages smaller than 18 years and larger than 60 years, which are downloaded from the National Bureau of Statistics of China,3 Census and Statistics Department, Hong Kong, China4 and the Department of Statistics Singapore.5

The COVID-19 pandemic datasets of the six cities include the daily new confirmed cases, cumulative confirmed cases, imported cases and cumulative removed cases from 2020–2022. The disease datasets of the five cities (i.e., Beijing: BJ, Shanghai: SH, Guangzhou: GZ, Shenzhen: SZ and Hong Kong: HK) are sourced from the National Health Commission of the People’s Republic of China,6 and the Singapore COVID-19 datasets are from the World Health Organization.7



2.2. Methods

Autoregressive integrated moving average (ARIMA) models were developed by Box and Jenkins (28) and are widely used time series models for simulation and prediction studies (29–33). The basic form of the ARIMA model is ARIMA (p, d, q), where the nonnegative integers p and q are the orders of autoregressive and moving average polynomials, respectively, and d is the nonseasonal differencing required to make data stationary. An ARIMA (p, d, q) model can be expressed using lag polynomial [image: image] as the following equation:

[image: image]

where [image: image] is a random error at time [image: image], [image: image], and [image: image] are the coefficients.

In general, the ARIMA model can capture both nonseasonal and seasonal patterns of time series. There are three steps to forecast the time series: model identification, parameter estimation, and diagnostic checking of the model. In the first step of model identification, the stationarity and seasonality of the time series are determined, which need to be modeled before parameter estimation. The augmented Dickey-Fuller (ADF) test is used to detect whether the time series is stationary. If the p values of the ADF test are less than 0.05, the time series is stationary. If the time series is nonstationary, an autocorrelation function (ACF) plot is used to judge it as stationary with the differencing transformation, and the parameter d is determined. Seasonality can be obtained by taking seasonal differencing and regenerating ACF and partial autocorrelation function (PACF) plots.

For ARIMA model identification, ACF and PACF plots are also helpful to determine the values of the parameters of p and q. The most commonly used method (i.e., maximum likelihood) is employed to estimate the parameters of the appropriately selected model. In the end, the overall adequacy of the model is checked by the Ljung and Box test (34). In this study, the R 4.0.5 version is applied to construct the ARIMA model for simulating and predicting the COVID-19 pandemic time series. Generally, for the simulation of the time series models, the time series period will be divided into two parts which are the training data with the 70 percentages of the whole data and the testing data with the residual 30 percentages. In the ARIMA (p, d, q) model, 70% of the time series are selected as the training set, and the residual 30% of the time series are the test set for the six cities which are same as our previous study (13).

To assess the model’s performance, the correlation coefficient (CC), absolute error (AE), root mean square error (RMSE) and distance between indices of simulation and observation (DISO) are employed as in previous studies (7, 13, 26, 35, 36). The DISO index is a comprehensive assessment of multiple models, which is a merge of different statistical metrics with dimensions from 1 to n (37–39). In 2022, it was formally named CCHZ-DISO, which can be readily and widely applied to any subject of science due to its simplicity and flexibility advantages (38). The DISO equation is provided as follows.

For two time series, A and B, with a length of n, we assume that the observation time series is A = (a1, a2,…, an), and the simulated time series is B = (b1, b2,…, bn). Then, the evaluated metrics CC, AE, RMSE, and DISO have the following forms.

[image: image]
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where NAE and NRMSE are normalized by the averaged values of the observed time series.




3. Results


3.1. Temporal characteristics of COVID-19 in four first-tier cities

During the COVID-19 years from 2020 to 2022, the control and prevention measures of mainland China focus on “to prevent the coronavirus from spreading within the city/region or beyond,” “to prevent the coronavirus from re-entering the country to cause a new epidemic,” and the “Dynamic Zero COVID-19 Strategy,” which mainly include lockdown, wearing masks, COVID-19 vaccines and social distancing. After the three-year fight against COVID-19, mainland China has accumulated rich experience, which can be employed in the control and prevention of similar infectious diseases in the future. According to the COVID-19 pandemic development trends of the four first-tier cities of mainland China, each has its own variation characteristics (Figure 1).

[image: Figure 1]

FIGURE 1
 Confirmed cumulative cases (CCC) and daily new cases (DNC) of the four first-tier cities of mainland China: Beijing (BJ) (A) and (B), Shanghai (SH) (C) and (D), Guangzhou (GZ) (E) and (F), and Shenzhen (SZ) (G) and (H) during the period of 2000–2022.


As the capital of China, the COVID-19 trend BJ has a general stable variation on most days except for the outbreak caused by the omicron (Figures 1A,B). There are about six mini-waves of the COVID-19 with the largest daily new confirmed case number of 1,285 only in the sixth wave in November 29, 2022 (Table 1). Specifically, after the five local confirmed cases were observed on January 20th, 2020, the COVID-19 trend in BJ entered the early stage of local diffusion in early February. The pandemic had a stable situation, and the largest daily confirmed caseload was 36, which could not lead to the development of a large wave of COVID-19 cases. On January 15th, 2022, the first local omicron case was confirmed in BJ. Then, an increased wave was observed from April to May. Therefore, for BJ, the time period from April 22nd, 2022, to May 28th, 2022, is selected for the ARIMA model and analyzed in the following section (Figure 2A).



TABLE 1 The statistical characteristics of the epidemic waves of the six cities during the period of 2020–2022.
[image: Table1]
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FIGURE 2
 The CCC (confirmed cumulative cases) used in the ARIMA models for BJ (A), SH (B), GZ (C), and SZ (D), where the data with black lines are the training set and the data with blue lines are the test set.


As the most important foreign trade center in mainland China, SH had the largest population transmission. Except the low-level oscillation in most times, only three epidemic waves are observed with the largest daily new case number of 5,489 in April 28th, 2022 (Table 1). The first observed COVID-19 case in SH was observed on January 20, 2020. At the early stage, some confirmed cases were reported each day in SH. The outbreak of COVID-19 in SH was observed on March 1st, 2022, and the local daily caseload increased from 96 to 326 on March 29th (Figure 1D). In April, the COVID-19 pandemic in SH became highly developed with respect to confirmed cases, and the number of asymptomatic cases rapidly increased. From the end of March to May 12th, the local cumulative number of cases was more than 60,000, which is approximately four times the total confirmed cases in China in 2021 (15,243 cases). However, the more concerning aspect is the drastic increase in the number of asymptomatic cases, with a number exceeding 1,000 after March 24th. During the period from April 4th-April 26th, the daily number of new asymptomatic cases was as high as 10,000 for 20 consecutive days. As a super large international city, SH had the most input confirmed cases among all of China. Moreover, most of the confirmed cases were caused by the Omicron BA.2 and BA.2.2 variants; these variants cause more than 4 times the number of case than the Delta variant. Based on the transmission characteristics of the Omicron variant in SH, the time period from April 1st, 2022, to May 12th, 2022, will be examined in the ARIMA model (Figure 2B).

In GZ, COVID-19 infectious diseases continuously increased from January 2020 to November 2022. In this period, there are four waves (Figures 1E,F). After November 2022, the COVID-19 outbreak increased. Combined with the high population density, high population transmission and complex spread chains, the infection disease diffusion risk and the difficulty of its control increased significantly. In the latest outbreak, the largest daily new case number is 1,645 at November, 23, 2022 (Table 1). According to the transmission characteristics in the 3 years, the COVID-19 time series from November 1st, 2022, to December 1st, 2022, will be examined in the ARIMA model (Figure 2C).

SZ has 16 ports and is thus one of the most entry-exit cities in China. As an economic center and international city, it attracts a large number of young people. Overall, during the COVID-19 period of 2020–2022, there are four epidemic waves: (1) the first wave is from January, 24, 2020 to February, 16, 2020 with the largest daily new confirmed cases value of 60; (2) the second wave is from February, 12, 2022 to March, 30, 2022 with the largest daily new confirmed cases value of 70; and (3) the third wave is from August, 23, 2022 to September, 18, 2022 with the largest daily new confirmed cases value of 69; and the fourth wave is from November, 9, 2022 to December, 17, 2022 with the largest daily new confirmed cases value of 146 (Figures 1G,H; Table 1). After the first wave was brought under control, nearly 600 days passed with only sporadic increases and no widespread epidemic. The interval between the second wave and the third wave was short, and there were local small wave variations under most situations, which is similar to most mainland cities. Due to its high rate of young people, the death rate was small. The COVID-19 Omicron wave started on July 12th, 2022. In this study, the disease transmission period from August 20th, 2022, to November 1st, 2022, will be examined in the ARIMA model (Figure 2D).



3.2. Temporal characteristics of COVID-19 in HK and SG

HK has a population of more than 7.33 million and is one of the regions with the highest population density, with a land area of 1,113 km2. There are five epidemic waves with the largest daily new confirmed cases value of 79, 876 in March 3rd, 2022 (Table 1). On January 23rd, 2020, the first COVID-19 case was detected in Hong Kong, and then, the disease was transmitted in the following years. In general, Hong Kong has experienced five waves of the COVID-19 pandemic in the past 3 years (Figures 3A,B). The first wave lasted for approximately 1 month, and the second wave lasted for approximately 2 months. The third wave started in early November 2020 and lasted for no more than 2 months. In January 2021, the fourth wave was an outbreak lasting at least 5 months. Compared to the fifth wave, the first four waves had few confirmed cases, and the COVID-19 pandemic was still stable, mainly due to the “dynamic COVID-19 zero” strategy.
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FIGURE 3
 Confirmed cumulative cases (CCC) and daily new cases (DNC) of Hong Kong (HK) China (A) and (B), and Singapore (SG) (C) and (D) during the period of 2020–2022.


However, after the number of confirmed cases was out of control at the end of 2021, the COVID-19 Omicron variant began to circulate, and it spread to the whole society after only 1 month. The severe fifth wave started in February 2022, and the daily number of new confirmed cases reached its maximum in March before decreasing to 200–300 cases in May. Subsequently, the COVID-19 pandemic fluctuated. Since September 26th, 2022, the daily new confirmed cases have been approximately 5,000 since the adjustment of the control and prevention measures (Figure 3B).

From 2020 to 2022, SG has experienced four stages, each highlighting the global situation at the time as well as the country’s strategies to fight the COVID-19 pandemic. Six epidemic waves are observed with the largest daily new confirmed cases value larger than 1,200 (Table 1). The four stages are (1) early days of fog (January–March 2020), (2) fighting a pandemic (April 2020–April 2021), (3) rocky transition (May 2021–November 2021) and (4) learning to live with COVID-19 (December 2021-Present) (https://www.gov.sg/article/covid-19-white-paper White Paper on Singapore’s Response to COVID-19: Lessons for the Next Pandemic) (Figures 3C,D). The total cumulative confirmed COVID-19 cases exceed 2 million, which accounts for approximately 50% of the total population (i.e., 5.45 million at the end of 2022). After the first confirmed cases were reported on January 23rd, 2020, the pandemic started to spread in March. To fight against COVID-19, NPIs and COVID-19 vaccines were used in tandem. After reaching the projected goal of the vaccines, the number of confirmed COVID-19 cases largely increased with approximately five waves, and each wave persisted for approximately 3–4 months. The serious outbreak wave was caused by the COVID-19 Omicron variant, with 26,032 new cases daily. Adequate medical resources and a high vaccination rate play a key role in COVID-19 control in SG.



3.3. Simulation and prediction of COVID-19 in the four first-tier cities in mainland China

In this section, the cumulative number of confirmed COVID-19 cases in the four first-tier cities in mainland China are simulated and predicted by the ARIMA model. The time series periods of the four cities are as follows: from April 22nd, 2022 to May 2022 for BJ; from April 1st, 2022 to May 12th, 2022 for SH; from November 1st, 2022 to December 1st, 2022 for GZ; and from August 20th, 2022 to November 1st, 2022 for SZ (Figure 2). The training set is 70% of the total number of time series, and the remainder of the time series is the test set for all four cities.

According to the ADF test (i.e., white noise test and unit root test), the original time series of all four cities are not stationary, with ADF values and p values of (−2.3049, 0.4561) for BJ (−2.8156, 0.2594) for SH, (1.3957, 0.8026) for GZ, and (1.3957, 0.8026) for SZ. After the difference, the time series becomes stationary, and the difference orders are d = 1,2,2,1 for BJ, SH, GZ, and SZ, respectively (Figure 4).
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FIGURE 4
 The differenced time series of the four cities with the difference orders of d = 1,2,2,1 for BJ, SH, GZ and SZ (A), (B), (C) and (D), respectively.


According to the ACF and PACF results (Figure 5), the test from the low order to high order and the AIC criteria, the ARIMA models of the four cities are finally set as ARIMA (1,1,0), ARIMA (0,2,0), ARIMA (2,4,6), and ARIMA (1,1,0) for BJ, SH, GZ, and SZ, respectively.
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FIGURE 5
 The ACF and PACF results for BJ (A) and (B), SH (C) and (D), GZ (E) and (F), and SZ (G) and (H).


Figure 6 displays the QQ plots of the residual time series; they are distributed around the diagonal line, which indicates that the residuals of the original are normally distributed. Moreover, the residuals are distributed around zero, and the autocorrelation and partial autocorrelation fall within the confidence interval, which indicates that the ARIMA model residuals are white noise time series, and we can use the ARIMA model to predict the COVID-19 variations.
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FIGURE 6
 The residual correlation results of the original time series for the four cities: BJ (A), SH (B), GZ (C), and SZ (D).


According to Figure 7 and the accurate evaluation results revealed by the CC, AE, RMSE, and DISO, the ARIMA models of the four cities can effectively capture the COVID-19 variations and have a high accuracy in predicting the cumulative confirmed cases (Table 2). Specifically, the CC values between the observed time series and the prediction time series are 0.99, 1, 1, and 0.98 for BJ, SH, GZ, and SZ, respectively. The DISO values are 0.03, 0.08, 0.02, and 0.03. The MAE values are −0.02, 0.05, 0.01, and 0.01 for the four cities. The NRMSE values are 0.02, 0.06, 0.01 and 0.01. The smallest relative error of BJ, SH, GZ, and SZ are −0.001, 0.001, 0.004, and − 0.0005 with the observation data vs. prediction data of 2,975 vs. 2,972, 59,068 vs. 59,128, 24,820 vs. 24,909 and 4,110 vs. 4,108 (Figure 7).

[image: Figure 7]

FIGURE 7
 The prediction results of the ARIMA models for BJ (A), SH (B), GZ (C), and SZ (D).




TABLE 2 The evaluation results of the ARIMA models for six cities/country.
[image: Table2]



3.4. Simulation and prediction of COVID-19 in HK, China, and SG

We used the ARIMA model to simulate and predict the cumulative number of COVID-19 cases in HK, China and SG. The corresponding COVID-19 periods focus on the Omicron transmission period, i.e., from September 14th, 2022, to November 26th, 2022, in HK and from August 23rd, 2021, to November 27th, 2022, in SG (Figure 8).

[image: Figure 8]

FIGURE 8
 The cumulative confirmed COVID-19 cases used in the ARIMA models for HK (A) and SG (B), where the data with black lines are the training set and the data with blue lines are the test set.


For HK, the total number of cumulative case time series is 74 days, where the cumulative cases over 54 days are the training set and the remaining time series are the test set. For SG, the total number of cumulative case time series is 462 days, where the cumulative cases over 340 days are the training set and the remaining time series are the test set.

After the ADF test, differenced time series, ACF and PACF test, the ARIMA models of HK and SG were finally determined to be ARIMA (2,1,0) and ARIMA (0,2,0). Using the ARIMA models, we obtained the prediction results of the cumulative confirmed cases for HK and SG, as shown in Figure 9. The temporal variations in the cumulative confirmed cases of HK and SG are well captured by the ARIMA models. The statistical metrics of CC, RE, RMSE and DISO are quantitatively evaluated for the models’ performances (Table 2). The CC values are 1 and 0.99, the NRE values are 0 and 0.13, the NRMSE values are 0.01 and 0.15, and the DISO values are 0.01 and 0.20 for HK and SG, respectively. For the overall performance, the DISO values are 0.01 and 0.2 for the two cities. The smallest relative errors of HK and SG are nearly to zero with the observation data vs. prediction data of 439,251 vs. 439,253 and 1,702,392 vs. 1,703,019 (Figure 9).
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FIGURE 9
 The prediction results of the ARIMA models for HK (A) and SG (B).




3.5. Comparison of COVID-19 in China and other countries

During the past 3 years, all the countries have their own COVID-19 transmission characteristics, and the special prevention and control strategies based on their COVID-19 pandemic variations and their social-economic characteristics (e.g., economic levels, medical resource level, population number). Hence, it is necessary to have a comparison of COVID-19 pandemic between China and other countries.

“Dynamic COVID-19 Zero” strategy and strict NPIs are through the whole COVID-19 pandemic prevention and control in China in the past years, which are the highly efficient measurements and make great contributions for the fight against the COVID-19 in the world. It is suggested that China, SG and South Korea with the containment strategy are better than Japan with the mitigation strategy (27). Although India adopted the containment strategy as China, a rapid increase in daily new cases and a high mortality were observed due to the unstrict measurements (40). Denmark and Norway employed the same COVID-19 strategy from containment to suppression and Sweden is from containment to mitigation (41). The mechanism of“Dynamic COVID-19 Zero” strategy is assessed by a compartmental model which highlights the importance and efficiency of the containment of the COVID-19 epidemic (42).

In fact, we should learn the lessons toward a more effective response to other public health emergencies in future. For example, a healthier and safer society requires that countries develop and employ the coherent and context-specific national strategy, which can improve the governance of public health emergencies, minimize fragmentation and tackle upstream structural issues (43).




4. Discussion


4.1. Differences in the COVID-19 pandemic transmission backgrounds of the six cities

In general, it is known that infectious disease transmission characteristics are caused by different complex environmental factors, including social environmental factors (e.g., GDP, population number, NPIs and medical resources) and natural environmental factors (e.g., temperature, precipitation, humidity, and wind). The COVID-19 pandemic variation trends of these six cities also result from complex environmental factors, which are the major backgrounds of disease transmission and outbreak and are under control. Moreover, the environmental factors differ across these six cities.

Specifically, the total populations of the six cities at the end of 2021 were 21.88 million for BJ, 24.89 million for SH, 18.81 million for GZ, 17.68 million for SZ, 7.41 million for HK, and 5.64 million for SG. The corresponding population densities of the six cities were 1,334 per km2, 3,925 per km2, 2,512 per km2, 6,484 per km2, 7,060 per km2 and 8,357 per km2, respectively. The percentages of the population aged 65 and over in the six cities were 14.2, 26.9, 13.33, 3.22, 19.56 and 12.03%, respectively. SH has the most severe aging, followed by HK; such aging leads to substantial challenges for COVID-19 control and prevention, especially during the omicron transmission period.

Vaccination can largely decrease the infection rate and severity rate and greatly reduce the mortality rate, especially for key populations (e.g., older adult people and those with underlying diseases such as COVID-19), which is one of the most efficient measures to control and prevent infectious diseases (44). As of January 2, 2023, the total number of COVID-19 vaccinations exceeded 3.47 billion, and 89.6% of the population older than 60 years will have received one vaccine dose. The COVID-19 vaccination rate in HK is as high as 94.4%. However, the very low vaccine rate of older adult people in HK caused a high mortality rate during the fifth wave. Singapore has one of the lowest mortality rates, which is due to its high vaccine rate and enriched medical resources (45). In the past three years, the total confirmed case number of SG was higher than 2.18 million, and the mortality number was only 1707, with a percentage of 0.0783%. In March 2022, 92% of the population received the vaccination, and more than 70% of the population received the booster dose in Singapore. The other contributors to the achievements in COVID-19 control and prevention in SG are highly efficient medical resource integration with patients, which is similar to China.



4.2. Mathematical models related to the simulation and prediction of COVID-19

Mathematical models can predict how infectious diseases progress to have the likely outcome of an epidemic and help to provide scientific information for public health interventions (26, 46, 47). Since the outbreak of the COVID-19 pandemic, mathematical models have become a crucial and important approach to accurately understand the transmission characteristics and mechanisms in controlling COVID-19 (48), which usually include time series models (e.g., generalized additive models, autoregressive integrated moving average models, and artificial neural network models) (49–51), and dynamic models (e.g., ODE: ordinary differential equation models, PDE: partial differential equation models and statistical equation models) (52–57).

Time series models have their own advantages in modeling the prevention and control of infectious diseases, with many featuring ease of use and fast performance for rapid diagnosis in the early stages of an outbreak. These models are less affected by parameter changes because they are driven by historical data and statistics. However, the natural transmission characteristics and clinical features of the disease are not considered in most time series models. The dynamic models derived by the ODE and PDE models are constructed according to the disease transmission mechanisms and diffusion characteristics in different types of populations. When the initial values and parameter values are set, the dynamical models have the advantages of assessing the nonlinear transmission characteristics, the interactions of the different populations and the contributions of the key parameters. However, some uncertainties will exist in the parameter estimation. Hence, hybrid models based on time series models and dynamic models will be a new trend in disease projection.

As one of the most widely used time series models, ARIMA is easily used and not strict on the time series, which usually can have an accurate short projection for the disease variations. During the COVID-19 pandemic period, there are numerous works about the simulation and prediction of this disease by time series models. ARIMA is one of the widely models in the COVID-19 analysis. For example, Ceylan (2020) suggested that ARIMA models are significant in predicting the prevalence of the COVID-19 pandemic (58). For some highly complex nonlinear time series, it is difficult to simulate and predict the disease variations by the ARIMA model. Therefore, in this study, we select the cumulative confirmed case time series to construct the ARIMA models for the six cities. For the daily new confirmed case time series or other infectious diseases, new models will be employed to explore the more complex characteristics of the diseases in our future research.

In addition, other time series models are also applied in simulating and predicting the COVID-19 variations (e.g., NARNN: nonlinear autoregression neural network; LSTM: long-short term memory). After the comparison of ARIMA, NARNN and LSTM, suggested that LSTM was the most accurate model (30). A family autoregressive models are used to analyze the real world time series data of confirmed and recovered COVID-19 cases based on two-piece scale mixture normal distribution (59). They found that the proposed algorithm outperforms other standard autoregressive time-series models. A hybrid deep learning method-Bayesian optimization model is applied to predict the COVID-19 confirmed cases (60). They pointed that the combination of multiple models can provide a more accurate prediction result than an individual linear or nonlinear model. Therefore, the hybrid models or the combinations of multiple models will provide efficient approaches to predict the disease time series. We will leave these for our other future analyses.



4.3. Two limitations of this study

The dynamical variations and predictions of the COVID-19 with Omicron in the six cities are comprehensively analyzed in this study. The basic characteristics of the COVID-19 transmissions are obtained. Moreover, the primary simulation and prediction of the cumulative confirmed cases are well explored by the ARIMA model. However, there are two limitations in this study which constrained the well understand of the COVID-19 transmissions.

The first limitation is the dataset. In general, the more datasets, the more characteristics of the COVID-19 can be obtained. In this study, daily new confirmed cases, cumulative confirmed cases, imported cases and cumulative removed cases of the six cities are used to reveal the COVID-19 transmission characteristics. But if other important datasets can be included the more detail characteristics of the COVID-19 will be obtained, which can help us to well understand the pandemic in the six cities. For example, the detail quarantine strategies and the wearing mask proportion datasets can provide detail information for the COVID-19 transmission and also provide important information for the simulation and prediction. The COVID-19 vaccine type, COVID-19 vaccine proportion and vaccination times play a key role for understanding the COVID-19 transmission and constructing the COVID-19 models.

The second limitation of this study is the simulation and prediction model. Although the ARIMA model can capture the characteristics of the cumulative confirmed cases and have accurate simulation and prediction, the daily new cases are not simulated and predicted. Therefore, two or more models will be employed to predict the other COVID-19 variables in the future study, such as the dynamic models constructed by the ODE and hybrid models by the dynamic models and time series models.




5. Conclusion

In this study, a comprehensive analysis of the COVID-19 pandemic variations in the four first-tier cities of mainland China, Hong Kong, China and Singapore from 2020 to 2022 was conducted. The population number, population density, and medical resources are discussed from 2012 to 2021, which are the major background of COVID-19 transmission. Moreover, a widely used time series model ARIMA is applied to simulate and forecast the COVID-19 variations in the six cities. The major conclusions are as follows.

1. The six cities have their own temporal characteristics, which are determined by the different control and prevention measures. The four first-tier cities of mainland China (i.e., BJ, SH, GZ, and SZ) have similar variations with one wave because of the same “Dynamical COVID-19 Zero” strategy and strict NPIs. Hong Kong and Singapore have multiple waves primarily caused by the input cases.

2. NPIs, high vaccination rates and highly efficient integrated multiple measures play key roles in controlling COVID-19 pandemic transmission, such as avoiding community communication and protecting vulnerable populations.

3. The ARIMA model has the ability to provide an accurate forecast of the COVID-19 pandemic tendency for the six cities, which could provide a useful approach to predict the short-term variations in infectious diseases. Accurate forecasting has significant value for adopting reasonable control and prevention measures.

Our main conclusions show that control and prevention measures should be dynamically adjusted and organically integrated for the COVID-19 pandemic. Moreover, the mathematical models are proven again to provide an important scientific basis for disease control. These are valuable experiences, and the knowledge accumulated in recent years can enable us to better fight against future infectious diseases in the world.
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Footnotes

1   https://covid19.who.int/


2   https://www.who.int/en/activities/tracking-SARS-CoV-2-variants


3   http://www.stats.gov.cn/sj/


4   https://www.censtatd.gov.hk/sc/


5   https://www.singstat.gov.sg/
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Background: The pandemic of COVID-19 had a profound impact on our community and healthcare system. This study aims to assess the impact of COVID-19 on psychiatric care in Croatia by comparing the number of acute psychiatric cases before coronavirus disease (2017–2019) and during the pandemic (2020–2022).

Materials and methods: The paper is a retrospective, comparative analyzes of the hospital admission rate in Diagnosis Related Group (DRG) classes related to mental diseases, and organic mental disorders caused by alcohol and drug use. This study used DRG data from all acute hospitals in Croatia accredited to provide mental health care services and relevant publicly available data from the Croatian Institute of Public Health (CIPH) and the Croatian Health Insurance Fund (CHIF). All hospital admissions for acute psychiatric patients in Croatia were tracked during both periods under study.

Results: During the pandemic, the average number of all such cases decreased by 28% in secondary and tertiary hospitals, and by 11% in specialist psychiatric hospitals. It was also found that during COVID-19, there was a decrease in case numbers in DRG classes related to major affective disorders and anxiety, alcohol, and drug intoxication (31, 48, 34 and 45%, respectively). However, the same period saw an increase in hospital activity for eating disorders and for involuntary admissions related to schizophrenia and paranoia (30, 34 and 39% respectively). There were no changes in the admission rate for cases related to opioid use.

Conclusion: The COVID-19 pandemic resulted in both a steep decrease in the overall number of psychiatric cases inpatient treatment at mental health facilities and their DRG casemix. Increasing our understanding of how pandemics and isolation affect demand for psychiatric care will help us better plan for future crises and provide more targeted care to this vulnerable group.
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 COVID-19, data transparency, health system response, inpatient mental care, pandemic, patient classification system, psychiatry, diagnosis related group


Introduction

COVID-19 was initially detected in Wuhan, Hubei Province, China, around the end of 2019. The World Health Organization declared COVID-19 a pandemic after it spread over continental boundaries and began to affect almost every nation by March 11, 2020 (1).

The initial wave of infection’s duration and severity was unknown, and there was genuine concern that hospitals would be overrun by COVID-19 patients who were extremely ill and in need of a specific kind of (critical) care and, therefore, would run out of space, resources, and personnel (2).

As a result of an increase in COVID-19 cases and mortality, European nations have implemented steps to control the pandemic and protect their healthcare systems. Depending on the country, these widespread public health interventions have included social distancing, border closures, school closings, steps to isolate symptomatic individuals and their contacts, and population lockdowns save for essential internal travel (3). On the one hand, this approach could be successful in achieving its primary objectives. Still, on the other hand, it might lead to feelings of isolation and solitude while also having a disruptive influence on formal and informal support and help networks. In addition, such exceptional and uncertain circumstances would tend to increase levels of anxiety, stress, or depressive symptoms in the community (4, 5).

Croatia’s approach to COVID-19 broadly mirrored other European countries’ strategies, while, according to the Government Stringency Index (GSI) its mitigation measures were initially rather restrictive (with GSI close to 100) while from late November 2020 might be considered as relatively mild (with GSI around 50 and later on 30).

In response, with the need to prioritize pandemic threats, health care facilities changed their infrastructure, processes, and personnel. In this vein, psychiatric facilities, services as well as personel were often repurposed, an occurence most notably expresed in significant downsizing or were complete reorganization of psychiatric inpatient units. Some of the units were changed from psychiatric to medical capacity, while others were retained vacant in preparation for expected future increases in patient demand for acute medical care or used for auxiliary functions (supply, operation centers, staff respite, etc.) (6). Such, trend was also witnessed in Croatia, where many psychiatric units within larger clinical hospitals were either drastically downsized or even completely repurposed.

Like other countries, even when psychiatric facilities remained fully operational, analyzes revealed a significant decrease in utilization, within first pandemic year, in both hospitalizations and outpatient visits.

For example, analysis of the impact of COVID-19 pandemic on activity of University Psychiatric Hospital Vrapče in Zagreb, the largest tertiary psychiatric institution in Croatia, revealed that inpatient care decline was most significant within the group of affective disorders (7) (interestingly enough, these patterns were observed during Spanish flu in 1918 as well and during the Homeland war in 1990’s) (8), but also significant in other clinical categories. More recently, it was reported that, at the same institution, simultaneously with general decrease of utilization of inpatient and regular outpatient psychiatric services in pandemic 2021 compared to prepandemic 2019, an increase in the utilization of emergency psychiatric services was observed (9).

To avoid exposure to pandemic threat, many people reduced or stopped doing their regular activities, including visiting hospitals or outpatient units. Such avoidance was most likely the source of the drop in the utilization of outpatient services. Major contributing causes to the lack of attendance at scheduled visits at outpatient units during the pandemic included older age, higher anxiety, lower confidence in coping with COVID-19 followed by greater commitment to preventive health behaviors, as avoiding crowded areas, wearing protective masks, and more often washing hands (10). Mental health services in Croatia are still mostly provided within institutions (with several notable exceptions, e.g., services for substance abuse disorders), although there is a stated, general tendency toward more community oriented services. It should be noted, that there is also a widespread lack of adequate child and adolescent mental health services.

Within this setting, COVID-19 pandemic introduced some major changes, or probably more accurately–accelerated already initiated ones, most pronounced in a shift toward greater share of outpatient services while especially those provided by the means of information and communication technologies (ICT). In Croatia also, similar to other settings, emergence of COVID-19 pandemic was accompanied by a rather early and widespread policy deregulation of “telehealth” services. By the end of the first pandemic year, first and central telepsychiatric institution in Croatia (at the University Hospital Vrapče) was fully established and recognized by all the relevant authorities.

Also, some more specific mental health projects took place (e.g., prevention of burnout in health care workers, public campaigns raising awareness of depression, development of “stress and antistress” (low threshold, stepped) outpatient programs, outreach to citizens impacted by earthquake effects.).

The aim of this study is to evaluate the direct impact of COVID-19 on mental health care admissions in all acute and special psychiatric hospitals accredited to provide inpatient services in Croatia, in the period before (2017–2019) and during the pandemic (2020–2022). The main objective of the research is to provide data for policy development to guide the formulation of effective measures to protect access to needed mental health care services at times when the health care systems come under stress. Importantly, the study demonstrates that routinely collected DRG data can be used to analyze the impact of COVID-19 on the provision of hospital mental health care at the population level. It presents findings that would otherwise require access to specific primary mental care admission data from all hospitals that provide such services.



Materials and methods


Study design and data sources

Data was gathered from databases maintained by the Croatian Institute of Public Health (CIPH) and the Croatian Health Insurance Fund (CHIF), both of which are accessible to the general public (11). The Croatian DRG system is based on the Australian Refined DRGs (AR-DRG system), utilizing a combination of the International Classification of Diseases and Related Health Problems, Tenth Revision Australian Modification (ICD-10 AM) and ICD-10 classifications for the coding diagnosis and the Australian Classification of Health Interventions (ACHI) for the coding procedures. The Croatian DRG grouping approach is based on the AR-DRG version 5.2 and acute cases may be classified into 671 DRG classes (12). The 23 Major Diagnostic Categories (MDC) essentially reflect the particular medical specialty based primarily on the main diagnose, which represents the main reason for patient being admitted in hospital. Each MDC corresponds to a certain body system or etiology, and the system is in line with the ICD10 classification. In this study, MDC19 and MDC20 groups were examined since they represent mental, behavioral, and neurodevelopmental disorders, alcohol, drug use, and organic mental disorders induced by their consumption (13). All hospital admissions for psychiatric patients in Croatia’s acute care hospital facilities and specialist psychiatric hospitals were tracked from the year 2017 to the year 2022. Overall, 22 secondary-level hospitals, 9 tertiary-level hospitals, and 8 special psychiatric hospitals were observed.

Based on the reason for the patient’s admission, each episode of care was classified by CHIF into its appropriate DRG group related to mental health, and as a result, changes in acute patient admission before and during the COVID-19 pandemic were observed. Our study did not need informed permission or ethical approval because the data used were completely anonymized and made accessible as public information from CHIF and the CIPH, which were subject to Croatian patient data protection rules.



Data and statistical analysis

Three years (2017–2019) before the pandemic and 3 years (2020–2022) during the pandemic were used to compute the average number of inpatient cases for DRGs related to mental health. The incidence admission rate (IR) for each DRG group (not a single mental disorder) was then calculated by dividing the average number of cases throughout the particular period by the average total population based on the Croatian Bureau of Statistics population estimates for 2017–2019 and 2020–2022. The incidence admission rate difference for each DRG group between each of the two periods was then divided by the incidence admission rate in the preceding period to arrive at the % change in incidence admission rate. The incidence admission rate between the two periods was compared using the 2-by-2 Chi-square test. As a ratio of two rates (2017–2019 and 2020–2022), the incidence admission rate ratio (IRR) for each analyzed DRGs was calculated. Based on an analysis of whether the IRR was equal to one, the Wald technique was used to compute the 95% confidence intervals. Microsoft Excel was used to calculate average values and rate change, while R (R Core Team, Austria) was used to run every statistical analysis (14). As data were compared by calendar year, a constant variance was assumed, and therefore no adjustments for seasonal effects and autocorellation were not needed. Statistical significance was defined as a value of p of 0.05 or less.




Results

The results from this retrospective data analyzes were presented in three subsections below: (a) the admission rate change for all inpatient psychiatric cases before and during pandemic and per hospital type (tertiary, secondary and special psychiatric hospitals); (b) the admission rate change for episodes of care grouped in V–DRG group Alcohol, Drug Use and Alcohol/Drug Induced Organic Mental Disorder; (c) the admission rate change for episodes of care grouped in U–DRG group (conditions related to Mental, Behavioral and Neurodevelopmental Disorders).

The average number of acute psychiatric patients in all hospitals during the pandemic (2020–2022) was 18,716, of which 5,285 (28,24%) were treated at the tertiary health care level, 5,960 (31,84%) at the secondary health care level, and 7,471 (39,92%) were treated at special psychiatric hospitals. In comparison to pre-pandemic period (2017–2019), the average number of acute psychiatric patients in all hospitals was 24,005 of which 7,382 (30,76%) were treated at the tertiary health care level, 8,224 (34,26%) at the secondary health care level, and 8,399 (34,99%) were treated at psychiatric hospitals. The overall rate change for the observed hospital network is −22% (p < 0.0001), the decline for tertiary and secondary hospitals is −28% (p < 0.0001) while for special psychiatric hospitals is −11% (p < 0.0001; Table 1; Supplementary Table S1).



TABLE 1 Comparison of total hospital admissions during pre-pandemic (2017–2019) and pandemic (2020–2022) period.
[image: Table1]

During the pandemic, there were 4,481 patients admitted because of conditions related to the V-code DRG group, that is, conditions related to Alcohol, Drug Use and Alcohol/Drug Induced Organic Mental Disorder.1 Compared to the pre-pandemic period, there is an average drop of 22% (p < 0.0001), when the total number of patients was 5,733. During the pandemic, 1,127 (25,15%) patients were treated at the tertiary health care level, 1,317 (29,39%) at the secondary, and 2,038 (45,48%) at special psychiatric hospitals. The number of patients dropped significantly (p < 0.0001), −20% at the tertiary, −29% at the secondary health care level, and − 17% at the special psychiatric hospitals.

In order to calculate the difference between number of admissions during prepandemic and pandemic period, the average number of admissions was calculated for each V DRG codes, and decrease was observed for the following DRG groups: V60A (−30%; p = 0,1,191), V60B (−34%; p < 0.0001), V61Z (−45%; p < 0.0001), V62A (−23%; p < 0.0001) and V62B (−37%; p = 0,0817). A decrease less than calculated average of 22% for all V DRG codes admissions was observed in V63B (−6%; p = 0,7,569), and in V64Z (−13%; p = 0,0747). However, the difference in number of admissions for V60A, V62B was higher than average of 22% for all admissions but not statistically significant and the reason may be a small number of admissions in those groups in both observed period. An increase of 68% in V60A and 224% in V63A was observed at the tertiary health care level, but when data for the same DRG groups were analyzed for all hospitals no statistically significant difference was found (p 0,1191 and p 0,9850 respectively; Table 2).



TABLE 2 Comparison of total hospital admissions during pre-pandemic (2017–2019) and pandemic (2020–2022) period for V-Code DRG group.
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Table 2 compares the average number of total admissions during the pre-pandemic (2017–2019) and pandemic years (2020–2022) for conditions related to Alcohol, Drug Use and Alcohol/Drug Induced Organic Mental Disorder (V-Code DRG group) in all three groups of hospitals.

Figure 1 shows the corresponding IRRs calculated for conditions related to Alcohol, Drug Use and Alcohol/Drug Induced Organic Mental Disorder (V-Code DRG group).

[image: Figure 1]

FIGURE 1
 Incidence rate ratio (IRR) for conditions related to Alcohol, Drug Use and Alcohol/Drug Induced Organic Mental Disorder (V-Code DRG group) during the pandemic (2020–2022) compared to pre-pandemic (2017–2019).


During the pandemic, there were 14,235 patients treated because of conditions related to the U-code DRG group, that is, conditions related to Mental, Behavioral and Neurodevelopmental Disorders.2 Compared to the pre-pandemic period, there is an average drop of 22% (p < 0.0001), when the total number of patients was 18,272. During the pandemic, 4,158 (29,21%) patients were treated at the tertiary health care level, 4,643 (32,62%) at the secondary, and 5,434 (38,17%) at special psychiatric hospitals. The number of patients dropped significantly (p < 0.0001), −30% at the tertiary, −27% at the secondary health care level, and − 8% at the special psychiatric hospitals.

The decrease in the number of admissions during pandemic period greater than average number of admissions during prepandemic period was observed in U61B (− 23%; p  < 0.0001), U63A (−27%; p < 0.0001), U63B (−31%, p < 0.0001), U65Z (−48%; p < 0.0001), and U67Z (−26%; p < 0.0001). A decrease less than average was observed in U60Z by 10% (p = 0,5,318), U62B by 13% (p < 0.0001), and U64Z by 18% (p = 0,0012). An increase was observed in U61A by 34% (p = 0,0668), U62A by 39% (p = 0,0454), U667 by 30% (p = 0,0140), and U68Z by 17% (p = 0,0017; Table 3).



TABLE 3 Comparison of total hospital admissions during pre-pandemic (2017–2019) and pandemic (2020–2022) for U-Code group in all three groups of hospitals.
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An increase of 79% acute admissions in DRG groups U62A and 92% in U61A was observed during the pandemic at special psychiatric hospitals.

Table 3 compares the average number of total admissions during the pre-pandemic (2017–2019) and pandemic years (2020–2022) for conditions related to Mental, Behavioral and Neurodevelopmental Disorders (U-Code DRG group).

Figure 2 shows the corresponding IRRs calculated for conditions related to Mental, Behavioral and Neurodevelopmental Disorders (U-Code DRG group).
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FIGURE 2
 Incidence rate ratio (IRR) for corresponding IRRs calculated for conditions related to Mental, Behavioral and Neurodevelopmental Disorders (U-Code DRG group) during the pandemic (2020–2022) compared to pre-pandemic (2017–2019).




Discussion

It has been reported that due to many interlinked reasons mental health burden of disease has been severely impacted since the outbreak of the pandemic. The severe reduction in human interaction, forced solitude, the deconstruction of the everyday activities, and the loss of active and recognized social roles have all led to an increase in subjective psychological fragility, making it impossible to restart a fulfilling existence (15, 16).

The utilization pattern of hospitals in Croatia during the COVID crisis period showed trends that are consistent with both: a change in patient needs for inpatient care settings (for a few DRG classes admission rates increased) and a shift in hospital intake protocols in response to the pandemic demand management priorities and emergency restrictions.

During the pandemic, there was a significant average decrease in the total number of admissions and in the number of hospitalized acute psychiatric patients at both secondary (−28%) and tertiary (−28%) hospital levels, as well as at special psychiatric hospitals (−11%). We determined the same average drop of 22% for both observed U-code and V-Code DRG groups.

The initial COVID-19 patient was confirmed in Croatia on February 25th, 2020. Three weeks later, in response to an increased COVID-19 patient load and an increased risk of contagion, hospital care delivery was changed to accommodate the pandemic’s assessed needs. Three hospitals in Zagreb, the capital city of Croatia, were recognized as COVID-19 centers, and patients with COVID-19-related diseases and complications needing inpatient care were admitted to those institutions. Most hospitals created COVID-19 isolation wards, and four similar facilities were created across the country (17).

In addition to the reorganization of the healthcare system, in 2020 stronger social restrictions (lockdown) were also witnessed. Elective procedures being given lower priority by hospitals, a decline in the non-emergency admission referral rate due to fewer outpatient hours, and a scarcity of hospital staff are contributing factors. Fear of obtaining COVID-19 infection in a healthcare setting reported by patients is another (18).

Furthermore, in March 2020, Zagreb faced another disaster - a devastating earthquake that severely affected ability of some hospitals to provide a full range of health care services and had a great impact on mental health (19, 20).

The initial limited studies published in the literature appear to imply an unexpected drop in absolute terms of Emergency Department (ED) admissions for an acute psychiatric conditions in both the US and Europe in the first 6 months of COVID-19 pandemic (21, 22). Some of the causes for this drop might include home isolation with increasing difficulties in contacting health services, fear of infection, and fear of discriminating behaviors, which rose during the epidemic (23). However, the drop in ED visits does not appear to be solely due to psychiatric conditions, since the general decline in ED visits reported at the pandemic’s early commencement appears to be between 40 and 70% (24, 25).

A comprehensive cross-sectional research in the United States that took into consideration period till October 2020 found that with the start of the pandemic, visits for psychiatric conditions increased in proportion to the fall in overall ED visits. The rates of ED visits for a mental disorders, suicide attempts, and drug or opioid overdoses were above the 2019 average rates and remained higher throughout the research period, mainly due to a large spike in March 2020 (26). However, considering only the first few months of the pandemic may not be enough to provide definitive portrayal about the impact of SARS-CoV-2 on acute psychiatric pathology, as it is well known that crises and disasters can cause an increase in mental health issues not only in the short term but especially in the long term (27, 28).

Di Lorenzo et al. reported that between March 1, 2020, and August 31, 2020, the number of requests for an urgent psychiatric visit in the ED reduced from 602 to 476, in comparison with the same period in 2019. Nevertheless, in 2020, a substantial rise in patients referred to the ED from psychiatric inpatient facilities was observed, owing to a rise in serious conditions that were unmanageable, such as suicidal conduct or maladaptive states with anxiety and violence (29).

According to Capuzzi et al., 225 emergency psychiatric consultations were done in the Lombardy region during the first wave of the COVID-19 pandemic, slightly more than half (58%) of the similar time in 2019 (388 emergency department visits). Residence permit in a mental hospital, cannabis dependency, and obsessive-compulsive disorder (OCD) diagnosis were all statistically significant predictors of emergency psychiatric consultation during lockdown measures (30).

Similar findings were observed at a metropolitan hospital in Portugal, with a quick drop in psychiatric ED visits occurring within 2 weeks of the emergency state pandemic period (31) and within a month at a big tertiary hospital in Connecticut (32). However, Goncalves-Pinho and colleagues also observed that ED visits increased consistently after the first 2 weeks (31). Yet, there were variances in the relative decreases for each category, with schizophrenia and other psychotic illnesses experiencing the smallest decline (9,8% compared to the 2019 era) and mood disorders experiencing the greatest relative decrease (68,3%) compared to the 2019 period (31).

In this study, we found that schizophrenia disorders without need for involuntary admission experienced an average decline of 23%, and schizophrenia disorders with involuntary admission experienced an average increase of 34%. This is consistent with results published by Fasshauer et al. using a large inpatient sample from 13 HELIOS hospitals in Germany (total n = 64,502) that the proportion of urgent and involuntary admissions for all psychiatric diagnoses significantly increased in 2020 as compared to 2018 (p < 0.001) and 2019 (p < 0.0001) (33).

Persons with schizophrenia and other psychotic diseases are, in ordinary circumstances, a considerable part among group of patients hospitalized for psychiatric conditions. Also, such patients can, by the nature of disorder and its wanning and waxing course, require urgent psychiatric care, as for example, in the cases of intensification of hallucinations, thought or behavioral disorganization, or delusions, which all can also lead to manifestion of various forms of aggression (34). Furthermore, such patients might also lack awarenes of their disorder (and thus might be more relactant to seek help), while involvement of family members or even application of certain involuntary measures that direct them to necessary services might be required.

Nonetheless, observed average increase of more complex (acute) schizophrenia cases during pandemic period might be driven by different factors. On the one hand, such findings might signal that more complex and more severe patients with schizophrenia and other psychotic disorders might have greater difficulties in adapting to novel, exceptional, uncertain circumstances, such as COVID-19 pandemic. On the other hand, in such circumstances, usual, formal and informal support structures and networks, both health and non-health related ones, have been seriously impacted (while, assumably, more complex and more severely impaired patients might be even more vulnerable to its adverse effects). Both of those factors might contribute to a greater probability of mental decompensation to such an extent that urgent (or even a prolonged one) inpatient care is needed. One additional set of factor was previously discussed in literature could be of importance here, a more direct effects of SARS-CoV-2 infection, as it may also increase symptoms in persons with schizophrenia, as coronaviruses have been linked to psychotic symptoms via an immune-related mechanism (35).

It is important to note that this observed increase is mostly driven by the increase of cases within special psychiatric hospitals (where also decrease among less complex cases was present). This might be reflective of the fact that those services were less affected by COVID-19 related health care system reorganizations (that were more prominent in psychiatric facilities within other health care institutions/hospitals).

Devoe et al. discovered a strong influence on the rise in the number of hospitalizations due to eating disorders (EDs) following the commencement of the pandemic in their systematic review of the effects of the pandemic on patients with EDs. The pooled average of 11 studies found a 48% increase in hospital admissions during the pandemic compared to the same period the previous year, with an 83 and 16% rise in pediatric and adult admissions, respectively (36). We found a 30% increase in group related to EDs and obsessive compulsive disorders (OCD), also being most notable in special psychiatric hospitals, a somewhat more unusual occurrence than within that observed in schizophrenia group as, in principle, patients with EDs require a more comprehensive and holistic consideration of both physical and mental health, especially in urgent situations. Nontheless, this is probably also reflective of pandemic induced changes within health care system.

The overall COVID-19 pandemic setting was a particularly fertile ground for the development and perpetuation of various paranoid ideas, beliefs, and even delusions, as, by default of “new normal,” literally everyone was perceived as threat while cues and following attribution processes were markedly hindered (f.e. by masking or lack of social exposure). Evenmore, an upsurge of paranoia is generally associated with actual, real uncertainties. Some previous studies suggest that such rise of paranoia was less significant in states that imposed a more aggressive lockdown and more pronounced upon reopening in states that required mask-wearing. The pandemic’s early phase in 2020 heightened people’s paranoid ideas and beliefs and made their updates more irregular. This was especially noticeable in states where mask-wearing restrictions were not strictly enforced, but where rule compliance was more widespread. Unsurprisingly, sources and related contents of paranoid thoughts were increasingly more COVID-19 specific, while more paranoid ones were more prone to believe in mask-wearing conspiracies and possible immunizations (37). In our analyzes, increase and decrease of paranoia and acute psychotic disorders cluster mirrored those of schizophrenia with an average rise of 39% in more complex group related to involuntary admission U62A (again driven by the contribution of special psychiatric hospitals), and notable decrease within less complex group U62B Group (within psychiatric units by secondary and tertiary level hospitals).

If taken together, findings concerning all psychotic disorders (schizophrenia, paranoia, and acute psychotic disorders), it seems to be more accurate to interpret those findings in terms of significant overall decrease, in the utilization of the acute inpatient psychiatric services, in pandemic when compared to pre-pandemic period.

Considering the impact of the COVID-19 pandemic on mental health disorders in children, the review by Bai et al. reported higher levels of anxiety, depression, post-traumatic stress disorder, and sleep disorders in children compared to the pre-pandemic period (38). We also observed a rise of 17% in childhood mental disorders group.

As seen in the aftermath of economic crises (39), terrorist attacks (40), and natural catastrophes (41), major negative events and crises impacting society can generate changes in alcohol usage at the population level (42). Similarly, the spread of and reactions to SARS-CoV-2 may have led to changes in alcohol usage, with concerns raised regarding prospective increases in drinking levels in particular (43). Alcohol is a key contributor to the global illness burden (44), and despite recent decreases, Europe has the greatest per capita consumption in the world, with three out of every five people using alcohol (45).

Two primary explanations have been proposed to explain variations in alcohol consumption during the pandemic. The first mechanism relates to higher levels as a result of both prevention strategies and the danger of personal exposure to COVID-19 or the sickness of a loved one (42, 43). Psychological stress and anxiety are established risk factors for excessive alcohol use and are thus likely to boost consumption during the COVID-19 pandemic (46). The second mechanism, on the other hand, predicts a decrease in alcohol usage as a result of reduced availability and cost of alcoholic drinks during this period, as well as a decrease in possible drinking opportunities as a result of actions aimed at reducing social gatherings (39). Alcohol policy research provides evidence for this mechanism, highlighting lower availability and cost of alcoholic drinks as effective policy measures to reduce alcohol consumption at the population level (47). Both of these processes might have had a significant effect in promoting variations in alcohol consumption during the pandemic (48). We observed that average number of admissions during pandemic time was lower when compared to the average number of admissions during prepandemic period in all DRG groups related to alcohol consumption: V60A (p = 0.1191), V60B (p < 0.0001), V62A (p < 0.0001), V62B (p = 0,0817).

Interestingly enough, the reduction in number of admissions during pandemic was also observed within group of disorders that are more oftenly and clearly associated with unfavorable external conditions and circumstances, that is, major affective disorders (DRG groups U63A and U63B), anxiety disorders (DRG group U65Z) and personality disorders and acute reactions (DRG group U67Z). Finally, one could expect significant increase exactly in those mental health maladies and conditions. However, it seems that a rather consistent (meta)findings from many studies aimed at exploring COVID-19 influences on mental health–despite known, expected and often observed clearly negative effects of overall pandemic setting on mental health, such negative effects failed to materialize in various “hard” outcomes, as for example, suicides (49, 50) or as reported here, in the utilization of acute inpatient psychiatric services. The reasons underlying such occurences are still not well understood.

More optimistic interpretations highlight timely and robust emphasis that has been placed on mental health from the early pandemic and expansion of quantity, reach, and kinds of outpatient services, especially those mediated by information and communication technologies. Also, a specific psychological mechanisms have been proposed as playing an important role, such as proximity of death experiences, collective nature of the threat, et cetera. In addition, it might be that we just consistently underestimate strenghts and, more generally, resilience of our societies as well as its agencies involved in the provision of health care services.

More pessimistic outlooks propose materialization of a more serious and devastating mental health consequences in a longer terms (that is, are yet to come), with the decisive additional effects of the ongoing “livelihood crisis.”

Some views even highlight the possibility that psychiatric institutions were likely (unnecesarily) overutilized in prepandemic times, due to various, often non-psychiatric in a strict sense, reasons. Following these lines of thought, one could argue that all the pandemic pressures may have moved psychiatric services toward a more realistic and sustainable balance. However, this might be somewhat at odds with general and global pleas toward a more subtle, finely graded, comprehensive, continous, inclusive, accountable and person-centered mental health services.

Finally, findings presented here, taken together with many others we rely upon in discussion, quite certainly re–emphasize - the complexity of mental health disorders. Not only the complexity of its causes, but also representations, and corresponding patterns of help seeking and providing care. Here again, it seems that public (as opposed to private), shared (as opposed to individual) and structurly organized (as opposed to incidental) factors, quite certainly, have a more decisive roles and influences.


Strengths and limitations

Our study is the first national complete study using all inpatient psychiatric cases in Croatia in the pre-pandemic and pandemic periods. As the Croatian health care system is based on universal health insurance coverage and medical services related to mental health care are exempted from copayment, the study findings are not biased due to differential access to providers within the observed periods.

The limitation of the study are two–fold. The first is an aggregate nature of DRG data used and analyzed, that might obscure some rather specific intra-group/cluster dynamics, as we did not analyze admissions per specific diagnoses. Also, DRG data in Croatia are used for payment of hospital services, there is a risk of the main diagnose being miscoded, but without access to patient level data it is impossible to exclude or reassign those cases in appropriate DRG groups. The second concerns our inability to investigate impact of COVID-19 on outpatient mental health care provided by the observed hospital network.




Conclusion

To our knowledge, this is the first study that shows the impact of COVID-19 pandemic on inpatient care for patients with psychiatric conditions related to acute mental health care in Croatia. We observed a significant average decrease in the total number of admissions and in the number of hospitalized acute psychiatric patients at both secondary and tertiary hospital levels, as well as at special psychiatric hospitals. Our data imply that the COVID-19 pandemic resulted in a quick drop in the emergency department and inpatient treatments at mental health facilities. This might be due to a complicated interaction between patients (e.g., a greater threshold for coming to the ED and seeking admission) and clinicians (e.g., a higher threshold to admit). Many of the changes in pandemic-related patient and provider behavior might be understood as logical responses to the rebalancing of risk–benefit assessments for seeking or delivering mental care during a pandemic. Recent research suggests that this decline in mental treatment usage may have long-term repercussions. Improving our understanding of how COVID 19 pandemic influenced mental care usage may help us to prepare for future crises and offer better, more integrated care for this vulnerable group.
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Footnotes

1   Vcodes: V60A-Alcohol Intoxication and Withdrawal W CC; V60B-Alcohol Intoxication and Withdrawal W/O CC; V61Z-Drug Intoxication and Withdrawal; V62A-Alcohol Use Disorder and Dependence; V62B-Alcohol Use Disorder and Dependence, Sameday; V63A-Opioid Use Disorder and Dependence; V63B-Opioid Use Disorder and Dependence, Left Against Medical Advice; V64Z-Other Drug Use Disorder and Dependence.

2   U codes: U40Z-Mental Health Treatment, Sameday, W ECT; U60Z-Mental Health Treatment, Sameday, W/O ECT; U61A-Schizophrenia Disorders W Mental Health Legal Status; U61B-Schizophrenia Disorders W/O Mental Health Legal Status; U62A-Paranoia & Acute Psych Disorder W Cat/Sev CC or W Mental Health Legal Status; U62B-Paranoia & Acute Psych Disorder W/O Cat/Sev CC W/O Mental Health Legal Status; U63A-Major Affective Disorders Age > 69 or W (Catastrophic or Severe CC); U63B -Major Affective Disorders Age < 70 W/O Catastrophic or Severe CC; U64Z-Other Affective and Somatoform Disorders; U65Z-Anxiety Disorders; U66Z-Eating and Obsessive-Compulsive Disorders; U67Z-Personality Disorders and Acute Reactions; U68Z-Childhood Mental Disorders.
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Introduction: The COVID-19 pandemic has caused over 6 million deaths worldwide and is a significant cause of mortality. Mortality dynamics vary significantly by country due to pathogen, host, social and environmental factors, in addition to vaccination and treatments. However, there is limited data on the relative contribution of different explanatory variables, which may explain changes in mortality over time. We, therefore, created a predictive model using orthogonal machine learning techniques to attempt to quantify the contribution of static and dynamic variables over time.

Methods: A model was created using Partial Least Squares Regression trained on data from 2020 to rank order the significance and effect size of static variables on mortality per country. This model enables the prediction of mortality levels for countries based on demographics alone. Partial Least Squares Regression was then used to quantify how dynamic variables, including weather and non-pharmaceutical interventions, contributed to the overall mortality in 2020. Finally, mortality levels for the first 60 days of 2021 were predicted using rolling-window Elastic Net regression.

Results: This model allowed prediction of deaths per day and quantification of the degree of influence of included variables, accounting for timing of occurrence or implementation. We found that the most parsimonious model could be reduced to six variables; three policy-related variables – COVID-19 testing policy, canceled public events policy, workplace closing policy; in addition to three environmental variables – maximum temperature per day, minimum temperature per day, and the dewpoint temperature per day.

Conclusion: Country and population-level static and dynamic variables can be used to predict COVID-19 mortality, providing an example of how broad temporal data can inform a preparation and mitigation strategy for both COVID-19 and future pandemics and assist decision-makers by identifying population-level contributors, including interventions, that have the greatest influence in mitigating mortality, and optimizing the health and safety of populations.

KEYWORDS
 COVID-19, machine learning, mortality, partial least squares regression, elastic net


Introduction

The COVID-19 pandemic is among the most disastrous in history and the first large pandemic in the last 100 years. COVID-19, which is caused by SARS-CoV-2, is not the first pandemic originating from the Coronaviridae family; both severe acute respiratory syndrome (SARS) and Middle East respiratory syndrome (MERS) were caused by newly identified coronaviruses (1). The SARS pandemic began in the Guangdong Province in China (2002–2004) with a mortality rate of 10%, around 8,000 infections, and nearly 750 deaths (2). The MERS pandemic began in Saudi Arabia in 2012 before spreading to 27 different countries with around 2,604 confirmed cases, 936 deaths, and an mortality rate of 36% (3). COVID-19 had a global impact, affecting almost all countries in the world in 2020–2023 and leading to at least 7 M – 20 M deaths thus far (4, 5).

With the COVID-related data reported waning, and experiencing significant data issues (4), many models have discontinued producing forecasts altogether (5–7).

Non-Pharmaceutical Interventions (NPIs) including workplace closings, stay-at-home orders, quarantine measures, mask mandates, social distancing standards, and the closing of public events were implemented in most countries (8). The efficacy of these interventions are still debated and may vary considerably by country, demographic and societal factors, and likely climate differences across regions. Therefore, knowing how country demographics, weather patterns, and NPIs may have contributed to COVID-19 mortality is important when investigating mechanisms to minimize the COVID-19 death toll as well as to provide data-driven solutions to mitigate mortality from future pandemics.

Machine learning can facilitate our understanding of factors which contribute to covid mortality by incorporating simultaneously static and dynamic variables in a single predictive model. The object of this study is the evaluation of the contribution and directionality of each variable relative to each other using machine learning methods. Specifically, we (1) rank order the significance and estimate effect size of explanatory variables and their contribution to COVID-19 mortality, through implementation of two machine learning methods, Partial Least Squares Regression (PLSR) and sliding-window Elastic Net Regression (ENR); and (2), create time-course predictions for COVID-19 mortality, by country. This data-driven approach can then be used to inform the responses, in accordance with the importance of each driver, with a goal of mitigating mortality from COVID-19.



Materials and methods


Rationale

Several manuscripts have previously used machine learning to predict COVID-19 mortality (9–11). We refer readers to the following reviews to highlight the strengths of weaknesses of various approaches: Every predictive algorithm has strengths and weaknesses due to inherent trade-offs between accuracy, speed, and interpretability. In this manuscript, we used two methods (PLSR and sliding-window Elastic Net regression). Both methods were chosen to strike a balance between being easily interpretable, having the speed to be updated in seconds, and having the accuracy to give actionable daily predictions for countries across the globe. The strength of this analysis is the ability to give actionable advice to global corporations, governments, and agencies. The predictions facilitate providing sufficient resources by country to prepare ahead of spikes in mortality as well as provide actionable interventions to decrease the future global burden of the pandemic.




Strengths and limitations

Both algorithms (PLSR and sliding-window Elastic Net regression) use the assumptions of independent and identically distributed random normal variables. In addition, the linear models assume additive effects of each variable to the response. These assumptions therefore may have less predictive accuracy using variables such as alcohol consumption by country which does not follow a normal distribution or miss complex interactions arising between the variable interactions. In addition, PLSR assumes that the response is generated by a process that is driven a small number of latent (not directly observed) variables.

Strengths of these models is their ability to account for a high amount of collinearity in the system. Almost all predictive variables used in this study have some correlation to each other. The Elastic Net and PLSR both control well for the information that may be redundant between variables, increasing the accuracy of predictions on data outside the training set, and reducing the wide array of variables in the dataset to a reduced set of factors. This allows the model to be simplified for accuracy, speed, and particularly interpretation. If the system can be accurately predicted with a small amount of inputs, one can assume that the causal factors driving regional mortality may be small enough to be identified and controlled.


Data acquisition

Static and dynamic explanatory and response/outcome variables were acquired from a wide array of data sources for each country with available daily mortality data (Table 1). Mortality during calendar year 2020 was acquired from John Hopkins Coronavirus Resource Center (6, 12). Static variables providing information of a countries general health and healthcare situation prior to any experience with COVID-19 (2018–2019) were acquired from Kaggle, the US Central Intelligence Agency (CIA), World Bank (WB), Oxford University’s Our World In Data platform (OWID) and the World Health Organization (WHO) (13–17). Dynamic variables which characterize each country’s response to COVID-19 during the pandemic were acquired from Oxford’s COVID-19 Government Response Tracker, and daily climate measures from the National Oceanic and Atmospheric Administration (NOAA) for calendar year 2020 (18, 19).



TABLE 1 Source of static and dynamic variable data chosen for the predictive model.
[image: Table1]



Data preparation

All analysis was performed using Python 3.8 on a Cloudera Machine Learning environment using 8 CPUs and 32 GiB memory. All visualization including heatmaps, clustergrams, scatterplots, bar graphs, and line graphs were created using Python packages matplotlib-3.1.3, adjustText-0.7.3, and seaborn-0.11.2. For heatmaps, rows were min-max normalized between 0–1 for clarity.

Daily deaths by country were calculated by subtracting the prior days cumulative mortality from the current day cumulative. Daily deaths then were converted to 14-day moving averages for each country. Countries which had fewer than 200 deaths during 01 Jan 2020 through 31 Dec 2020 were excluded from the analysis. Weather was mapped to respective countries using latitude and longitude from the NOAA data lake. Weather information including temperatures, dew point, and days with precipitation was averaged for every weather station reported within the area of a country. To acquire an average of weather patterns, data was used from the years 2010–2020 and averaged for all years before analysis. Any given variable for which more than 5 years of data was missing was removed from the analysis. Climate measures that had more than five years of missing data for a given variable were removed from the analysis. All data was manually downloaded and stored as comma-separated value files from respective sources. The data was merged using the ISO3 country codes. Missing data was imputed using the median values for the respective variable from all other countries.



Statistical modeling

To cluster countries by mortality dynamics, we min-max normalized the daily mortality values by country and used cosine similarity. We manually chose six clusters based on the hierarchical clustering to help conceptualize countries with similar COVID-19 dynamics. The clusters were used for visualization only; all countries with more than 200 reported deaths within 2020 were used separately to train the predictive models.

Using partial least squares regression, all explanatory variables were unit normalized to have a mean of 0 and a standard deviation of one before modelling. The PLSRegression() function was used from the scikit-learn-0.24.2 python package. Model accuracy over a range of principal components was assessed using the root mean squared error (RMSE). The number of principal components to use in the final model was chosen using the elbow rule (20). Two principal components were used in the static variable model and four for the dynamic model.

To train the machine learning algorithm to predict COVID-19 mortality, a response vector, y, and two sets of matrices (XS for static variables and XY for dynamic variables) were compiled. The model was then trained on data from the 366 days in 2020. The model was then tested using a data set consisting of the first 60 days in 2021. Rolling elastic net regression was performed using the linear_model.ElasticNet() function from the scikit-learn-0.24.2 python package. Optimization of the two parameters in elastic net regression, alpha and the l1_ratio, was performed using an exhaustive search method for a random subset of ten countries to minimize the root mean squared error for the predictive model over the test set.

Rolling regression was performed by choosing a minimal window size of 1 day. The training data then consisted of using the mortality data for a single country from the previous day for all countries in conjunction with the dynamic variable values for the given country from the same time window as predictors. The model was trained on the value for 365 days using the previous day as a predictor (the first day in the sequence did not have a preceding date and could not be used in the training set). The window size was then increased to 2 days and calculated each day using the mean and slope of the data within the 2-day window. The model was trained on 364 days, as the first two days in the series did not have a complete set of explanatory variables. The window size was expanded until a size of 60 days was reached, as we were predicting 60 days into the future. A consensus model was then created by averaging the prediction for each model of varying window size.



Confidence intervals

A bootstrap method was applied to calculate the confidence bounds in the predictions, whereby 20% of the training data was replaced with data sampled randomly from the complete distribution of training data for each given country. The bootstrap procedure was repeated 100 times. The predictions were sorted by value, and the 0.975 and 0.025 quantiles were calculated for each day for the upper and lower bounds of the 95% confidence intervals, respectively. The 0.75 and 0.25 quantiles for the 50% confidence interval were also calculated.



Data compilation for response variable

In order to train a machine learning algorithm to predict COVID-19 mortality, we compiled the 14-day moving average with two sets of matrices for static and dynamic variables. The model was trained using data from each of the 366 days in 2020 and tested to make predictions on the first 60 days of 2021. The response vector was acquired from the John Hopkins University of Medicine Coronavirus Resource Center (6, 12). Countries were clustered by similarity in dynamics.



Data compilation for static explanatory variables

To construct the static variable matrix, we searched for global data, by country, for an array of population dynamics to characterize each country’s subsequent mortality due to COVID-19. Preceding the spread of the COVID-19 pandemic, aggregated data relating to a country’s burden of disease (21), comorbidities (16), alcohol consumption (13), proportion population obese (22), access to healthcare (17), economic situation (23), geographic location (6, 12, 19), median age (14), and urbanization (15) were gathered. The Disability-Adjusted Live Years (DALYs) lost per 100,00 population overall and by disease were also compiled (21, 22).



Data compilation for dynamic explanatory variables

During the expansion of the pandemic in 2020, daily data relating to a country’s climate measures (maximum daily temperature, precipitation, etc.) and non-pharmaceutical interventions (NPI) were collected from the United States NOAA (19) and Oxford University’s COVID-19 Government Response Tracker (18), respectively. To create the matrix of dynamic variables, the data of a country’s maximum daily temperature and precipitation were retrieved for the timeframe of 01 Jan 2020 through 31 Dec 2020 from the NOAA (19). Daily assessments of each country’s Non-Pharmaceutical Interventions (NPI) stringency were collected from Oxford University’s COVID-19 Government Response Tracker (18). The respective government responses included recorded closing of schools and universities, workplaces and public transportation, cancellation of public events and limits on gatherings, shelter in place orders, restriction on international travel, financial support and debt relief, campaigns to educate the population on COVID-19 and safety, and policies on access to COVID-19 testing and facial coverings outside the home.



Predicting cumulative mortality for 2020

To predict cumulative mortality for each country over 2020 using the matrix of static variables, PLSR was used, which first projects the high-dimensional data into a lower-dimensional space of latent variables. These latent variables represent orthogonal or uncorrelated sources of variance in the data. Only the number of latent dimensions that contributed significant predict power to the model to prevent fitting the model to extraneous noise in the training set were kept.



Predicting mortality per day using elastic net rolling regression

We incorporated the time dimension to explore how each dynamic variable might contribute to COVID-19 mortality. Each variable may have a different contribution to explaining COVID-19 mortality at a specific lag. The lag is defined as the number of days from infection to the mortality event. To fully utilize the data from dynamic variables, it must be incorporated at a reasonable timeframe before the events a model aims to predict. For every 60 consecutive days in 2020, the parameters of the model including the coefficients, and L1- and L2-penalties were trained to predict the mortality for each of the subsequent 30 days. For validation, the model was then used to predict the mortality for the first 30 days of 2021. Elastic Net Regression (ENR) is a constrained form of Ordinary Least Squares regression whereby an L1 and L2 penalty is applied to the fitted coefficients. The L1- and L2-penalties encourage regression coefficients to remain near zero, thereby preventing overfitting through coefficient inflation.




Results

Table 1 Mortality is described in Figure 1A, with countries with similar mortality patterns clustered together in Groups A – F. A complete clustergram of mortality dynamics per country are included in Supplementary Figure S1. To conceptualize the static variables representing countries in Cluster B, the heatmap (Figure 1B) shows the min-max row normalized value for each variable by country. To conceptualize the format of the dynamic variables, we show the dynamics of each variable averaged for the countries in Cluster B in Figure 1C.

[image: Figure 1]

FIGURE 1
 We first graphed the response variable (COVID-19 mortality) for each country for each day in 2020. Columns correspond to days of the year. Hierarchical clustering was used to show how each country related to other countries using cosine similarity. (A) For clarity, countries are clustered into groups with similar dynamics with each row representing a mean of the normalized mortality of each country in the group. (B) The unit normalized static variables were clustered with the static response variable (the sum mortality for each country over 2020). In this case, rows represent countries and are clustered by cosine similarity. The columns representing the explanatory variables are clustered with the static response variable. (C) Graph of the unit normalized explanatory variables for the countries in Group B are shown as an example of how weather and the stringency of governmental interventions varied over the year. Here, columns correspond to the days of 2020 and rows represent magnitude of dynamic variables.


For the 17 static variables considered, the 17-dimensional matrix was projected into a lower-dimensional (latent) space. Model error was tested (RMSE) after stepwise discarding the latent dimensions that explained the smallest amount of variance in the response. The scree plot in Supplementary Figure S2 shows the amount of information gained as a function of the number of latent variables included. As most of the information was contained in the first two principal components, the PLSR model was created to predict each country’s cumulative mortality per capita in 2020 from the first two principal components of the matrix.

Figure 2A illustrates each static variable’s Variance of Importance in Projection (VIP score). The VIP score measures how much each variable contributes to the projection in two dimensions. This value corresponds to the amount of predictive power that each variable adds to the model. The volume of alcohol consumed by the population had the most predictive power of cumulative mortality in 2020, followed by the number of health workers per capita and the median age of the individuals in each country. A threshold of 1.0 is applied to PLSR models to separate significant variables from those that contribute little to the model. Using this threshold, percent kcal from alcoholic beverages, health workers per 10,000 population, country median age, percent basic sanitation, hospital beds per 10,000 population, percent BMI ≥ 30 – age 18+, international health regulations core capacity index, and percent urban reasonably predicted, with positive associations, with the number of COVID-19 deaths expected per country, in the absence of government/public health interventions.

[image: Figure 2]

FIGURE 2
 We trained a predictive model using Partial Least Squares Regression (PLSR) to examine the magnitude, directionality, and significance that each explanatory variable contributed to COVID-19 mortality. (A) The bar chart is sorted in descending order of the Variance of Importance in Projection (VIP) score. The VIP score is a measure of the significance each variable contributes to the predictive accuracy of the model. Generally, a VIP score below 1.0 can be discarded from a predictive model with little loss in accuracy. (B) The loadings of the first principal component (PC1) are an indicator for the magnitude and directionality of the effect of each static variable on explaining mortality. Variables with a positive score correlate positively with mortality whereas variables with a negative score correlate negatively. Loadings close to the zero line indicate that the variable contributes little to the model.


The PLSR scores for countries are plotted in Figure 3 in the same latent space. Countries with similar demographics cluster together on the scatterplot. Countries that appear far to the right are predicted to have the highest COVID-19 mortality in 2020, given the demographics listed, while countries to the left are predicted to have low mortality.

[image: Figure 3]

FIGURE 3
 The plot above shows the scores for countries projected into the first two principal components (PC). The components were rotated so that the first PC on the x-axis corresponds to variance that explains COVID-19 mortality whereas the second PC is all other variance in the model. Countries that appear near to each other in two-dimensional space have higher similarity of variables that have explanatory effect on total mortality for 2020 than countries that appear further apart. Countries with a higher x-value are predicted in this model to have higher COVID mortality if dynamic factors were not considered.


In order to evaluate the significance and effect size of the dynamic variables, we summed each dynamic variable for every day in 2020. We then created a PLSR model using the same method developed for the static variables with the summed dynamic data. Examining the scree plot shown in Supplementary Figure S3, we observed that most of the data was contained in four principal components, as opposed to the two in the static variable model. For this reason, we included four principal components (PC) in the dynamic model.

Figure 4A shows the VIP score corresponding to each variable’s significance in adding to the projection. The most parsimonious model could be reduced to six variables: COVID-19 testing policy, the maximum temperature per day, dewpoint temperature per day, minimum temperature per day, canceled public events policy, and workplace closing policy. These variables were evaluated on a daily basis, as mortality accumulated over time. They represent what countries did, or experienced. Other variables may be significant in reducing COVID-19 mortality, but most of the information regarding the predictive model is contained within these six dynamic variables.
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FIGURE 4
 A PLSR model was used to find the significance and effect size of dynamic variables in explaining COVID-19 mortality. (A) The bar graph shows the VIP score of each dynamic variable. The VIP score is a measure of how much predictive power each variable adds to the model. (B) The loading plot of the first principal component show the directionality and effect size that each variable adds to the prediction. Variables with a positive loading contribute to a higher mortality prediction, whereas variables with a negative loading contribute to a lower prediction for the response variable.


The loading plot in Figure 4B shows each variable’s effect size and directionality. Variables with a positive loading score in principal component 1(PC1) positively contribute to mortality, whereas a negative loading score negatively contributes to mortality. As these variables change considerably over the year, this high-level analysis only illustrates how the sum of the variables over the year contributes to the overall mortality for 2020. In order to create a combined model using static and dynamic variables and observe how variables affect mortality based on timing, a model was created to predict mortality per country per day using sliding-window Elastic Net regression.

Rolling regression uses data in a given window of past timepoints to predict future results. To create an accurate model for days immediately in the future, we created a consensus model from the average of many window sizes. To predict the next day into the future, we used a window size of 1, where each of the previous 200 days was used as a predictor. For the second day into the future, we combined the previous model with a new one with a window size of 2. For a window size of 2, we combined the data for two days into the past and used the slope and mean of the window as the predictor. We continued this process until we reached a window size of 60 in order to predict 60 days into the future.

The predictions from rolling Elastic Net regression are shown in Figure 5 for the 28 most populous countries in the world. The regression included the mortality data per day for every country in the model, as well as the dynamic variables including weather and NPIs for the specific country being predicted. In this way, the model is informed by the country-specific demographics inherent in the past mortality data as well as the dynamic variables that influences how the future mortality time-courses. We calculated the confidence bounds of the predictions by bootstrapping the prediction 100 times. The dark blue region in the figure show the area of the 50% confidence bounds while the wider light blue region shows the area within the 95% confidence bounds. The red line shows the actual mortality data reported for each country over the same point in time. Data was predicted for the last 60 days of 2020 (shown as −60 to 0 days in the figure) to assess the accuracy of predicting with the training time period. The first 60 days of 2021 (shown as 0 to 60 days in Figure 5) were predicted only on data from 2020 to give us an assessment of data on a test set.
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FIGURE 5
 Mortality projections for 28 countries using the Elastic Net regression model. Twenty-eight countries were included in the study in descending order of total population. The projections are for the last 60 days of 2020 representing the training set and the first 60 days of 2021 representing the test set. The dark blue region shows the projections between the 25% and 75% quantiles and the light blue area shows the projected values between the 97.5% and 2.5% quantiles after 100 bootstrapped projections. The red line represents the observed COVID19 mortality as reported by each country.


Finally, we examined the value of the regression coefficients from the rolling regression to determine the explanatory power of each variable at specific time points before a mortality event. Figure 6A shows the regression coefficients for the timepoints from 1–60 days before a mortality event. Columns correspond to the lag in days while the rows show each dynamic variable. A blue color at a specific timepoint for a variable is indicative of the variable decreasing mortality for that specific lag. A red color represents an increase in the model prediction for mortality at the specified lag. These coefficients show that some dynamic variables show a sustained decrease in mortality over a wide range of timepoints. Some coefficients have positive or negative influence depending on the amount of time before the mortality event, suggesting that the influence of the variable varies over time. For example, all variables show less of an influence within 7 days of the response as the infection was likely to occur before this time period. Figure 6B shows a simple sum of the coefficients over the 60 days preceding a mortality event.
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FIGURE 6
 Summary of how each dynamic variable contributed to COVID-19 mortality. (A) The heatmap shows the correlation of each variable at specific time before the mortality on the day being predicted. The leftmost column corresponds to a correlation with a 1-day lag and the rightmost column with a 60-day lag. (B) The bar graph shows the sum total of all the coefficients per variable for the previous 40 days.




Discussion

Understanding and predicting COVID-19 mortality involves considering its multi-factoral nature – pathogen, host, social, environmental in addition to vaccination and treatment factors – with both global and regional components. Traditional prognostic models employed since the beginning of the COVID-19 pandemic have yielded some successes in predicting mortality and the associated surge of infections the population levels but generally in very region-specific contexts and with wide confidence intervals. With the COVID-related data reported waning, and experiencing significant data issues (4), many models have discontinued producing forecasts altogether (5–7). These data quality issues are observed in Figure 5, where forecasted mortality from the machine learning models deviates from reported mortality in certain countries While the prediction of mortality was more accurate for some countries than others, given the disparate methods of quantifying mortality between countries as well as the quality of data integrity, the Elastic-Net model still was able to predict the directionality of trends and reduce the number of predictive variables down to a small subset of significant predictors, lowering the search space for causal factors driving COVID-19 mortality. The machine learning model presented here evaluated multiple factors that contributed to COVID-19 mortality in 2020, before the introduction of anti-COVID-19 vaccinations. By establishing the baseline effect of other variables, the model can also be valuable for predicting COVID-19 mortality in the presence of vaccinations and treatments by accounting for differences in efficacy, availability, and uptake. Some mortality projections for the first 60 days of 2021, before the wide spread availability of vaccinations, are presented here and demonstrate the value of the model for COVID-19 mortality forecast. The projections also offer a glimpse into the application of this machine learning model in the future. Further analyses incorporating data related to vaccinations and therapeutics are necessary to ensure this machine learning model can accurately predict COVID-19 mortality.

Based on the results of the model we observe significant contributions of static variables in predicting mortality. Use of alcohol, health care workers and hospital beds per 10,000 population, the median age of a country’s population, basic sanitation, obesity, urbanization and core capacity index all are useful in understanding a country’s position to manage introduction of a pandemic. In regards to dynamic variables, or variables which move in time with the outcome, climate measures and manageable interventions such as testing policy and calcellation of public events / workplace closings were highly associated with mortality.

As an important note, these variables cannot be considered causal, only predictive. It is also quite possible that a variable serves as a proxy for another factor more clearly within a causal pathway of COVID-19 mortality. For example, number of health workers are highly correlated with median age of a population. To demonstrate this quantitatively, Supplementary Figure S4 shows the PLSR loadings plot which demonstrates how each static variable relates to each other. The loadings plot shows the explanatory variables in the new reduced latent space. Variables closer on the plot have a higher covariance than those that are further apart. To separate the variance related to the response from the unrelated, the latent space was rotated so that all variance related to mortality was parallel to the x-axis in a process known as Orthogonal Partial Least Squares Regression (OPLSR). There are some important additional limitations to the data used for analysis and application of the machine learning model. That causality cannot be determined between the variables and estimated mortality is particularly relevant to COVID-19-related public health policies because the data shows dates of policy introduction rather than when or how well the policy was implemented. That increased number of health workers per 10,000 population, hospital beds per 10,000 population, and percent basic sanitation were associated with increased mortality are counter-intuitive, likely related to other variables (perhaps more clearly on a causal pathway), and an important caveat to blind acceptance that associations derived through machine learning algorithms represent cause-effect associations. Instead, they represent a country’s situation in the year prior to COVID, describing the environment in which the disease spread. Many are not modifiable. They can provide insight to our current societal structures, especially when compared to a century ago, and provide a base upon which to further untangle complex relationships among host, pathogen and environmental conditions.

Each variable which had an impact on COVID-19 mortality had a unique delay from the measurement to the change in COVID-19 mortality. Mortality data is available on a very granular level globally, however it is likely under-reported. Issues of accuracy and consistency in reporting mortality may undermine predictions of future mortality. Global mortality, vaccination, and booster uptake is reported on an aggregated level, with no information regarding age, sex or comorbidities. While these considerations can be understood with more focused analyses on a country or regional level, globally these cannot currently be directly included in mortality forecasts. Similarly, the time period between variable observations (e.g., masking mandates, travel restrictions, etc.) and mortality are nearly always regionally somewhat unique.



Conclusion

Considering prior models have retired due to data degredation, this machine learning model presents a framework for forecasting mortality for this pandemic, and future pandemics. Responding to the multi-dimensional and shifting nature of the COVID-19 pandemic and its regional variability in both static and dynamic factors, this machine learning method may be a valuble tool for starting to untangle the complex factors which contribute to globally dynamic COVID-19 mortality and provide a framework for investigating influential factors in subsequent pandemics.
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1L-6 (pg/ml; 0-7) 127 (94-18.5) 13,5 (107-18.2) 055
PT (Sec; 11-15.1) 133 (129-13.9) 132(129-13.7) 081
APTT (Sec; 28-43.5) 382 (35.6-41.4) 385(37.2-41.7) 0.22
Fibrinogen (/15 2-4) 29(24-3.4) 33(29-39) <0.001
D-dimer (g/ml; 0-0.5) 02(02-0.3) 03(02-03) 041
Alanine aminotransferase (U/L; 0-45) 28(22-43) 32(23-42) 043
Aspartate aminotransferase (U/L; 0-45) 27 (23-32) 29 (25-36) 001
Creatinine (pmol/L; 41-91) 68 (53-82) 62(56-71) 036
Troponin I (ug/L; 0-0.034) 002(0.01-002) 0.01(0.01-0.02) 0.28
Lacticacid (mmol/L; 0.5-1.5) 14(11-19) 14(10-18) 048
PaO,/FiO; ratio (mmHg; 400-500) 450 (413-498) 425 (394-490) 0.06
Cyele threshold for N gene 287 (19.2-349) 235(188-34.1) 035
Cycle threshold for ORFlab gene 263 (18.1-33.7) 224(186-299) 021

Abbreviations: 25(OH)D, 25 hydroxyvitamin D; APTT, activated partial thromboplastin time; ESR, erythrocyte sedimentation rate; FIO2, fraction of inspired oxygen; hsCRP, high-sensitivity
IQR, interquartile range; P02, arterial oxygen partial pressure; PT, prothrombin time; SARS-CoV-2, severe acute respiratory syndrome coronavirus-2

C-reactive protein; IL-6, interleukin-
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Variable
Emotion regulation
Cognitive

reappraisal

Expressive

suppression
Affect

Positive affect

Negative affect
Psychological capital
Self-efficacy

Resilience

Hope

Optimism

Psychological resilience
Tenacity

Strength

Optimism

Abbreviation

CR

ES

POA

NEA

HOP
opPT

TEN
STR
op

Mean

2829

1502

2752

1630

3264

3249

3113

3100

3253

218

872

SD

7.05

466

519

660
607

637
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Positive if
greater
than or
equal to

Sensitivity

Specificity

Variables Std.error p Asymptotic 95% ClI
Lower Upper
bound bound

LOX-1 0787 0033 0.000 0722 0.852

NE-xB 0.864 0.025 0.000 0815 0914

oxLDL 0926 0018 0.000 0892 0.961

NF-kB, nuclear factor kappa B; oxLDL, oxidized LDL; LOX-1, lectin-like oxidized-LDL receptor-1.

2116

476.26

12438

88%

97%

81%

62%

63%

87%
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Parameters LOX-1 NF-«B (pg/ oxLDL
ml)

groups (ng/ml) (ng/L)
Severity grading

Uncomplicated 662£272 900.16:£570.23 1302141635
(n=25)

i-moderate 692£175 983.924511.92 1348321112

preumonia (1=55)

Severe pneumonia | 7.93£096 1018.00£935.60 138.10£7.18 %
(n=20) %, b

Survival status

Healed (1=95) 5334182 593.28:+144.82 116711494
Ex(n=5) 7214156¢* | 1007.864793.67¢* | 1336141198 c*

Three subgroups were formed according to the disease severity rating. One-way ANOVA test
was used to compare the three groups and Tukey test was used as post-hoc test. Two subgroups
were formed for survival status and statistical analyzes were performed with Mann-Whitney
est. a means versus uncomplicateds b means versus mild-moderate pneumonia; ¢ means versus
healed; *p<0.05; *#p<0.01; ***p<0.001.
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COVID-19 (mean+SD) Healthy subjects (mean+SD)

Age<50 Age>50 Age<50 Age>50

LOX-1 (ng/ 3.70£3.82 3.94+3.86 3.86+£3.82 270+1.43 3.16+1.68 2941.56 0.000
mL)

NF-xB (pg/ | 1244.57%1699.47 1141924 1425.38 117694+ 1515.07 56478422074 553.94£22228 559.15£219.43 0.000
mL)

oxLDL 131.13£12.20 133.16+12.06 13247£12.07 121.23£15.95 113.16£20.15 117.04£18.53 0.000
(ng/L)

NE-xB, nuclear factor kappa B; 0xLDL, oxidized LDL; LOX-1, lectin-like oxidized-LDL receptor-1. Students t-test was used to compare the means between the two groups (COVID-19 and healthy
subjects) for other parameters. Bold text expresses statistically significant.
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Parameters althy subjects (mean+SD) P

Glucose (mg/dL) 1384549267 1353547889 0739
Urea (mg/dL) 528324249 428323045 0356

1452145 123037 0794
Total cholesterol (mg/dL) 164.35£33.45 154.73£35.63 0346
HDL (mg/dL) 595421254 644541323 0.468
LDL (mg/dL) 1225842234 12034£16.23 0677
Triglyceride (mg/dL) 106.6+22.54 1022442445 0455
Total protein (g/dL) 7024089 7238325 0,623
Albumin (g/dL) 3124037 3142067 0938
T, bilirubin (mg/dL) 074081 0.80£0.73 0.603
D. bilirubin (mg/dL) 0342052 0324042 0893
CRP (mg/L) 7.54£6.89 6.63£6.12 0.235
Na (mmol/L) 137.19+4.74 13645£5.25 0412
K (mmol/L) 435126 463073 0473
Cl (mmol/L) 100.635.29 101832403 0711
AST (UIL) 48.82+41.86 4592445.23 0814
ALT (UIL) 45.38£41.59 454244123 0729
LDH (UL) 356,86+ 193.64 3515420557 0913
ALP (UIL) 157.79:+168.97 134,87 146.46 0529
GGT (U/L) 133.56£94.89 854644498 0.286
CK (UIL) 538.97+125.56 163,98+ 162.68 0292
CK-MB (U/L) 167£3.16 184148 0793
Ferritin (ng/mL) 130306+ 4852.87 685.02£757.04 009
Troponin T (ug/L) 0052011 0.06+0.12 0923
PT(s) 13714225 13722168 0.996
APTT (5) 2528434 2323380 0334
Fibrinogen (mg/dL) 5415132 5255159 0612
D-Dimer (mg/dL) 323623 301378 0656
NT-ProBNP (pg/mL) 238885 7843.63 339115700045 0476
PCT (ng/mL) 0.21£0.20 0232001 0.878

ALT, alanine aminotransferase; AST, aspartate aminotransferase; CK, creatine kinase; CK-M, creatine kinase-MB; LDH, lactate dehydrogenase; ALP, alkaline Phosphatase; GGT, gamma-glutamyl
transferase; NT-Pro-BNP, N-terminal pro-Brain natriuretic peptide: Na, sodium;

K. potassium; Cl, chlorine; CRR, C-reactive protein; P, prothrombin time; APT', activated partial thromboplastin time; HDL, high density lipoprotein; LDL, low density lipoprotein; PCT,
procalcitonin. Students -test was used to compare the means between the two groups (COVID-19 and healthy subjects) for other parameters.
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Variable

Maladaptive
perfectionism
2 Burnout 0574 - 0530+ 0340 014 3914 1571
3 Depression 0574 0,585 - 0304+ 0.19% 845 493
Suicidal ideation for the last
4 0354 0297 0.61%5% - e 146 083
year

Suicidal ideation for the last
5 0.28%% 03755 053555 0.647%% -
three months

Pearson coefficients are presented for correlations between continuous variables. For correlations between dichotomous and continuous variables, point-biserial coefficients are presented.
Correlations for before COVID-19 (1= 160) are shown above the diagonal, and correlations for during COVID-19 participants (11=86; emphasized with bold letters) are shown below the
diagonal. Means (M) and Standard Deviations (D) for before COVID-19 are shown in the vertical columns and Means and Standard Deviations for during COVID-19 are shown in the
horizontal rows. Means and standard deviations are presented only for continuous variables. *p<0.05; *#p<0.01; ***p<0.001
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Time
Total sample Before COVID-19  During COVID-19

Characteristic (N =246) (n =160) (n =86)

Background

Age 3775 9.10 3696 823 3921 1042 -173 0086
n % n % N % r© »

Gender

Male 92 374 56 350 36 a9 112 0.289

Female 154 626 104 650 50 581

Family status
Not married 2 17.5 B 18.1 14 163 013 0716
Married 203 825 131 819 7 87

Stage of training

Intern 2 14 16 100 2 140 097 0615
Resident 130 528 87 544 43 500
Attending 88 358 57 356 31 360
Clinical M D M sD M sD t P
Maladaptive perfectionism: 2672 670 27.14 677 2593 654 135 0177
Concern over mistakes
Doubts about action 1081 352 1105 343 1036 367 147 0.144
Burnout 38.04 1625
Depression 7.0 531
Suicidal ideation for the last year 145 095

n % n % N % P P
Lifetime suicidal risk’ £ 220 0 250 14 163 248 ons
Suicidal ideation during the last year” 67 272 45 281 2 256 018 0.669
Suicidal ideation during the last 3 months® 33 134 24 150 9 105 099 0320
Moderate/severe depression 85 346 63 394 2 256 471 0030
Burnout: 139 565 94 588 45 523 094 0332
Emotional exhaustion
Depersonalization 125 508 81 50.6 44 512 0.01 0936

‘Values represent total score of High Suicidal Risk (SBQ-R) >=7. "Values represent the positive category (at least one suicidal ideation). “Values represent total score of Moderate/Severe.
Depression (PHQ-8)>>=10. *Values represent totalscore of Emotional exhaustion (EE) > =27 and Depersonalization (DP) >=10 in the MBI. M, Mean; SD, Standard Deviation. Values present
the mean and standard deviation of the total scores of: MBI, PHQ (8), and SBQ-R second item accordingly.
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Algorithm PCR Serologic testing

Rounds Days Rounds DEV

PCRI1 1 1 0

PCR2 2 1,3 0

PCR3 3 1,3,5 0

PCR4 4 1,3,57 0

PCRS 5 1,3,5,7,10 0

PCR6 6 1,3,5,7,10, 14 0

Abl + PCRI* 1 1 1 1
Ab2 + PCR2* 2 1,7 2 17
Ab2 + PCR3* 3 1,7,14 2 17

*The individuals who were Ab-positive (Ab+) were assigned to a key screening population,
followed up for 14 days, and subjected to multiple rounds of PCR. All were followed up for
28 days.
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Case

Ni4
N6
N55
N95
Nil4
N115
N152
N217
N20
N1
N109

N254

Payment
records
in
sundries
area

2020
21557
2020

20:30

Time
interval
between
ICs" and
secondary
cases’
payment
records in
sundries
area

15min
1h 52min
15min

25min

Payment

records

in dining
area

20:25
2025
2025
2028
2028
2028
23:00
2028
20:43
22:00
20:43

18:43

Time
interval
between
ICs’ and
secondary
cases’
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records in
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4min
4min
4min
7min
7min
7min

2h 39min
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2
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Stalls ICs’ Secondary Time Incidence of secondary cases in divided periods®

ayment cases’ interval . P 7 7 3 a 5
pre)tlzords payment between Incidence of BeforeICs’ 0-10min  11-20min  21-30min = 31-40min  41-50min  51min and
records ICs’ and secondary payment after ICs’ after ICs' after ICs' after ICs’ after ICs' more after
ETeeER cases. payment  payment  payment  payment  payment ICs
ater payment
payment
records
B63-64 19:32 19:46 14min (N6, N8) 2 06 o n 02 o 02 o8
(Clothes)
B59-60 19:43 2031 48min (N146, 324 04 00 o 00 on 304 014
(Clothes) N262,N263)
A36 (Clothes) 19:56 None - - - - - - - -
C57 (Fruity 2015 2015 Omin 284 0730 2% o4 o5 s on 0/60
Mix)
A81 (Clothes) 19:22 19:27; 20:03 Smin (N7, N249); 581 010 27 04 0/s 3/5 o5 0/45
41 min (N146,
N262,N263)
B83 1923 None - /65 o8 o o4 o o2 00 0/49

(Accessories)

B79 (Shoes) 1924 None - 02 00 0/0 0/0 00 00 010 o2
B72 1925 None - onz 00 0/0 0/0 on 00 00 o
B71 1926 None - o8 on 0/0 0/0 00 0/0 00 o7
B62 1933 None - 0739 o9 00 on o on 0/0 0/27
Total - - - 91334 0/68 ans 217 ons 315 32 0223

Stallholders i the sundries area were eliminated.
N146, N262, and N263 were family members and shopped in B59-60 and A1, respectively. Duplicate data were deleted while counting the total number of secondary cases and customers.
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Characteristics N/ Median (Q;,

Q;)

Category of cases

Customer ns

Stallholder 18
Sex

Female »

Male 52
Age, years 30(20,38)

Occupation of customers (N =113)

Worker 32
Service/Sales 29
Students or preschool children 27
Others 25

60

40

2

2

£

2

Clinical symptoms had occurred when detected positive by nucleic acid test

Yes 7
No 57

Cycle threshold value
N 26.83 (2044, 32.78)
ORE 26.99 (2095, 33.20)

56

43
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Depression, Anxiety, and Stress Score (DASS)
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Possible transmission zone one’
Based on consumption records of
customers

Secondary cases shopped at the
same stall as ICs.

Could explain infection routes of 9
(8%) customer secondary cases,

Possible transmission
zone Two

Based on consumption
records of customers
Secondary cases removed
‘masks and have meals in
dining area at the same
time as ICs or a certain
period after ICs.

Could explain infection
routes of 48 (42%)
customers secondary
cases.

Possible transmission
zone Three

Based on consumption
records of customers
Secondary cases stayed in
ing area or sundries
area at the same time as
ICs or a certain period
after ICs,

Could explain infection
routes of 76 (67%)
customers secondary
cases.

Possible transmission
zone Four
Based on Entry time and
departure time of
customers
Secondary cases could be
exposed to acrosols
exhaled by ICs during
their movement in the
entire market
Could explain infection
routes of 106 (94%)
customers secondary
cases.
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Poor Good
Yirgalem 29(33%) 59 (67%)
Leku 92(85.2%) 16 (14.8%)
Hawassa 61(30.0%) 142 (70.0%)
Al 182 (45.6%) 217 (54.4%)

Practice
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Parameters COVID-19 Healthy

(mean+SD) subjects
(mean+SD)
RBC (x1074L) 4312080 393082 0923
HGB (g/dL) 12032215 11062215 0724
Het (%) 36.8445.68 35.0945.97 0794
PLT (x10YL) 21641511490 197.952110.86 0588
Neut (x10'/1) 686342022 706841893 0636
Lymph (x107L) 19.47£13.92 19.881682 0213
MONO (x10%yL) 8612509 8214641 0.186
EOS (x10°4iL) 1042245 0875124 0377
ESR (mm/h) 15554721 13462445 0730

RBC, red blood cell; HGB, hemoglobin; Het, hematocri; PLT, platelet; Neut, neutrophil
Lymph, lymphocyte; MONO: monocyte; EOS: eosinophil; ESR: erythrocyte sedimentation rate.
Student’ t-test was used to compare the means between the two groups (COVID-19 and
healthy subjects) for all parameters.
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Value Range

Duration of disease, days s 2-15
Fever, n (%) 84(84)

Cough, 1 (%) 79(79)

Loss of smell and taste, n (%) 17017

Dyspnea, n (%) 55(55)

Respiratory distress, 1 (%) 26 (26)

Diarrhea, 1 (%) 5(5)

Common body pain 14014)

Myalgia, n (%) 8(9)

Headache, 1 (%) 7(7)
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Parameters COVID-19 Healthy

(n=100) subjects
(n=100)
Gender female/male 32(32%) /68 (68%) 31 (31%) /69 (69%) 0.879
(n,%)

Age (year) 559621374 545021568 0.138
(mean+SD)

DBP (mmHg) 71741351 77.08%13.23 0692
(mean+SD)
SBP (mmHg) 127.34428.60 132673406 0.120
(mean £5D)
SO, (%) (mean £SD) 91.52+9.18 92.65+5.67 0594

PCR results negative/ 67 (67%) / 33 (33%) 100 (100%)/0 (0%) 0.000
positive (1, %)

Radiological findings  0/(0%)/100 (100%) 100 (100%)/0 (0%)  0.000
negative/positive
(n.%)

Survive status 5(5%)/95 (95%) 0 (0%)/100(100%)  0.066
Ex/healed (n, %)

Categorical data (gender, PCR results, radiological findings, survive status) were analyzed with
the Chi-square test. Students I-test was used to compare the means between the two groups
(COVID-19 and healthy subjects) for other parameters (age, SBR. and SO2). Bold p values
express statistically significant.
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Entity Count(v:
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Predictors Chi-square P-value Odds ratio (95%CI)

Age group (<60/260 years) 7433 0.006 182 (1.18-2.78)
Depressed status (PHQ-9 < 5/PHQ-9 > 5) 7653 0.006 222(1.27-3.85)
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Age group (<60/>60 years)

Sex (male/female)

BMI group (<18.5/18.5-24/>24)

Infection status (asymptomatic/symptomatic)

Vaccination inoculation (yes/no)

Educational level (<6/6-12/>12)

Occupation (mental worker/manual worker/other)

Smoking status (current smokers/ former smokers/never smokers)
Alcohol drinking status (current alcohol drinker/former drinker/ never drinker)
Complication (yes/no)

Sleep status (PQSI = 7/PQSI < 7)

MEQ-5 (morning type/evening type/intermediate type)

Depressed status (PHQ-9 > 5/PHQ-9 < 5)

Anxiety status (GAD-7 = 5/GAD-7 < 5)

PQSI, Pittsburgh Sleep Quality Index Scale; M
Complication means diseases of differ

ening Question

re-5; PHQ-9, Pat
t systems (including the cardiovascular, respiratory, urinary, dige

Chi-square

7.865
1.048
3799
0.689
3.604
0.405
3.927
0.181
0.635
1.443
6.882
0.192
8.130
3628

ervous, and hematological systems, etc.

P

0.005
0306
0.150
0.406
0058
0817
0.140
0913
0721
0230
0.009
0909
0.004
0057

nt Health Questionnaire nine; GAD-7, Generalized Anxiety Disorder Scale seven,
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Age (year)

Sex (male/female)

Body max index (kg/m?)

Infection status (asymptomatic /symptomatic)

Vaccinatio

oculation (yes/no)
Educational level (<6/6-12/>12)
Occupation (mental worker/manual worker/other)
Smoking status (current smokers/ former smokers/never smokers)
Alcohol drinking status (current alcohol drinker/former drinker/ never drinker)
Complication (yes/no)
Cardiovascular complication(yes/no)
Respiratory complication (yes/no)
Other systematic complication (yes/no)
Sleep status (PQSI = 7/PQSI < 7)
MEQ-5 (morning type/evening type/intermediate type)
Depressed status (PHQ-9 > 5/PHQ-9 < 5)
Anxiety status (GAD-7 = 5/GAD-7 < 5)

Time from infection to recovery

Time from recovery to re-positivity

Group R (n=116)

532169
48/68
232+39
100/16
107/9
13/52/51
27/47142
96/16/4
9971512
28/88
15/101
42
12/104
26/96
64/1/51
21195
17/99
169444
12(9-18)

Group C (1 =567)

50.5%15.1
206/361
235439
471/96
546/21
67/236/264
142/271/154
461/87/19
467/86/14
109/458
51/516
16/551
44/523
73/494
317/3/247
51/516
50/517
16344
!

0.081
0305
0353
0.406
0052
03816
0138
0913
0720
0229
0.191
0715
0355
0.008
0907
0.004
0054
0.166

eralized Anxiety Disorder Scale seven;
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Wave 1 Wave 2 Wave 3
Positive Negative Untested Positive Negative Untested Positive Negative Untested
Observations 166,455 131,625 384,230 506,805 717,770 593,666 689,875 1,168,437 123,396
Male (%) 52.9% 44.4% 50.5% 50.9% 44.5% 48.2% 51.4% 44.1% 42.5%
Age (mean) (SD.) | 46.6(163) | 41.0(16.7) 38.5 (14.7) 438(168) | 37.9(165) 37.0 (14.7) 36.1(156) | 343(16.4) 33.5(15.4)
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Pos rate (%)

Pos rate (%)

Asymptomatic (n = 43) 42 97.7 43 100.0
Symptomatic (n = 13) 12 92.3 13 100.0
Previously infected (n = 135) 135 100.0 135 100.0
Non-infected (1 = 40,498) 170 0.4 170 0.4

Ab, anti-SARS-CoV-2 antibody; N, number; Pos, positive; Abl, the first antibody result after 1 week of isolation; Ab2, the second antibody result 1 week after the first antibody test.
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Strategy Number of tests used NNT of hunting one case Test cost? Cost for hunting one case?®

PCR PCR Total Relative® Total Relative®
(yuan) (yuan)
PCR1 40,689 0 1,850 0 3,865,455 1.00 175,703 1.00
PCR2 81,356 0 2,542 0 7,728,820 2.00 241,526 1.37
PCR3 122,013 0 2,905 0 11,591,235 3.00 275,982 1.57
PCR4 162,660 0 3,128 0 15,452,700 4.00 297,167 1.69
PCR5 203,297 0 3,696 0 19,313,215 5.00 351,149 2.00
PCR6 243,931 0 4,356 0 23,173,445 6.00 413,812 2.36
PCRI + Abl 42,299 40,689 769 740 6,052,855 1.57 110,052 0.63
PCR2 + Ab2 81,356 81,018 1,453 1,447 11,779,720 3.05 210,352 1.20
PCR3 + Ab2 122,013 81,018 2,179 1,447 15,642,135 4.05 279,324 1.59

3 Assume 95 yuan per PCR test and 50 yuan per Ab test, according to the standard government charge.
®Results were expressed relative to the algorithm of a single round of PCR (PCRI) that was set to 1.00.

N, number; NNT, number needed to test; SARS-CoV-2, severe acute respiratory syndrome coronavirus 2; PCR, polymerase chain reaction for SARS-CoV-2 detection; Ab, total anti-SARS-CoV-2
antibody level.
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Strategy Hunting yield Incremental yield Tot'?'l fals(e)
positives (n,

% (95% Cl) Additional Additional cases p-value of the
cases hunted  hunted (%) (95% difference
(n) Cl)
PCRI 2 39.3 (26.1-52.5) REF* REF 0
PCR2 32 57.1 (43.8-70.5) +10 +17.9 (7.5-28.2) 0.00% 0
PCR3 12 75.0 (63.3-86.7) +20 +35.7 (22.8-48.7) <0.0001 0
PCR4 52 92.9 (85.9-99.8) +30 +53.6 (40.1-67.0) <0.0001 0
PCRS 55 98.2 (94.6-100.0) +33 +58.9 (45.6-72.2) <0.0001 0
PCR6 56 100.0 (100.0-100.0) +34 +60.7 (47.5-73.9) <0.0001 0
Ab1+PCR 55 98.2 (94.6-100.0) +33 +58.9 (45.6-72.2) <0.0001 305
Ab2+PCR2 56 100.0 (100.0-100.0) +34 +60.7 (47.5-73.9) <0.0001 305
Ab2+PCR3 56 100.0 (100.0-100.0) +34 +60.7 (47.5-73.9) <0.0001 305

*Results were expressed relative to the algorithm of a single round of PCR (PCR1) that was set REF.
n, number; SARS-CoV-2, severe acute respiratory syndrome coronavirus 2; PCR, polymerase chain reaction for SARS-CoV-2 detection; Ab, total anti-SARS-CoV-2 antibody level.
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Asymptomatic Symptomat
N (%) 43 (76.8%) 13 (23.2%)
Male/Female 32/11 8/5
Age median (range) (years) 26 (8-64) 36 (25-64)
Citizenship
Chinese 39 (90.7%) 12 (92.3%)
Non-Chinese 4(93%) 1(7.7%)
Origin
Philippine 18 (41.9%) 11 (84.6%)
Singapore 14 (32.6%) 0(0.0%)
United States 3(7.0%) 1(7.7%)
Other countries® 8 (18.6%) 1(7.7%)

*Other countries included Mexico, Serbia, Australia, Kazakhstan, and Bangladesh.
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Wave 1 Wave 2 Wave 3

Symptom Positive Negative Untested Positive Negative Untested Positive Negative Untested
Cough 79.9% 68.1% 49.3% 75.0% 62.0% 35.5% 77.0% 63.1% 43.4%
Headache 81.0% 79.3% 54.1% 77.6% 75.2% 39.5% 77.4% 75.9% 47.7%
Fever 77.2% 63.3% 48.1% 61.9% 47.8% 28.7% 64.1% 47.4% 35.6%
Myalgia 66.0% 56.9% 41.8% 61.6% 52.2% 29.2% 59.3% 50.5% 34.8%
Arthralgia 60.5% 51.2% 37.5% 553% 45.1% 25.6% 52.5% 42.5% 30.2%
Generalized 53.4% 46.3% 29.5% 43.8% 33.7% 18.6% 35.9% 30.5% 20.0%
malaise

Trritability 03% 12% 0.6% 02% 0.9% 03% 0.2% 0.8% 0.3%
(<5 years old)

Odynophagia 49.4% 47.8% 344% 53.1% 54.2% 27.4% 57.0% 57.2% 35.1%
Dyspnea 37.5% 23.5% 142% 29.0% 14.4% 9.6% 19.0% 10.1% 7.9%
Shaking chills 40.1% 34.3% 22.5% 39.5% 31.7% 16.3% 312% 27.0% 17.1%
Thoracic pain 30.7% 24.8% 15.8% 24.7% 17.8% 9.9% 17.0% 13.7% 9.6%
Rhinorrhea 29.5% 28.3% 209% 38.1% 41.0% 20.6% 46.0% 44.4% 27.7%
Diarthea 22.0% 23.1% 13.4% 14.5% 16.3% 7.1% 11.6% 15.2% 9.0%
Abdominal pain 13.9% 15.5% 7.6% 9.9% 10.9% 42% 7.9% 10.1% 52%
Anosmia 123% 6.0% 69% 25.6% 11.5% 10.5% 22.5% 8.4% 10.7%
Dysgeusia 11.6% 6.0% 6.8% 23.7% 112% 9.8% 20.7% 8.0% 10.0%
Conjunctivitis 8.4% 9.0% 5.1% 7.9% 7.7% 34% 7.2% 7.1% 3.8%
Prostration 5.5% 42% 2.4% 5.5% 2.9% 1.9% 3.6% 23% 1.6%
Cyanosis 3.3% 2.1% 1.0% 2.6% 1.0% 0.6% 1.2% 0.6% 0.5%
Polypnea 33% 21% 1.0% 2.6% 1.0% 0.6% 1.2% 0.6% 0.5%
Other 35% 31% 2.6% 2.5% 21% 12% 1.8% 1.6% 1.4%
Coryza 24% 1.9% 09% 23% 1.4% 07% 1.5% 1.1% 0.7%
Suspect case 72.4% 61.1% 463% 67.2% 54.0% 31.2% 66.2% 52.3% 36.8%
Severe case 39.6% 27.5% 18.1% 31.4% 18.0% 113% 21.7% 13.4% 10.5%
Number of 69 6.0 42 66 54 3.0 62 52 35
symptoms

Number of 4 4 7 4 4 6 4 4 6
symptoms (IQR)

For all signs and symptoms, among those with a positive test for SARS-CoV-2 proportions were significant different between waves 1and 2,2 and 3, and 1 and 3, at 1% with a two-tailed test.
Among those with a negative test for SARS-CoV-2, the difference in the proportion for headache was non-significant between waves 2 and 3, and all other differences were significant. For those
non-tested, differences in the proportion of odynophagia between waves 1 and 3, rhinorrhea between waves 1 and 2, and shaking chills between waves 2 and 3 were non-significant, and all other
differences were significant.
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Wave 1 Wave 2 Wave 3

Positive Female Female Female
AgeOto9

Age 10to 19
Age 20to0 29
Age 30 to 39
Age 40 to 49
Age 50 to 59
Age 60 to 69

Age 70to 79
Age 80 and
more 167.76 475.84 288.04 462.21

Negative Female Female Female
AgeOto9

Age 10to 19
Age 20 to 29
Age 30 to 39
Age 40 to 49
Age 50 to 59
Age 60 to 69

Age 70 to 79
Age 80 and
more

Non-tested

Age 0to 9

Age 10to 19
Age 20 to 29
Age 30to 39
Age 40 to 49 485.5
Age 50 to 59 352.68 392.19 539.66 516.34 91.47 65.89
Age 60 to 69 196.05 254.52 282.31 321.08 53.43 47.80

Age 70to 79 182.44 266.84 249.31 335.64 49.82
Age 80 and
more 160.13 260.39 244.75 332.96

487.18
387.14 42212
339.04 449.46

50.53

The color scale indicates lower (red) to higher (green) rates for each wave and sex by age-groups.
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Window = 7 Window = 14 Window = 21 Window = 28

Period E B £ B E B E
1 8.8(6.1) 6.8(5.7) 17.8(12.3) 13.9(10.1) 24.4(14.0) 20.9(14.6) 29.9(17.0) 26.4(18.5)
2 12.8(9.5) 10.0(5.6) 26.0(16.1) 20.5(10.7) 35.4(20.8) 29.6(14.9) 42.4(22.5) 36.4(18.2)
3 17.9(9.5) 14.1(8.7) 40.5(23.8) 30.0(19.8) 71.7(48.0) 52.7(36.0) 120.3(93.6) 78.5(51.8)
:;T 4 8.8(6.6) 8.4(6.0) 18.4(10.7) 16.9(10.2) 27.7(12.9) 25.0(12.8) 34.6(14.9) 32.5(14.6)
g 5 8.6(5.8) 8.2(6.3) 18.6(11.5) 16.4(10.0) 26.4(13.1) 25.0(11.5) 326(12.3) 32.5(11.4)
6 8.6(6.7) 7.8(6.1) 15.4(11.0) 14.8(10.5) 21.4(14.6) 20.9(14.2) 27.0(17.2) 26.7(17.2)
7 17.7(8.5) 16.3(8.7) 37.6(14.9) 322(13.1) 61.3(28.0) 50.8(20.7) 81.9(45.9) 71.1(38.3)
8 9.2(6.9) 7.9(5.9) 18.1(13.1) 16.1(11.2) 29.6(18.2) 25.6(16.4) 40.9(23.8) 36.8(20.7)
1 8.4(6.0) 7.0(5.3) | 13.7(7.0) 12.5(6.2) 18.8(9.3) 18.4(8.0) 26.7(12.9) 25.2(10.6)
2 6.5(4.4) 6.4(4.9) 13.4(8.4) 13.5(8.5) 19.8(11.3) 19.0(11.2) 26.7(13.7) 25.3(13.8)
3 7.3(5.2) 5.9(4.2) | 19.4(12.2) 15.7(11.4) 42.8(28.5) 30.7(24.0) 81.7(53.7) 58.7(41.9)
& 4 8.1(7.4) 6.9(6.3) 13.3(14.9) 12.3(12.6) 17.7(18.8) 16.5(16.9) 21.9(20.5) 19.6(19.8)
2 5 8.8(9.0) 8.0(9.0) 22.6(16.9) 19.0(15.7) 31.8(19.1) 27.4(18.4) 37.6(19.7) 32.8(19.7)
6 35.7(25.6) 19.9(14.8) 171.9(136.9) | 66.9(45.3) 456.0(381.7) | 177.9(120.4) | 798.1(644.2) | 377.2(284.6)
7 11.6(8.8) 9.9(7.9) 24.0(13.0) 21.1(11.7) 32.8(15.8) 30.1(14.3) 362(15.5) 34.5(14.8)
8 7.3(4.6) 6.1(4.4) 17.3(11.7) 15.1(11.4) 302(21.6) 27.1(20.7) 51.4(32.6) 44.4(32.4)
1 7.7(5.2) 7.0(5.0) 12.1(7.2) 12.4(8.4) 16.6(7.2) 16.2(9.5) 19.8(7.0) 19.3(9.5)
2 8.7(6.4) 8.5(6.0) 15.8(9.1) 14.5(9.3) 23.1(10.8) 20.4(11.2) 309(14.0) 27.3(14.5)
3 12.2(9.4) 9.4(7.0) 17.6(12.1) 15.1(11.1) 212(15.3) 19.0(14.1) 24.9(18.4) 22.8(16.8)
§ 4 12.8(7.7) 11.1(6.7) 35.4(11.8) 24.8(11.9) 74.1(35.8) 47.6(25.6) 159.0(86.7) 93.6(58.2)
:: 5 10.4(7.0) 9.8(6.8) 193(10.3) 17.9(10.9) 329(13.5) 26.1(12.0) 58.5(28.7) 36.7(11.6)
6 237(12.3) 20.6(12.0) 71.7(45.7) 469(25.9) | 190.6(174.7) | 112.3(79.9) | 405.3(432.7) | 281.9(265.7)
7 18.8(13.4) 15.7(12.6) 52.0(42.0) 30.0(17.6) 135.2(155.4) | 55.1(46.3) 300.8(430.8) | 96.7(116.9)
8 6.8(4.6) 6.3(4.0) 156(7.9) 14.2(7.6) 254(13.1) 23.1(12.1) 40.8(20.0) 34.9(17.8)
1 7.8(5.1) 6.7(4.7) . 13.3(6.4) 11.5(6.6) 205(9.9) 18.0(8.3) 265(11.2) 24.3(9.3)
2 16.5(11.7) 14.1(10.2) 383(31.7) 34.1(28.5) 62.9(52.9) 59.4(51.5) 87.9(74.8) 83.8(72.7)
3 133(12.1) 9.2(7.8) 23.6(22.8) 17.6(15.4) 328(32.5) 26.5(24.3) 44.5(41.6) 37.3(34.9)
A 4 17.3(11.5) 14.3(9.6) | 45.3(36.8) 38.3(29.3) 93.7(90.9) 75.0(69.7) 204.3(225.4) | 144.9(142.1)
= 5 14.2(7.3) 11.9(6.8) 37.6(22.1) 26.0(13.3) 76.9(67.4) 40.7(23.3) 184.4(194.6) | 78.0(74.2)
6 11.9(12.4) 11.0(12.2) 21.3(15.5) 17.8(16.3) 332(18.0) 26.1(18.3) 45.0(23.6) 36.7(22.6)
7 17.0(12.5) 11.8(10.4) 29.9(22.7) 22.6(17.3) 39.2(26.3) 30.9(21.4) 47.0(26.3) 37.8(23.5)
8 19.7(18.5) 11.4(7.9) 34.6(23.7) 22.7(14.2) 50.6(32.3) 37.2(21.0) 763(51.2) 58.2(33.1)
1 9.3(6.3) 8.8(5.5) 17.6(9.8) 17.0(9.1) 26.4(13.3) 25.6(12.3) 34.2(17.7) 33.8(18.7)
2 8.6(5.9) 7.8(5.6) 15.8(15.8) 14.9(13.4) 227(24.1) 21.6(21.4) 28.9(28.8) 26.3(26.5)
. 3 8.8(5.8) 6.9(4.6) 12.8(8.4) 10.7(7.4) 14.8(9.8) 13.3(9.7) 16.8(11.2) 15.6(11.3)
é 14 7.8(7.6) 6.8(6.5) 143(13.9) 11.0(10.5) 16.8(15.4) 13.2(11.7) 18.5(15.6) 14.8(12.6)
;; 5 14.8(10.7) 113(7.7) 258(11.5) 22.9(12.6) 31.8(11.9) 31.0(15.2) 34.0(12.3) 354(17.1)
6 11.5(7.5) 11.1(7.5) 24.5(13.0) 22.9(13.5) 37.7(14.6) 35.3(17.6) 49.6(20.2) 48.9(26.3)
7 15.8(9.9) 11.6(8.8) 43.5(26.2) 29.0(18.8) 90.7(58.8) 61.2(39.8) | 1702(101.0) = 112.4(73.2)
8 14.0(9.0) 12.7(9.1) | 27.1(15.5) 25.2(13.8) 47.7(29.0) 40.8(23.7) 69.7(43.8) 59.7(37.7)
1 30.1(27.2) 26.9(29.0) 35.1(24.7) 33.6(28.8) 402(23.3) 38.9(27.2) 45.3(25.0) 43.5(27.3)
2 89.3(120.5) 67.1(83.3) 141.7(191.6) | 124.4(167.0) = 1752(221.0) | 151.7(191.6) | 177.0(208.3) = 158.8(186.8)
3 23.1(13.9) 18.7(13.2) 30.6(17.2) 26.3(16.9) 35.6(18.2) 31.5(17.9) 38.7(18.9) 35.4(18.7)
E 4 7.6(5.8) 5.9(4.5) [ 15.3(8.9) 11.9(7.1) 233(10.1) 18.1(7.8) 30.6(11.4) 24.4(8.8)
E 5 43(3.2) 42(3.3) 10.2(7.4) 9.8(7.9) 18.5(11.0) 16.2(11.6) 27.0(12.9) 23.0(14.6)
6 9.4(8.8) 7.9(8.2) 15.2(13.5) 14.4(12.8) 19.1(15.2) 18.1(14.3) 233(16.0) 21.8(15.2)
7 10.3(6.3) 9.6(6.4) 25.1(16.1) 22.1(14.2) 41.4(28.1) 35.6(22.1) 61.9(42.8) 49.9(34.2)
8 12.0(11.9) 10.2(10.5) 27.8(28.8) 21.3(22.6) 342(34.9) 28.3(27.6) 452(47.2) 40.9(41.1)

The values are mean and standard deviation (in parentheses) of MRAE of the prediction windows starting at the dates in each 3-month period of 1) Oct-Dec 2020, 2) Jan-Mar 2021, 3) Apr-Jun
2021, 4) Jul-Sep 2021, 5) Oct-Dec 2021, 6) Jan-Mar 2022, 7) Apr-Jun 2022, and 8) Jul-Sep 2022. Notations: B - bare system not using emoji features, E - system using emoji features. In most of
the cases, except 3, the system using emoji features (B) perform better. The error values are shown in percentage with % omitted. The bold values indicate better performance.
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Germa India Indonesia Japan South Korea
2020 232% 3.23% 1.01% 1.70% 037% 0.23%
2021 2.20% 1.69% 0.56% 1.37% 0.14% 027%
2022 1.38% 0.38% 0.15% 091% 0.14% 0.07%
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Window starting date Window = 28

Both tweet count and anomalous score

3rd wave 2020/11/16-2021/01/03 6.39(4.90) 11.23(7.86) 18.29(10.65) 24.39(11.73)
4th wave 2021/03/22-2021/05/09 4.98(3.40) 9.69(5.73) 13.82(8.18) 17.99(10.79)
5th wave . 2021/07/05-2021/08/22 10.25(8.06) 20.10(11.11) 28.20(12.67) . 40.19(16.62)
6th wave | 2021/12/20-2022/02/06 15.91(14.25) 28.77(18.95) » 44.98(19.15) 61.47(23.53)
7th wave 2022/07/04-2022/08/21 9.15(6.36) 16.00(11.12) 25.50(15.97) 35.41(17.77)

Anomalous score only

3rd wave 2020/11/16-2021/01/03 6.44(5.15) 11.45(7.77) 18.57(10.53) 24.45(11.06)
4th wave 2021/03/22-2021/05/09 4.98(3.26) 971(5.53) 14.05(8.22) 18.46(11.06)
5th wave 2021/07/05-2021/08/22 10.15(7.31) 20.70(10.17) 29.16(11.64) 41.19(16.89)
6th wave » 2021/12/20-2022/02/06 16.21(14.19) 29.94(18.30) 46.61(17.97) ‘ 63.57(22.98)
7th wave 2022/07/04-2022/08/21 9.06(6.11) 1621(11.81) 25.65(16.60) 35.43(18.35)

Tweet count only

3rd wave 2020/11/16 - 2021/01/03 6.57(5.05) 11.68(8.27) 19.04(10.90) 24.97(11.99)
4th wave 2021/03/22-2021/05/09 5.11(3.21) 10.07(5.40) 13.54(8.31) 17.70(11.01)
5th wave 2021/07/05-2021/08/22 9.86(7.76) 19.97(10.74) 28.14(12.14) 140.26(16.55)
6th wave 2021/12/20-2022/02/06 16.22(14.48) 28.91(19.28) 45.19(19.36) 61.64(23.41)
7th wave . 2022/07/04-2022/08/21 9.39(5.78) 15.88(11.09) 25.42(15.56) 35.31(17.00)

Tweet count only (using context annotation)

3rd wave 2020/11/16-2021/01/03 6.42(4.96) 10.69(7.18) 17.01(7.76) 23.01(7.45)
4th wave 2021/03/22-2021/05/09 5.24(2.94) 10.34(5.20) 14.11(7.93) 17.65(10.62)
Sth wave 2021/07/05-2021/08/22 10.31(8.00) 2121(11.29) 29.47(11.37) 10.85(15.24)
6th wave 2021/12/20-2022/02/06 17.09(14.33) 29.08(19.27) 45.06(19.72) 61.48(23.40)
7th wave 2022/07/04-2022/08/21 8.42(5.92) 15.85(12.11) 24.96(16.48) 34.53(17.55)

The values are mean and standard deviation (in parentheses) of MRAE of consecutive overlapping evaluation windows with starting date 7 weeks before week of corresponding peak.
Performance was generally better when both emoji feature categories were used. The error values are shown in percentage with % omitted. Decoration: bold+underline - the 4th setting
gets the best result over the other 3 settings, underline - the 4th setting gets better result than the 3rd setting, bold - best in the first 3 settings.
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Window starting date Window = 7 Window = 14 Window = 21 Window = 28

With emoji features

3rd wave 2020/11/16-2021/01/03 6.39(4.90) 11.23(7.86) 18.29(10.65) 2439(11.73)
4th wave 2021/03/22-2021/05/09 4.98(3.40) 9.69(5.73) 13.82(8.18) 17.99(10.79)
5th wave 2021/07/05-2021/08/22 10.25(8.06) 20.10(11.11) . 28.20(12.67) 40.19(16.62)
6th wave 2021/12/20-2022/02/06 15.91(14.25) 28.77(18.95) . 44.98(19.15) 61.47(23.53)
7th wave 2022/07/04-2022/08/21 9.15(6.36) 16.00(11.12) 25.50(15.97) 35.41(17.77)

Without emoji features

3rd wave 2020/11/16-2021/01/03 6.22(4.15) 12.18(5.86) 19.63(8.86) 24.37(8.71)
4th wave 2021/03/22-2021/05/09 5.69(2.91) 10.79(6.21) 14.88(10.50) 21.11(13.21)
5th wave 2021/07/05-2021/08/22 10.49(6.84) 21.18(8.82) 29.38(12.30) 41.43(16.76)
6th wave 2021/12/20-2022/02/06 17.03(14.66) 33.27(18.20) 51.09(19.46) 64.21(25.43)
7th wave 2022/07/04-2022/08/21 8.66(4.79) 16.68(11.80) 26.18(16.62) 36.07(18.15)

The values are mean and standard deviation (in parentheses) of MRAE of consecutive overlapping evaluation windows with starting date 7 weeks before week of corresponding peak.
Performance was generally better when emoji features were used. The error values are shown in percentage with % omitted. The bold values indicate better performance.
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Characteristics

Independent variable
Post-vaccination adverse effects (No)
Yes

Mediator

Decision regret

Controlled variables

Age (< 30)

30-39

40-49

250

Gender (Male)

Female

Educational level (Secondary or below)
College

Undergraduate

Graduate

Professional status (Clinicians)
Nurses

Technicians

Administrative

Any comorbidity (No)

Yes

Bold shows statistically significant at < 0.001, 0.01, and 0.05. Model 1 and model 3 show willi

outcome shows decision regret. OR; odds ratio, Cl: confidenc zed beta regression coeffcient.

The bold valug

erval, f:
istically significant at <0.001, 0.01, and 0.05.

MODEL-1

OR (95% CI)

0.41(0.21-1.69)

2.24(2.01-3.47)
291 (1.63-4.01)
335(2.76-1028)

0.69 (0.39-1.96)
3.72 (2.52-9.76)
1.89 (0.38-5.19)
2.14(0.88-7.34)
3.43 (294-5.09)
5.47 (3.37-11.28)

477 (2.19-8.45)

0.72 (0.52-2.79)

andardi

MODEL-2

B (95% CI)

1.54(1.01-2.61)

—0.32(~0.13-0.93)
—0.65 (~0.33-0.68)
—0.25 (~1.19-0.57)

023 (=0.76-2.08)
159 (~4.52-0.11)
—2.08 (~3.77-1.42)
~3.31 (=3.31-0.98)
—0.68 (~1.79-0.53)
142 (~2.67-1.70)

0.32(0.97-1.75)

—0.11 (~0.89-1.46)

MODEL-3

OR (95% CI)

0.52(0.38-1.58)

0.82(0.76-0.91)

2,00 (1.50-3.76)

2.64(1.94-4.55)

3.09(2.98-9.63)

074 (0.45-2.39)

2,42 (1.04-7.66)

1.38 (0.74-5.07)

1.27 (0.23-6.59)

3.17 (1.79-4.49)

4.30(3.18-9.61)

5.00(3.89-9.17)

0.67 (0.48-2.32)

ing the booster shot against COVID=19 (1 denotes “Yes”); the model 2
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Average daily

no. of Tweets

must contain at least one of { HH{ 2 0, 3 0 JEY, 2 29,484
ar,aof9s7y RAEEET ¥ AL, &
%E‘),

and must contain emoji (e.g., ..Q), in the top 30 emoji
(list of the emoji shown in Supplementary material)

(translation: [new-variant corona, corona infection, corona
disaster, corona vaccine, emergency declaration, spread
prevention, infected person/people])

The keywords were selected based on our observation of the trending keywords on Twitter
which associate with reactions over COVID-19 news, COVID-19 case reporting, COVID-19
vaccination and government strong restriction policies.
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Variables Descriptive 1 2

1. Post-vaccination adverse effect 124 (124%) 1.00

2. Decision regret 91 (£43) 0317 1.00
3. Willingness to receive booster shot against COVID-19 1,236 (92.02%) —0.20° —027™

“** indi < 0.001. For the categorical variables, we computed frequency and percentages. For continuous

1.00
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Frequency Percentage x? P-value

Total 1343 9203
Age (years) 378 0548
<30 466 86.19
30-39 548 8137
40-49 240 90.14
250 89 96.00
Gender 0163 0.602
Male 241 83.50
Female 1,102 89.69
Educational level 520 0507
Secondary or below 139 88.16
College 175 90.05
Undergraduate 881 86.03
Graduate 148 8539
Occupation 810 0063
Clinicians 175 78.90
Nurses 831 8439
Technicians 236 91.48
Administrative 101 88.75
Professional status 269 0552
Internees 36 8194
Medical officer 1,029 83.29
Associate Professor 105 7.04
Professor 61 97.07
Others 12 9111
Any comorbidity 310 0055
Yes 181 88.36
No 1,162 90.41
Post-vaccination adverse effects 3106 0.000
Yes 124 7655
No 1,219 97.37

The bold values it

dicate statistically significant at <0.05.
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Frequency (n)  Percentage (%)

Age (years)
<30 466 3470
30-39 548 40.80
40-49 240 17.87
> 50 89 6.62
Gender

Male 21 17.95
Female 1,102 82.06
Educational level

Secondary or below 139 10.35
College 175 13.03
Undergraduate 881 65.60
Graduate 148 1102
Occupation

Clinicians 175 13.03
Nurses 831 6188
Technicians 236 17.57
Administrative 101 752

Professional status

Internees 36 268
Medical officer 1,029 76.61
Associate Professor 105 7.82
Professor 61 454
Others 12 834
Any comorbidity

Yes 181 13.48
No 1,162 86.53

Post-vaccination adverse effects

Yes 124 923
No 1219 90.77
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Questionnaire contents

o Basic demographic
characteristics

 Vaccination history

o Decision regret (35)

oW

ingness to receive the
booster dose against
COVID-19

For items, a, b, ¢, d, and ¢, each was evaluated on a five-point bipolar inte

Age, gender, educational level, professional

status, occupation, and any comorbidity

COVID-19 vaccination status

Post-vaccination adverse effects (Yes or No)

a) The decisions were right.

b) I regret the choices that were made.

<) Twould go for the same choice if I had to
do it over again

d) The choices did me alot of harm.

¢) The decisions were wise ones.

Yes or No

ity scale.

Participants evaluated the statements by circling a number from 1 (strongly agree) to 5
(strongly disagree). Ttem b and d were phrased in the negative to avoid acquiescence bias.
After reversing the score of these two items, the overall sum of the score was produced by

taking the sum of the five
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Maximum temperature per day
Minimum temperature per day I
Dewpoint temperature per day
Percent of day with precipitation
School closing policy

Workplace closing policy
Cancelled Public Events policy
Restrictions on gatherings policy
Public transit closing policy
Shelter in place policy
Movement restriction policy
International travel policy
Income support policy

Debt relief policy

Public information campaigns
COVID-19 Testing policy
Contact tracing policy

Face coverings - masking policy

Maximum temperature per day
Minimum temperature per day
Dewpoint temperature per day
Face coverings - masking policy
Income support policy

Debt relief policy

International travel policy
Percent of day with precipitation
Public transit closing policy
Shelter in place policy

COVID-19 Testing policy
Movement restriction policy
Contact tracing policy
Workplace closing policy
Restrictions on gatherings policy
School closing policy

Public information campaigns
Cancelled Public Events policy

°

- -10

Elastic Net: Combined variable contribution

—15000 —10000 —5000 0
Sum of Elastic Net Coefficients
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Variable type Description Source
Outcome variable
Daily reported COVID-19 mortality Mortality by country, by day, 14day moving average John Hopkins (6, 12)

Static variables

Alcohol consumption Proportion of daily energy derived from alcohol consumption Kaggle (1)
Median age Median age by country CIA (14)
Obesity Percent BMI > 30 - age 18+ 'WHO (22)
DALYs - HIV/AIDS and tuberculosis DALYs related to HIV/TB OWID (16)
Percent Urban Percent of country population in urban areas WB (15)
DALYs - Cardiovascular diseases DALYs related to CV diseases OWID (16)
DALYs - Chronic respiratory diseases DALYs related to respiratory diseases OWID (16)
DALYs - Diabetes, urogenital blood, and endocrine DALYs related to diabetes, etc. OWID (16)
diseases
DALYs - Self-harm DALYs related to self-harm OWID (16)
DALYs - Interpersonal violence DALYs related to interpersonal violence OWID (16)
Child immunization (DTP3) Percentage of infants receiving three doses of diphtheria-tetanus-pertus WHO (17)
containing vaccine (DTP3)
Atleast basic sanitation Percentage of households using atleast basic sanitation facilities WHO (17)
Mean fasting plasma glucose Age-standardized mean fasting plasma glucose for adults aged 18 years and older WHO (17)
Tobacco nonsmoking Age-standardized prevalence of adults aged 15 years and older not smoking tobacco  WHO (17)
in last 30 days.
Hospital bed density Hospital beds per capita, relative to a maximum threshold of 18 per 10,000 population  WHO (17)
Health worker density Health professionals (physicians, psychiatrists and surgeons) per capita, relative to~ WHO (17)

‘maximun thresholds for each cadre
International health regulations core capacity index Average percentage of attributes of 13 core capacities WHO (17)

Dynamic variables (time dependent)

Daily minimum and maximum temperature Minimum / maximum Daily Temp NOAA (19)
Percent of day with precipitation Hourly measure of precipitation NOAA (19)
Dewpoint temperature per day Dewpoint per day NOAA (19)
Cancelled Public Events policy Record cancelling public events Oxford (18)
Restrictions on gatherings policy Record limits on gatherings Oxford (15)
Movement restriction policy Record restrictions on internal movement between cities/regions Oxford (15)
Face coverings - masking policy Record policies on the use of facial coverings outside the home Oxford (18)
Shelter in place policy Record orders to “shelter-in-place” and otherwise confine to the home Oxford (15)
Income support policy Record if the government is providing direct cash payments to people who lose their  Oxford (15)

jobs or cannot work

Contract tracing policy Record government policy on contact tracing after a positive diagnosis. Oxford (18)

Record closings of schools and universities Oxford (15)
Public transit closing policy Record closing of public transport Oxford (18)
Public information campaigns Record presence of public info campaigns Oxford (18)
International travel policy Record restrictions on international travel Oxford (15)
COVID-19 Testing policy Record government policy on who has access to testing Oxford (18)

Debt relif policy Record if the government i free:

ing financial obligations for households (e.g. Oxford (15)
stopping loan repayments, preventing services like water from stopping, or banning

evictions)

Workplace closing policy Record closings of workplaces Oxford (15)
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Hysteresis (day)

2019

N s W N

2020

Ny s W N

PM2.5 <50

OR (LI, UI)

0.680 (0.226, 2.051)
1.405 (0.589, 3.352)
0.889 (0.318, 2.487)
0.774 (0.281,2.133)
0368 (0.106, 1.276)
0.980 (0.383, 2.508)
1.336 (0.535, 3.336)
1.112 (0.395, 3.134)

1.664 (0.878, 3.157)
0.963 (0.500, 1.855)
0.816 (0.414, 1.608)
0.888 (0.439, 1.796)
1.135 (0.553, 2.329)
1.052 (0.526,2.101)
0.969 (0.488, 1.925)
0.965 (0.496, 1.877)

50 < PM2.5 <100

OR (LI, UI)

0.684 (0.194, 2.415)
2.822 (0.887, 8.977)
0.919 (0.276, 3.058)
1.320 (0401, 4.342)
0.895 (0.217, 3.693)
1.359 (0.437, 4.230)
1.131 (0.384, 3.332)
0.606 (0.199, 1.842)

2.014 (0.953, 4.254)
1.197 (0.556, 2.579)
0.833 (0.374, 1.859)
1.021 (0.449, 2.321)
0.645 (0.282, 1.475)
0.967 (0.436, 2.145)
1.034 (0462, 2.311)
1.108 (0.498, 2467)

PM2.5 > 100

OR (LI, UI)

0.841 (0.176, 4.027)
1.744 (0.499, 6.098)
0.442 (0.116, 1.682)
0.989 (0.248, 3.946)
0.590 (0.128, 2.727)
1.882 (0417, 8.502)
0.875 (0.230, 3.327)
0.811 (0.188, 3.494)

3.115 (1.137, 8.536)
2.726 (0.918, 8.091)
2.057 (0.631, 6.703)
0.973 (0.339, 2.790)
0.362 (0.127, 1.034)
0.871 (0.303, 2.502)
1.619 (0.538, 4.876)
1.051 (0.527, 4.326)

PM2.5, particulate matter 2.5; OR, odd ratio; LI, lower interval of 95% confidence interval; UL upper interval of 95% confidence interval.
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2019 AQ on the day of admission AQ on the 4th day before AQ on the 5th day before AQ on the 6th day before AQ on the 7th day before
admission admission admission admission
Variable OR LI Ul P OR LI Ul P OR LI Ul P OR LI Ul P OR LI Ul P
PM2.5 1010 1.001 1019 0034  1.022 1003  1.042 0021 1023 1.002 1044 0028 1009 0990  1.029 0337 1008 0999 1016  0.091
PM10 1005 0999 1012 0123 0993 0981 1.004 0200 099 0984 1009 0587 0999 098 1011 0931 0995 098  1.005  0.346
S0, 1094 1014 1179 0020 1397 1204 1621 0000 1156 1016 1314 0027 1063 0949 1190 0292 1066 0952 1193 0270
co 3877 1269  11.849 0017 0682 0120  3.891 0667  0.155 0030 0804 0026 0240 0042 1364 0107 0317 0057 1756  0.188
NO, 1013 0994  1.032 0175 0949 0919 0980 0001 0974 0945 1004 0090 0992 0963  1.022 0613 1001 0971 1.030 0973
03 0995 0990 1001 0076 0998 0989 1009 0767  1.008 0998 1019 0098 1007 0997 1017 0152  1.009 0999 1019  0.079
AQindex 1004 0998 1011 0208  1.004 0997 1011 0250 1007 0999 1014 0076 1005 0998 1011  0.195 1006 0999 1014 009
AQgrade 1142 0819 1593 0433 1188 0826 1707 0353 1514 1027 2232 0036 1353 0932 1963 0112 1303 0904 1878 0155
AT 0968 0932 0994 0963 1055 0978 1138 0169 0959  0.891 1033 0272 093 0870  1.008 0079 0934 0868 1005  0.069
Seasons (Summer as reference)
Spring 1524 0558 4164 0411 2059 0784 5412 0143 2112 0804 5552 0129 2152 0819 5657  0.120 2173 0826 5711 0116
Autumn 0594 0248 1424 0243 0797 0348 1825 0592 0819 0358 1875  0.636 0764 0338 1729 0519 0769 0340 1738  0.527
Winter 1300 0519 3254 0576 2186 0863 5532 0099 2247 0888 5689 0088 2605 0992 6838 0052 2619 0998 6876 0051
2020 AQ on the day of admission AQ on the 4th day before AQ on the 5th day before AQ on the 6th day before AQ on the 7th day before
admission admission admission admission
Variable OR LI Ul P OR LI Ul P OR LI Ul P OR LI Ul P OR LI Ul P
PM2.5 0984 0962 1005 0133  1.006 1000 1012 0051 0984 0968 1001 0072 0983 0962 1005 0130 0995 0974 1016  0.640
PM10 0999 0988 1010 0807 1007 0995 1019 0235 1005 0994 1016 0395 1000 0988 1011 0955 0997 098 1008  0.583
S0, 1071 0976 1175 0150  1.028 0937 1127 0562 1061 0968 1162 0208 1120 1012 1240 0028 0977 0894 1067 0606
co 0534  0.113 2516 0428 1619 0326 8032 0555  1.541 0400 5933 0530 2339 0479 11428 0294 0430 0102 1819 0251
NO, 1.031 1.008  1.055 0007 1015 0994  1.037 0156 1013 0993 1034 0195 1024 1002  1.047  0.031 1.051 1028 1074  0.000
0s 1000 0990 1010 0996  1.000 0990 1010 0990  1.000 0993 1008 0919 0991  0.981 1.002 0101 0998 0988  1.007  0.636
AQindex 1027  1.005  1.050 0017  1.021 0999  1.043 0057 1001 0996 1007 0583 1026 1003  1.050 0026 1020 0999 1042 0068
AQgrade 0616 0285 1332 0219 0485 0225  1.046 0065 0990  0.771 1271 0937 0349 0161 0757  0.008 0504 0238 1070 0075
AT 0953 0909 0998 0041 0920 0865 0979 0008 0947 0900 0996  0.034 0992 0930 1058 0806 0964 0918 1013  0.144
Seasons (Summer as reference)
Spring 1076 0617 1877 079 0519 0216 1243  0.141 1166 0.666 2040  0.591 0662 0263  1.666  0.381 1373 0780 2414 0272
Autumn 0861 0490 1514 0603 0523 0270 1013 0055  0.877 0499 1544 0650 0414 0211 0814 0011 0930 0529 1633 0800
Winter 2789 1498 5194 0001 0974 0296  3.209 0965 2676 1449 4941 0002 0590  0.174 2001 0397 2676 1464 4894  0.001

ERD, emergency respiratory diseases; OR, odd ratio; LI, lower interval of 95% confidence interval; UI, upper interval of 95% confidence interval; AQ grade: air quality grade, 1 = Excellent, 2 = good, 3 = Mild pollution, 4 = moderate pollution, 5 = Severe

pollution, 6 = Severe pollution; AT, Air temperature.
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Characteristics Overall Pre-pandemic (2019) During pandemic (2020) Z/x? P

Age, M (IQR), year 56.0 (18, 71) 51.0 (9, 70) 61.5 (37,72) —4.744 0.000
Male, n (%) 871 (63.4) 585 (63.6) 286 (63.0) 0.046 0.831
Hospitalization

All cause hospitalization, n (%) 24,929 14,284 (15.0) 10,645 (11.9) 381.72 0.000
ERD hospitalization, n (%) 1,374 (5.51) 920 (6.4) 454 (4.3) 55.449 0.000
General ward, n (%) 857 (62.4) 612 (66.5) 245 (54.0) 20.423 0.000
ICU, n (%) 517 (37.6) 308 (33.5) 209 (46.0) 20.423 0.000
Length of ICU stay, median (IQR), day 4(2,8) 4(2,8) 5(2,8) —4.946 0.000
Length of hospital stay, median (IQR), day 8.0 (5, 13) 8(5,12.75) 8 (5, 14) —0.457 0.648
Tracheal intubation, n (%) 145 (10.6) 74 (8.0) 71 (15.6) 18.578 0.000
Main diagnosis of ERD, n (%) 1,374 920 (67) 454 (33)

CAP 651 (47.4) 460 (50) 191 (42.1) 7.667 0.006
Low airway infection 124 (9) 102 (11.1) 22 (4.8) 14.582 0.000
Acute exacerbation of bronchiectasis 23 (1.7) 18 (2) 5(1.1) 1.351 0.245
Acute attack of asthma 37(2.7) 18 (2) 19 (4.2) 5,761 0.016
AECOPD 104 (7.6) 66 (7.2) 38 (8.4) 0.622 0.430
Pulmonary interstitial fibrosis 51 (3.7) 37 (4) 14 (3.1) 0.748 0.387
Acute respiratory failure 111 (8.1) 45 (4.9) 66 (14.5) 30.09 0.000
Pulmonary tumor 100 (7.28) 64 (6.9) 36 (7.9) 0.426 0.514
The others 173 (12.6) 110 (11.9) 63 (13.8) 1.018 0.313
Prognosis

Survival, n (%) 1174 (85.4) 818 (88.9) 356 (78.4) 26.942 0.000
ICU 336 (65.0) 214 (69.5) 122 (58.4) 6.751 0.009
General ward 838 (97.7) 604 (98.6) 234 (95.5) 8.175 0.004
Hospital mortality, n (%) 29 (2.1) 10 (1.1) 19 (4.2) 14.122 0.000
ICU 24 (4.6) 9(2.9) 15 (7.2) 5092 0.024
General ward 5(0.6) 1(0.2) 4 (1.6) 4.225 0.040
DDIT, n (%) 47 (3.4) 22 (2.4) 25 (5.5) 8.930 0.003
ICU 43 (8.3) 21(6.8) 22 (10.5) 2.245 0.134
General ward 4(0.5) 1(0.2) 3(1.3) 2.264 0.132
DACA, n (%) 124 (9) 70 (7.6) 54 (11.9) 6.800 0.009
ICU 114 (22.1) 64 (20.8) 50(23.9) 0.716 0.397
General ward 10 (1.2) 6(1.0) 4 (1.6) 0.204 0.652
Air quality on the day of emergency, median (IQR), mcg/m3

PM2.5 44.0 (30, 80) 44.5 (31, 83) 43 (28,73.3) —1.886 0.059
PM10 92.0 (69, 131) 93.5(70.3, 136) 90 (68, 123) —2.380 0.017
SO, 9.0 (7,12) 10 (7, 13) 9(7,12) —1.700 0.089
co 0.8 (0.6, 1.1) 0.8 (0.7,1.2) 0.8 (0.6, 1.0) —4.691 0.000
NO; 43.0 (32,57) 44 (34, 60) 41 (29, 54) —4.431 0.000
O3 93.0 (54, 143) 90 (54, 141.5) 100 (54, 146.25) —0.887 0.375
AQ index 98.0 (75, 134) 102 (75, 135) 94 (75, 130) —1.631 0.103
AQ grade ™, M (IQR) 2.0 (2,3) 3.0(2,3) 20(2,3) ~D147) 0.015
Temperature, M (IQR), °C 14.1 (4.4, 23.90) 13.7 (4.3,234) 14.5 (4.8, 24.9) —0.614 0.539

PM2.5, particulate matter 2.5; PM10, particulate matter 10; PM25, particulate matter 25; SO, sulfur dioxide; CO, carbon monoxide; NO;, nitrogen dioxide; AT, air temperature; IQR, interquartile
range; ICU, intensive care unit; DDIT, discharge due to ineffective treatment; DACA, discharge against clinical advice; ¥AQ grade: 1 = excellent, 2 = good, 3 = mild pollution, 4 = moderate
pollution, 5 = heavy pollution, 6 = severe pollution.
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AQ on the day of admission OR (95% Cl) B AQ on the third day before admission OR (95% Cl)
Pre-COVID-19 : Pre-COVID-19 !
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PM10 . 1.00 (1.00, 1.01) PM10 + 1.00 (0.98, 1.01)
S02 * ’ 1.09 (1.01, 1.18) SO2 * » 1.18 (1.04, 1.35)
CO * |— 3.88 (1.27, 11.85) CO N 1.18 (0.21, 6.55)
NO2 * 1.01 (0.99, 1.03) NO2 B 0.97 (0.94, 1.00)
03 ¢ 1.00 (0.99, 1.00) 03 'S 1.00 (0.99, 1.02)
AQ index + 1.00 (1.00, 1.01) AQ index . 1.00 (0.97, 1.02)
AQ grade > 1.14 (0.82, 1.59) AQ grade — 1.55 (0.51, 4.73)
AT ¢ 0.97 (0.93, 0.99) AT + 0.98 (0.91, 1.05)
Under COVID-19 : Under COVID-19 :
PM2.5 . 0.98 (0.96, 1.00) PM2.5 . 0.98 (0.96, 1.00)
PM10 5 1.00 (0.99, 1.01) PM10 . 1.00 (0.99, 1.01)
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With intubation Without P-value
(early = 58) intubation
(late = 166)

Deceased 39(67.24) 76 (45.78) 001
Survived 19(32.76) 90 (54.22)

qSOFA

Mean (range) 3(1-3) 2(0-3) 0.000

qSOFA, quick sequential organ failure assessment.
A statistical value P < 0.05 is considered significant.
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With intubation ~ Without P-value
(early = 58) intubation

1 (%) (late = 166)
n (%)

Age (years)
Mean (range) 71 (60-82) 67 (56-78) 022
Sex
Male 39(67.24) 118 (71.08) 067
Female 19 (32.76) 48(28.92)
Smoker
Yes 41(70.69) 96 (57.83) 095
No 17 (29.31) 70 (42.17)
Alcoholic
Yes 25 (43.10) 54(3253) 031
No 33 (56.90) 112 (67.47)
Overall comorbidities
Mean (range) 3.5 (0-8) 3.0 (0-6) 007

A statistical value P < 0.

idered significant.
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Outcomes Events (%)

AP Standard of care
(n=351) (n=254)

Primary outcome: pneumonia

Odds ratio 37 (10.5) 22 (8.7)
Hazard ratio* 13.93% (10.09, 19.23) 12.475 (8.21, 18.94)
Secondary outcome: worsening symptoms?

Odds ratio 59 (16.8) 39 (15.4)

Effect size (95% CI)*, P-value (n = 605)

Unadjusted model Age-adjusted model Fully adjusted model’

1.24 (0.71, 2.16), 0.44
1.11 (0.66, 1.89)%, 0.69

1.42 (0.80, 2.54), 0.23
1.26 (0.74, 2.15)%,0.39

1.42 (0.79, 2.55), 0.24
1.26 (0.74,2.17)%, 0.40
1.11 (0.72, 1.73), 0.63

1.23 (0.78,1.94), 0.38 1.22(0.77,1.94), 0.39

*Effect size of outcome in the AP group, compared to the standard of care group. TAdjusting for age, diabetes, hypertension, receiving statins, and receiving ACEIs/ARBs. ® Incidence rate of
pneumonia per 1,000 person-days (95% confidence interval). ¥ Analysis using a Cox’s proportional hazards model in which the fully adjusted model was additionally stratified by diabetes. ¢
Worsening symptoms were the composite of receiving antiviral drugs, systemic corticosteroids, or ventilator support; having oxygen saturation drop along with worsening signs and symptoms; or
presenting regressive chest X-ray findings (i.e., category three or above). AP, Andrographis paniculata; CI, confidence interval.
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Baseline characteristics

Male

Age (years)

Body mass index (kg/mz)Jr
Comorbidities
Hypertension

Diabetes

Cardiovascular disease
Current medications
ACEIs/ARBs

Statins

Antiplatelets

Laboratory parametersJr
WBC (10*/mm?)
Lymphocyte (%)

Neutrophil (%)

Platelet (103/mm?3)

BUN (mg/dL)

Scr (mg/dL)

eGFR (mL/min/1.73 m?)
LDH (units/L), median (IQR)
AST (units/L), median (IQR)
ALT (units/L), median (IQR)
ALP (units/L), median (IQR)

AP group
(n=351)

172 (49.0)
34.84 +11.56
24.75 £+ 5.08

24 (6.9)
8(2.3)
4(L.1)

14 (4.0)
9 (2.6)
2(0.6)

6.33+2.16
33.01 4 10.22
56.64 & 11.45
228.78 = 69.02
10.79 + 3.20
0.84 +0.22
101.38 + 18.85
197 (156, 231)
26 (20, 37.5)
34 (22.5, 50.5)
77.5 (63, 88)

Standard of care group
(n =254)

133 (52.4)
36.19 £ 12.13
23.62 £5.27

20 (7.9)
5(2.0)
1(0.4)

9 (3.5)
7 (2.8)
3(1.2)

643 +£1.96
3025 % 10.42
58.82 +11.10
221.62 % 70.46

11.58 +£3.84

0.82 +0.18
102.12 +17.29
192 (164, 226)

25 (19, 35)

35(23,52)

66 (58,77)

305 (50.4)
3541 + 11.81
242 £5.17

44(7.3)
13(2.2)
5(0.8)

23(3.8)
16 (2.6)
5(0.8)

638 +2.05
3157 4+ 10.39
57.77 +11.29
225.07 % 69.65

1121 £3.56

0.83 +0.20
101.77 +17.99
192.5 (158, 230)

26 (20, 36)

34(23,51)

70 (60, 83)

P-value

0.422
0.17°
0.32>

0.63%
0.80%
0.41¢

0.782
0.882
0.65¢

0.75b
0.09
0.21°
0.51°
0.15"
0.50°
0.79b
0.694
0.444
0.924
0.0044

Figures represent the mean % SD and frequency (%) unless specified elsewhere. *Chi-squared test,”Student’s ¢-test with equal variance, “Fisher’s exact test, ‘Wilcoxon rank-sum test, TMissing
values of each covariate were as follows: 83.6% (BMI), 72.4% (WBCs), 72.4% (Lymphocyte), 72.4% (Neutrophil), 72.6% (Platelet), 71.9% (BUN), 71.9% (Scr), 72.1% (eGFR), 79.2% (LDH), 72.7%

(AST), 72.7% (ALT), and 72.7% (ALP).

AP, Andrographis paniculata; SD, standard deviation; ACEIs/ARBs, angiotensin-converting enzyme inhibitors/angiotensin II receptor blockers; BUN, blood urea nitrogen; Scr, serum creatinine;

eGFR, estimated glomerular filtration rate; LDH, lactate dehydrogenase; AST, aspartate transaminase; ALT, alanine transaminase; ALP, alkaline phosphatase; WBC, white blood cell.
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Sex
Male 2011172 1111133 1.62 (0.71, 3.67) —— 0.72
Female 1711179 1111121 1.24 (0.53, 2.92) —.—
Hypertension
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Assessed for eligibility (n=1,054)

v

Final included for the analysis
(n=605)

Excluded (n=449) due to:

Conflicted date data (n=24)

Abnormal, unclear, or missing chest

radiography at admission (n=271)

Receiving favipiravir at admission
(n=136)

Receiving andrographolide prior to
admission or after 5 days of

admission (n=6)
Pregnancy (n=11)

Elevated liver enzyme (n=1)

A\

Andrographis paniculata (exposed) group
(n=351)
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Standard of care (unexposed) group
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Variables OR 95%CI p-value

Age (year) 1.02 0.967-1.080 0.4470
Male sex 124 0314-4900 07590
RDV asa first-choice treatment 301 0913-10600 0.0696
Steroid predicting score > 10 (points) 691 2.120-22.500 0.0014
IEN-A3 > 13.6 pg/mL 314 0.971-10200 0.0560
The multivariate logistic regression analysis of factors accounting for steroid

administration. Factors like age, male sex, RDV as a first-choice treatment, a steroid
predicting score > 10 points, and IFN-A3 > 13.6 pg/mL were adjusted. Although these
factors were adjusted, the analysis showed that a steroid predicting score 10 points
significantly affected the steroid administration. RDV, remdesivir; IFN-A3, interferon
lambda 3; OR, odds ratio; 95% CI, 95% confidence interval.
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Components Number of
points

Duration from symptom onset to treatment initi

Respiratory rate > 22 breaths/min
$p0; < 95%

Body temperature > 38.5 (°C)
AST240UIL

LDH > 340 U/L

Ferritin > 800 ng/mL

IEN-)3 > 20 pg/mL

1
4
2
3
3
3
3

AST, & IFN-)3, inter
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Variables

Duration from symplom onset to treatment initiation (days)

Body temperature (°C)
Body temperature > 38.5 (°C)
Respiratory rate (breaths/min)
SpO; (%)

Dyspnea or shortness of breath (%)
Laboratory findings

T-Bil (mg/dL)

AST (U/L)

ALT (U/L)

YGTP (U/L)

Ferritin (ng/mL)

TG (mg/dL)

LDH (U/L)

CRP (mg/dL)

PCT (ng/mL)

IEN-A3 (pg/mL)

Hb (g/dL)

WBC (x1,000/1L)

Pt (x1,000/L)

D-dimer (jg/mL)

Fibrinogen (mg/dL)

H-score

CT findings

Bilateral shadows (%)
Subpleural shadows (%)
Ground.-glass opacity (%)
Consolidation (%)
Reticulated shadows (%)
Linear shadows (%)
Interstitial thickening (%)
Hepatomegaly (%)
Splenomegaly (%)

Data are presented
dehydrogenase; CRP,

Steroid administration

Steroid non-required (1 = 74)

68+£28NA=1
382410
28 (37.8%)
20127, NA=1
9564 1.4
24 (32.4%)

07403
442300
46.1 % 46.0,NA =
80.9+87.6
583.54 550.0,NA=3
12854715, NA=1
3035930

4324370
0.0940.08,NA =
120+ 99, NA=

147417
494180
195.9%64.8
082:£0.69
4747 £90.5 (NA =33)
4784301

66 (89.29%)
52 (70.3%)
70 (94.6%)
17 (23.0%)
227%)
7 (9:5%)
18 (24.3%)
2(27%)
7 (9.5%)

ST, aspartate transaminase; ALT, alanine trans
, interferon lambda 3; Hb, hemoglobin; WBC,

Steroid required (n = 24)

60%25

385%08

15 (62.5 %)
21836, NA=1

949417

8(33.3%)

07403
824£747
865958

1426 £ 1512
1,093.1 £ 939.9
141.8 4902, NA
3842+ 1166

5484426
013011, NA=1
2364183, NA=1

148420

469+ 1.81

1528529

0894063

488.2 % 134.1 (NA = 6)

628311

24/(100%)
17 (70.8%)
24 (100%)
6(25.0%)
1(4.2%)
1(4.2%)
7 (29.2%)
0(0%)
0(0%)

I, platelet.

p-Value

02450
0.0954
0.0569
0.0212
0.0267
>0.9999

05360
0.0219
0.0566
0.0681
00178
04700
<0.0001
0.2000
0.1040
0.0071
08130
05520
0.0040
0.6490
0.6990
0.0378

0.1930
>0.9999
0.5690
>0.9999
>0.9999
0.6750
07880
>0.9999
0.1890

YGTR, y-glutamyltranspeptidase; TG, triglyceride; LDH, lactate
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Variables Corticosteroid administration

Steroid non-required (n = 74) Steroid required (n = 24)
Age (year) 47.0%128 4934126
Male sex (%) 51(689%) 18 (75.0%)
BMI (kg/m?) 24624386, NA=1 2613 %429
BMI > 25 kg/m? (%) 35 (47.9%),NA = 1 15 (62.5%)
Smoking (%) 36 (48.6%) 9(37.5%)
Diabetes mellitus (%) 12 (16.2%) 3(12.5%)
Hypertension (%) 12 (16.2%) 5(20.8%)
Dyslipidemia (%) 11 (14.9%) 7(29.2%)
Malignancy (%) 2(27%) 1(4.29%)
Chronic kidney disease (%) 1(1.4%) 0(0%)
Chronic liver injury (%) 3 (4.1%) 3(12.5%)
Chronic lung disease (%) 8(10.8%) 2(8.3%)
Neuromuscular disease (%) 1(1.4%) 1(4.2%)
Cardiovascular disease (%) 4(5.4%) 0(0%)
Metabolic abnormalities (%) 1(1%) 0(0%)
Number of risk factors 21%13 23%13
SARS-CoV-2 vaccination history 4(5.4%) 0(0%)
Treatments -
CRVM/IDVM : RDV 34:40 618

p-Value

0447
0619
0111
0246
0359
>0.999
0757
0135
>0.999
>0.999
0.155
>0.999
0432
0569
>0.999
0575
0569

0.095

imab/imdevimab; RDV, remdesivir.
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Variables

WBC* x10"9/L (1-3 Day)

Lymphocytex 10"9/L (1-3 Day)

Hgb* g/dL (1-3 ay)

PLT* g/dL (1-3 Day)

Urea mg/dL (1-3 Day)
Crea mg/dL (1-3 Day)
AST* U/L (1-3 Day)

ALT* U/L (1-3 Day)

CK* U/L (1-3 Day)

LDH* U/L (1-3 Day)
CRP* p g/L (1-3 Day)
PCT* p g/L (1-3 Day)
Myoglobin ng/L (1-3 Day)
Ferritin p g/L (1-3 Day)
D-Dimer mg/L (1-3 Day)
Fibrinogen ng/L (1-3 Day)
IL-6* pg/mL (1-3 Day)

*Cells represent median (min-max).

COVID-19 and lung disease
(n=231) (14.91%)

7310 (1520-44000)
1200 (0-33060)
13.40 (6-19)
231000 (77000-560000)
2.5 (0-1394)
0.83 (0-7)

21 (4-131)

20 (6-147)

79 (2-1229)
244 (132-1051)
0.04 (0-262)
0.05 (0-48)

66 (8-1000)
85.5 (1-15441)
0.74 (0-35)
4.01 (2-43)
11.60 (2-4399)

COVID-19 and without lung
disease (n = 1318) (85.19%)

7000 (1141-59290)
1435 (0-49620)
13.70 (6-19)
232000 (61000-607000)
2.5 (0-43953)
0.83 (0-10)

22 (2-1015)

26 (3-634)

90 (1-6197)
225 (38-2586)
0.02 (0-506)
0.04 (0-142)

46 (0-1000)
108 (1-9569)
0.50 (0-44)
3.53 (0-92)
8.96 (1-4405)

<0.001
0.017
0.025
0.514
0.106
0.550
0.041
<0.001
0.012
<0.001
0.004
0.004
<0.001
0.005
<0.001
0.001
0.180

WBC, white blood cell; Hgb, hemoglobin; PLT, platelet; AST, aspartate aminotransferase; ALT, alanine aminotransferase; CK, creatine kinase; LDH, lactic dehydrogenase; CRP, C-reactive

protein; PCT, procalcitonin; IL-6, Interleukin-6.
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Variables

Severity of pneumonia (1, %)

Severe pneumonia (SARI)

Mild disease

Critical illness

Pneumonia

Treatment (1, %)

Oseltamivir

Enoxoparine (Subcutan)

Antibiotic

Intensive care unit follow-up {Mean £ SD [Median (min-max)]}

Intensive care needs developed in the day of hospitalization
{Mean + SD [Median (min-max)]}

Mechanic ventilation on the day of hospitalization?
{Mean + SD [Median (min-max)]}

Oxygen (1, %)

High flow oxygen (11, %)

NIMV* (1, %)

Mechanic ventilation (n, %)

Mechanic ventilation duration) {Mean + SD [Median (min-max)]}
ECMO* (n, %)

Mortality (1, %)

COVID-19 and
lung disease
(n =231) (14.91%)

11(4.8)
65(28.1)

17 (7.4)
138 (59.7)

117 (50.6)

170 (73.6)

185 (80.1)
8.92 +7.28[7 (1-27)]
2.60 % 2.04 [1.5 (1-7)]

327 £3.88 [1 (1-12)]

95 (41.1)
4(17)
3(13)
11(4.8)
14.67 4 11.22 (15 (3-27)]
1(0.4)
12(52)

NIMYV, non-invasive mechanic ventilation; ECMO, extracorporeal membrane oxygenation.

COVID-19 and without
lung disease
(n =1318) (85.19%)

83 (6.3)
344 (26.1)
34 (2.6)
857 (65)

456 (34.6)

704 (53.4)

798 (60.5)
8.92 + 722 [7 (1-30)]
3.78 % 8.90 [2 (1-90)]

3.88 £ 2.75 [3 (1-10)]

260 (19.7)
28 (2.1)
5(0.4)
31 (2.4)
14.68 = 7.67 [15 (2-27)]
0(0)
29 (2.2)

0.001

<0.001
<0.001
<0.001
0.843
0.651

0.270

<0.001
1.000
0.103
0.038
0.975
0.149
0.009
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Variables

Age (Mean =+ SD)
Male (n, %)
Symptoms (11, %)
Dyspnea

Throat pain

Runy nose

Nausea and vomiting
Diarrhea

Fever

Cough

Sputum
Comorbidity (n, %)
Diabetes mellitus
Coronary artery dis.
Hypertension
Kidney dis.

Others

Chronic lung disease (1,%)

Asthma

COPD

Interstitial lung dis.
Lung cancer

Physical examination

sO; (Mean + SD)

Respiratory rate (Mean =& SD)

Blood pressure _ Systolic {Mean % SD [Median (min-max)]}
Blood pressure _ Diastolic {Mean £ SD [Median (min-max)]}
qSOFA scores {Mean + SD [Median (min-max)]}

COVID-19 and lung disease
(n=231) (14.91%)

60.85 = 15.28
122 (52.8)

148 (64.1)
26 (11.3)
2(0.9)
14 (6.1)
6(2.6)
76 (32.9)
129 (55.8)
23 (10)

61 (26.4)
56 (24.2)

113 (48.9)
16 (6.9)
22(9.6)

120 (51.9)
97 (42)
11(4.8)
19(8.2)

91.56 % 551
21.27 + 4.08
93.19 + 24.88 [90 (24-140)]
64.38 = 10.58 [60 (59-90)]
0.41 = 0.70 [0 (0-3)]

COVID-19 and without lung
disease (n = 1318) (85.19%)

49.28 4 17.59
819 (62.1)

366 (27.8)
197 (14.9)
39 (3)
81(6.1)
79 (6)
488 (37)
702 (53.3)
88(6.7)

187 (14.2)

137 (10.4)

419 (31.8)
56 (4.2)
85 (6.5)

0(0)
0(0)
0(0)
0(0)

93.70 + 3.63
2037 % 2.82
90.48 & 21.41 [90 (24-140)]
62.66 % 8.40 [60 (59-90)]
033 +0.59 [0 (0-3)]

£<0.001
0.007

<0.001
0.140
0.068
0.960
0.037
0.229
0.468
0.075

<0.001
<0.001
<0.001
0.075
0.371

<0.001
<0.001
<0.001
<0.001

<0.001
0.001
0.116
0.032
0.162
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1950 000000 001 004 0.04 004 0.05 004 0.04 0.5 005 0.09 004 0.04 004 0.04 0.4 003 003 009 0.12 011 0.09 011 0.09 008 0.08 006 006 005
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RR(O19) 248215 LIS 035 051 0.66 050 0.94 083 044 0.02 028 026 034 026 048 0.44 053 031 017 0.1 0.2 044 0.09 009 032 018 036 066 0.70
RR(S1-65) 314200 318 446 S11 392 409 452 462 401 478 516 S84 S71 515 464 502 380 406 351 351 339 392 428 S05 660 334 343 305 394
RR (6-80) 241 439 8.90 1503 13.65 10.07 1006 11.33 1205 11.64 1600 16.99 2250 1809 13.40 1084 1133 770 018 681 670 758 856 952 1254 1458 825 7.92 847 847
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Asian 0,06 0.00 0.06 038 0.27 0.20 0.38 034 0.18 0.19 0.28 0.61 0.34 037 0.22 0.1 0.18 0.09 0.1 0.17 0.19 0.19 0.19 0.21 022 0.29 0.23 0.12 0.12 0.19
Black .01 0.01 0.04047 031 0.19 028 0.27 020 0.21 024 0.52 023 0.2 0.17 0.16 0.13 0.10 0.08 0.23 0.30 0.26 0.17 0.32 0.45 0.48 0.30 0.17 .18 0.20

White  0.01 0.01 0.04 0.23 0.23 0.18 0.2 0.22 0.21 0.25 0.37 0.6 0.32 0.26 0.20 0.17 0.17 0.12 0.12 0.25 0.34 0.35 0.32 0.42 0.40 0.47 0.29 0.20 0.2 0.23
RR (Black) 0.12 NA 0.64 1.22 116 0.99 0.73 0.80 1.1 1.11 0.86 0.5 0.69 0.60 0.78 0.89 0.72 1.12 0.71 1.40 1.5 1.39 0.88 1.53 2.08 164 1.30 1.42 1.44 107
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Male .01 001 0.050.37 0.320.24 0.29 0.29 0.25 0.30 0.46 0.86 0.40 0.36 0.25 0.21 0.21 0.14 0.14 031 0.43 0.44 0.39 0.51 0.5 0.6 0.42 0.27 029 0.28
RR (Male) 1.06 1.46 1.54 1.67 1.60 1.72 1.66 1.53 1.52 1.61 1.69 1.78 1.75 1.98 1.70 1.59 1.60 1.51 1.59 1.67 1.73 1.73 1.81 1.64 1.83 1.90 2.12 1.92 1.84 1.74
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\ELELIES Cumulative probability of mortality Log-rank p

Risk of death cHR (95% CI) aHR (95% CI)
Overall
Delia 215% 1.788 (1.731-1.847) 1.896 (1.827-1.968) <0001
Omicron 113% Reference Reference
Age0-18
Delia 0.05% 109 (0.689-1.724) 1499 (0.867-2.591) 0.209
Omicron 0.03% Reference Reference
Age 19-50
Delia 0.61% 289 (2592-3.221) 2885 (2.544-3.271) <0001
Omicron 0.21% Reference Reference
Age 51-65
Delia 254% 2231 (2.083-239) 2.38(2199-2577) <0001
Omicron 1.06% Reference Reference
Age 66-80
Delia 5.36% 1722 (1.634-1.815) 1775 (1.672-1.883) 0016
Omicron 3.04% Reference Reference
Age>80
Delta 11.66% 1481 (1394-1573) 1,543 (1.44-1652) <0001
Omicron 7.71% Reference Reference

aHR, adjusted hazrad ratio; cHR, crude hazard ratio; 95% CI, 95% confidence interval.
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Cumulative probability (%) Crude HR Model 1 Model 2 Model 3

% Cl.
14 days 30days 365days (Bezel)

All-cause mortality

1336 (1305~ 1362 (1.327- 1453 (1415~ 1453 (1414~
Delia 1.20% 213% 382%

1.368) 1.398) 1493) 1.492)
Omicron 0.69% 112% 280% Reference Reference Reference Reference
Hospitalization

1.099 (1089~ 1101 (1091~ 114 (1128 1146 (1134

Delta 10.90% 1212% 21.94%

1.109) 1112) 1151) 1157)
Omicron 7.36% 8.71% 2086% Reference Reference Reference Reference

“Hazard ratio ofall-cause mortality or hospitalization among Delta wave compared with Omicron wave after prosperity score matching (PSM). HR, hazard ratio; 95% CI, 95% confidence
interval. Model 1: PSM by age at index, sex, and race. Model 2: PSM by age at index, sex, race and comorbidities. Model 3: PSM by age at index, sex, race and comorbidities and medication.






OPS/images/fpubh-11-1143650/fpubh-11-1143650-t003.jpg
1-365 days
All-cause mortality
Hospitalization
<ladays

All-cause mortality
Hospitalization
14-30days
All-cause mortality
Hospitalization
31-363days
All-cause mortality

Hospitalization

ude HR* (95% CI)

1336 (1.305-1.368)

1099 (1.089-1.109)

1656 (1.588-1.727)
1439 (1.421-1.457)

2,067 (1.966-2.172)

1233 (1.208-1.258)

0952 (0.919-0.986)

0.848 (0.838-0.858)

Model 1

1362 (1.327-1.398)

1101 (1091-1.112)

1707 (1.628-1.79)
1434 (1.414-1.454)

2,108 (1.993-2.231)

1216 (1.189-1.242)

0.973 (0.937-1.01)

0.851 (0.84-0.862)

Model 2

1453 (1.415-1.493)

114 (1.128-1151)

1742 (1.661-1.827)
1.486 (1.465-1.507)

2.194(2.072-2.324)
1294 (1.265-1.323)

107 (1.029-1.112)

0.887 (0.876-0.898)

Model 3

1453 (1.414-1.492)

1146 (1.134-1.157)

1731 (1.651-1.816)

1.485 (1.464-1.505)

2,194 (2071-2.323)

1.306 (1.277-1.335)

1073 (1.032-1.116)

0.896 (0.885-0.908)

“Hazard ratio of all-cause mortality or hospitalization among Delta wave compared with Omicron wave after prosperity score matching (PSM). HR, hazard ratio; 95% CI, 95% confidence
interval. Model 1: PSM by age at index, sex, and race. Model 2: PSM by age at index, sex, race and comorbidities. Model 3: PSM by age at index, sex, race and comorbidities and medication.
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Before PSM After PSM

Delta Omicron Delta Omicron
N =483,949 N=692,800 N=483,946 N=483,946
Number 483,949 692,800 483,946 483,946
Age at index 40.9£225 40.9£225 0.003
4094225 41.0£228 0.002
(Mean+SD)
Sex
Female 268,668 (55.5%) 403,292 (58.2%) 0.054 268,666 (55.5%) 268,828 (55.5%) 0.001
Male 215,049 (44.4%) 289,219 (41.7%) 0.054 215,048 (44.4%) 214,957 (44.4%) <0.001
Race
White 327,014 (67.6%) 442,438 (63.9%) 0.078 327,014 (67.6%) 324,843 (67.1%) 0.01
Black or African
75,465 (15.6%) 113,851 (16.4%) 0.023 75,465 (15.6%) 76,243 (15.8%) 0.004
American
Asian 7,468 (1.5%) 17,394 (2.5%) 0.069 7,465 (1.5%) 7,956 (1.6%) 0.008
American Indian or
2017 (04%) 2758 (0.4%) 0,003 2017 (0.4%) 1895 (0.4%) 0,004
Alaska Native
Native Hawaiian or
737 (0.2%) 1,218 (0.2%) 0.006 737 (0.2%) 753 (0.2%) 0.001
other Pacific Islander
Unknown 71,248 (14.7%) 115,141 (16.6%) 0.052 71,248 (14.7%) 72,256 (14.9%) 0.006
Comorbidities
Hypertensive diseases 68,190 (14.1%) 108,096 (15.6%) 0.043 68,187 (14.1%) 64,761 (13.4%) 0.021
Cerebrovascular
7,390 (1.5%) 12,570 (1.8%) 0.022 7,388 (1.5%) 6,959 (1.4%) 0.007
diseases
Chronic kidney disease 14,231 (2.9%) 24,650 (3.6%) 0.035 14,229 (2.9%) ,279 (2.7%) 0012
Chronic respiratory
30,604 (6.3%) 51,818 (7.5%) 0.046 30,604 (6.3%) 29,733 (6.1%) 0.007
diseases
Diabetes mellitus 34,550 (7.1%) 53,922 (7.8%) 0025 34,548 (7.1%) 32,149 (6.6%) 002
Dementia 1788 (0.4%) 3,382 (0.5%) 0.018 1788 (0.4%) 1714 (0.4%) 0.003
Dyslipidemia 52,806 (10.9%) 83,004 (12%) 0.034 52,803 (10.9%) 50,056 (10.3%) 0018
Ischemic heart diseases 17,354 (3.6%) 27,751 (4%) 0.022 17,353 (3.6%) 16,064 (3.3%) 0.015
Liver diseases 8,442 (1.7%) 14,531 (2.1%) 0.026 8,441 (1.7%) 7,952 (1.6%) 0.008
Malignancy 28,756 (5.9%) 48,580 (79%) 0.043 28,753 (5.9%) 28,187 (5.8%) 0.005
Overweight or obesity 30,265 (6.3%) 48,106 (6.9%) 0.028 30,264 (6.3%) 28,665 (5.9%) 0.014
Smoking 3,424 (0.7%) 5,562 (0.8%) 0.011 3,424 (0.7%) 3,190 (0.7%) 0.006
Medications
ACEis/ARBs 31,563 (6.5%) 50,429 (7.3%) 0.03 31,561 (6.5%) 29,613 (6.1%) 0.017
Beta blocking agents 30,282 (6.3%) 50,203 (7.2%) 0.039 30,280 (6.3%) 28,343 (5.9%) 0.017
Calcium channel
20282 (4.2%) 35,224 (5.1%) 0012 20,279 (4.2%) 19,270 (4%) 0011
blockers
Metformin 12,422 (2.6%) 19,104 (2.8%) 0012 12,421 (2.6%) 11,362 (2.3%) 0.014
Lipid modifying agents 34,486 (7.1%) 56,835 (8.2%) 0041 34,483 (7.1%) 32326 (6.7%) 0018
Corticosteroids 42,494 (8.8%) 72,797 (10.5%) 0.059 42,492 (8.8%) 42,077 (8.7%) 0.003
Non-steroidal anti-
51,500 (10.6%) 80314 (11.6%) 003 51,498 (10.6%) 50518 (10.4%) 0,007
inflammatory drugs
Antipsychotics 15,524 (3.2%) 27,263 (3.9%) 0039 15,521 (3.2%) 15,193 (3.1%) 0,004

ACEis, angiotensin converting enzyme inhibitors; ARBs, angiotensin I1 receptor blockers; PSM, propensity score matching; SMD, standardized mean difference.
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Cough
Sputum

Fever

Stuffy nose
Runny nose
Chest tightness
Insomnia

Fatigue

Data are expres

All patients ~ Male
(n=138) (n=50)

36 (26.1) 14(280)
38(27.5) 16 (32.0)
1394) 7(14.0)
10(72) 1(80)
8(5.8) 2(4.0)
9(65) 2(40)
18 (13.0) 5(100)
6(43) 3(60)

.d by n (9%). P-values were calculated by

Female
(n=88)

22(25.0)
22(25.0)
6(68)
6(638)
6(68)
7(80)
13(148)
3(34)

P-value

0700
0376
0278
1.000
0763
0585
0424
0777
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Male Female P-value
patients  (n=71) (n=107)

(n=178)
Age, years 4200 (12.35) 3400 (10.42)  49.00 (11.93) 0.000
BMLkgm®  2248(2082) 2500(3240)  2170(2.58) 0.000
Comorbidities (%)
Any 63(35.4) 29 (40.8) 34(318) 0215
Respiratory 8(45) 1(56) 167 0819
disease
Diabetes 9.1 5(7.0) 4.7) 0525
Cardiovascular 26 (14.6) 11(15.5) 15 (14.0) 0.785
disease
Tumor 0(00) 0(0.0) 0(0.0)
Country or Region (%)
Taiwan, China 83 (46.6) 4(56) 79(73.8) 0.000
Philippines 19(10.7) 14(19.7) 5(4.7) 0.001
us. 15 (8.4) 10 (14.1) 57 0027
Cambodia 13(13.7) 11(15.5) 2(19) 0001
UK. 10(5.6) 6(8.5) 467 0315
Ghana 8(4.5) 8(11.3) 0(0.0) 0.001
Malaysia 6(3.4) 5(7.0) 1(09) 0074
Thailand 5(14.6) 3(42) 2(19) 0.639
Netherlands 4(28) 1(1.4) 3(28) 0921
Singapore 3(17) 1(1.4) 2019 1.000
Canada 2(11) 0(0.0) 2(1.9) 0518
Ukraine 2011 228 0(0.0) 0.158
Kazakhstan 2(L1) 2(28) 0(0.0) 0.158
Serbia 2011 2028) 0(0.0) 0158
Romania 1(06) 0(0.0) 1(1.9) 1.000
India 1(0.6) 1(1.4) 0(0.0) 0399
Ireland 1(06) 0(0.0) 1(1.9) 1.000
Georgia 1(0.6) 1(1.4) 0(0.0) 0399

Data are expressed by mean (SD) or n (%). P-values were calculated by
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Comorbidities

Hypertension
Diabetes

Malignancy
Cardiovascular diseases
Chronic heart disease
Coronary artery discase
Coronary heart disease
Cerebrovascular disease
Stroke

Chronic bronchitis
Chronic lung disease
copp

Respiratory disease
Tuberculosis
Pulmonary emphysema

Chronic kidney disease

Kidney failure
Uremia

Chronic liver disease
Cirrhosis

Hepatitis B
Gastrointestinal disease
Thyroid disease
Autoimmune disease
HIV infection

Nervous system disease
Urinary system disease

Urinary tract infection

OR (95% CI)

2.18(1.92-2.48)
197 (1.73-2.25)
266 (2.16-3.27)
3.35(2.66-4.22)
2.34(1.37-3.99)
3.00(1.77-5.10)
258(2.02-3.29)

275 (1.60-4.71)
0.85(0.35-2.08)
2.30 (1.81-2.93)
3.02(2.37-3385)
392 (2.38-6.45)
337(1.13-9.98)
2,69 (0.24-30.56)
2.96 (2.20-3.97)
3.14 (0.44-22.57)
2.72(1.09-6.82)
146 (1.11-1.92)
156 (0.17-14.13)
120(0.36-4.02)
0.79 (0.17-3.72)
0.98(0.16-5.94)
370(1.74-7.87)
1.26 (0.06-26.75)
528 (271-10.29)
0.56 (0.03-9.56)
255 (0.28-23.13)

12 values were NR, only one study was available.

NR, not reportable; OR, odds ratio; 95%

1?2

60.6%
49.9%
52%
42.9%
61.20%
NR
54.7%
334%
0.0%
0.0%
0.0%
17.1%
319%
NR
NR
412%
50.3%
NR
0.0%
NR
NR
0.0%
NR
0.0%
NR
0.0%
NR
NR

C1: 95% confidence interval;

-
Value

<0.0001
<0.0001
<0.0001
<0.0001
0.0017
<0.0001
<0.0001
<0.0001
0.0002
07199
<0.0001
<0.0001
<0.0001
0.0287
04239
<0.0001
02549
00327
0.0066
0.694
07723
07611
09791
0.0007
0.8836
<0.0001
0.691
0.4067

Number of Number of Complications

studies

64
66

~OPD, chronic obstructive pulmonary di

participants

24,661
25,919
20,010
11,274
2,877
681
10,159
12,236
2,642
740
8,944
14,012
2,532
1,190
118
16,281
338
511
9,678
511
274
937
281
1,787
245

910
663
239

Acute cardiac injury
Arthythmia

Heart failure

Myocardial infarction
Myocardial injury
Stroke

ARDS

Respiratory failure
Acute kidney injury
Kidney failure

Liver injury
Gastrointestinal bleeding
Acidosis

Alkalosis

Electrolyte disturbance
Hyperkalaemia
Bacteremia

Bacterial infection
Fungi infection
Secondary infection
Sepsis

Septic shock
Coagulopathy

pIC
‘Thrombocytopenia
Shock

Pneumonthorax.

OR (95% CI)

25.01 (13.80-45.33)
2401 (5.44-105.98)
1021 (4.30-24.20)
25.88 (2.96-226.38)
23.31(15.35-35.39)
17.51 (4.28-71.57)
6399 (31.99-128.02)
34,54 (19.39-61.53)
1656 (8.53-21.18)
9.78 (0.99-96.58)
3.31 (1.88-5.82)
31.40 (15.54-63.44)
1093 (1.09-109.67)
226 (0.41-12.39)
13.93 (5.69-34.12)
374 (2.07-6.74)
2.59 (0.54-12.47)
6.11(2.22-16.83)
5.6 (1.04-30.78)
30.00 (295-304.87)
34,89 (7.27-167.34)
9323 (2613-332.67)
1271 (4.72-34.18)
3033 (9.54-96.48)
29,85 (7.35-121.24)
155.84 (49.43-491.40)
9.82 (0.39-244.63)

12

83.3%
82.6%
78.0%
0.0%
0.0%
0.0%
87.4%
74.3%
84.5%
59.0%
79.2%
0.0%
76.3%
28.3%
NR
NR
NR
88.4%
68.2%
90.8%
84.9%
81.1%
79.2%
41%
NR
59.9%
NR

p-
Value

<0.0001
<0.0001
<0.0001
0.0033
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
0.0509
<0.0001
<0.0001
0.042
0347
<0.0001
<0.0001
0.2354
0.0005
0.0448
0.004
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
0.1639

jisseminated intravascular coagulation.

Number of Number of

studies

S v v oo

PO

10

participants

7911
478
1,682
362
917
572
10,834
7,754
8,067
328
5,833
4,675
468
163
2,079
274
239
2,594
844
1,09
4,697
6135
2,115
3,089
432
4,930
220
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OR (95% CI) bl p-Value Number of studies Number of participants

Comorbid

Hypertension 2.09(1.54-2.83) 63.0% <0.0001 14 5,301
Diabetes 182(1.23-2.70) 63.0% 0.0029 13 4,936
Malignancy 185 (1.17-2.93) 0.0% 0.008 1 4384
Cardiovascular diseases 3.16 (2.15-4.65) 16.8% <0.0001 6 2721
Chronic heart disease 141(083-2.41) NR 0.2009 1 1,102
Coronary heart disease 1.81 (0.94-3.46) 42.2% 0.0752 4 1,167
Cerebrovascular disease 3.18 (1.47-6.88) 0.0% 0.0032 6 1,587
Stroke 339 (1.74-661) NR 0.0004 1 1,102
Chronic lung disease 225 (1.10-4.60) 0.0% 0.027 3 7

COPD 227(1.41-3.63) 3.0% 0.0007 9 3,447
Respiratory disease 190 (1.16-3.10) 0.0% 00109 3 1,998
Tuberculosis 245 (084-7.13) NR o1 1 1,102
Chronic kidney disease 244 (1.13-5.30) 22.0% 0.0238 7 2,694
Chronic liver disease 130 (0.71-2.38) 0.0% 0.404 6 2,223
Cirthosis 0.58 (0.03-11.36) NR 07192 1 323

Fatty liver 233 (0.78-7.00) NR 0.1309 1 104

Gastrointestinal disease 111(052-2.36) NR 0.7802 1 663

Hyperlipidemia 0.59 (0.12-2.79) NR 0.5013 1 114

Autoimmune disease 510 (2.13-12.19) 0.0% 0.0003 2 1310
Nervous system disease 347 (171-7.06) 0.0% 0.0006 3 893

Complications

Acute cardiac injury 42.83 (12.24-149.94) NR <0.0001 1 323

Arthythmia 12,61 (7.19-22.12) 0.0% <0.0001 2 437

Myocardial injury 18.69 (5.81-60.19) NR <0.0001 1 114

ARDS 45.05 (6.13-331.08) 57.5% 0.0002 3 541

Respiratory injury 844 (4.57-1559) NR <0.0001 1 323

Acute kidney injury 1329 (4.53-38.98) 40.3% <0.0001 2 437

Liver injury 097 (036-2.61) NR 09577 1 114

Bacterial infection 533 (1.58-18.05) NR 0.0071 1 104

DIC 85.43 (16.00-456.24) NR <0.0001 1 114

Shock 4331 (1896-98.94) 0.0% <0.0001 2 437

Rhabdomyolysis 37.64(7.19-196.93) NR <0.0001 1 114

12 values were NR, only one study was available.
NR, not reportable; OR, odds ratio; 95%CI, 95% confidence interva
intravascular coagulation.

COPD, chronic obstructive pulmonary
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Comorbidities
Hypertension

Diabetes

Malignancy
Cardiovascular diseases
Chronic heart disease
Coronary artery disease
Coronary heart disease
Myocardial infarction
Intracerebral hemorrhage
Stroke

Chronic lung disease
copp

Tuberculosis

Chronic kidney disease
Chronic liver disease
Gout

Hyperlipidemia
Thyroid disease

HIV infection
Complications

Acute cardiac injury
Arrhythmia
Myocardial infarction
ARDS

Acute kidney injury
Liver injury

Bacterial infection
Secondary infection
MODS

Shock

12 values were

R, only

OR (95% CI)

2.30(1.77-3.01)
220 (1.35-3.59)
4.11(1.73-977)
3.35 (2.30-4.86)
0.58 (0.07-4.67)
2.04 (0.43-9.59)
491 (135-17.79)
0.94(0.04-20.23)
1073 (0.43-270.28)

7.65 (1.58-36.92)
2,89 (0.39-21.21)
4,94 (1.00-24.38)
0.62 (0.04-10.95)
324 (0.93-11.30)
0.82 (0.18-3.67)
1.14 (0.05-28.75)
5.05 (0.30-83.75)
135 (0.23-8.09)
0.5 (0.03-11.74)

33.85 (17.88-64.08)
10.86 (3.95-29.83)
11.18 (0.68-182.68)
34.49 (16.23-73.28)
10.17 (4.83-21.40)
4.83 (1.80-13.01)
2,92 (1.11-7.68)
4.88 (1.43-16.62)
7.71 (3.29-18.07)
54.34 (12.47-236.89)

study was available.

18.9%.
58.7%
428%
0.0%
NR
NR
NR
NR
NR
NR
80.8%
0.0%
NR
0.0%
0.0%
NR
NR
0.0%
NR

0.0%
NR
NR

0.0%

0.0%
NR
NR
NR
NR

0.0%

p-Value

<0.0001
0.0016
0.0014

<0.0001
0.6046
03672
00155
0.9687
0.1495
00113
0.2968
0.0497
07434
0.0653
07982
09357
02588
07399
07024

<0.0001
<0.0001
0.0904
<0.0001
<0.0001
0.0018
00297
00112
<0.0001
<0.0001

Number of studies

10
10

SIS

Number of participants

3,003
3,003
1,743
2,158
200
416
135
135
135
135
1,291
554
416
870
952
135
135
333
138

754
138
416
338
510
172
172
200
13
510

NR, not reportable; ICU, Intensive Care Unit; OR, odds ratio; 95% CI,95% confidence interval; COPD, chronic obstructive pulmonary discase; ARDS, acute respiratory distress syndrome;

MOl

S, multiple organ dysfunction syndrome.
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Comorbidities

Hypertension
Diabetes

Malignancy
Cardiovascular diseases
Aorta sclerosis
Arrhythmia
Atrial fibrill

ion
Cardiac insufficiency
Chronic heart discase
Coronary artery disease
Coronary atherosclerosis
Coronary heart disease
Heart failure
Myocardial infarction
Cerebrovascular disease
Cerebral infarction
Intracerebral hemorrhage
Stroke

Asthma

Chronic bronchitis
Chronic lung disease
CoPD

Respiratory disease
Tuberculosis

Chronic kidney disease
Kidney failure

Renal insufficiency
Nephritis

Gallbladder disease
Chronic liver disease
Cirrhosis

Fatty liver

Hepatitis B
Gastrointestinal disease
Peptic ulcer

Gout

Hyperlipidemia
Hyperuricemia

Thyroid disease
Autoimmune disease
Blood system diseases
Bone disease

Genital system diseases
Benign prostatic hyperplasia
Prostatitis
Gynecological disease
HIV infection

Nervous system disease
Rheumatism

Urinary system disease

Urolithiasis

OR (95% CI)

2.67(2.40-2.97)
2.45(2.20-2.72)
220 (1.88-2.57)
2,90 (243-3.47)
142 (0.09-23.19)
3.90(1.96-7.77)
0.6 (0.09-4.88)
12,69 (5.12-31.48)
635 (3.75-10.76)
4.04(0.98-16.59)
2.23(1.59-3.13)
2,86 (2.28-3.58)
1754 (0.89-345.88)
3.99(2.25-7.08)
291 (2.24-3.79)
3.85(2.15-6.88)
320 (0.90-11.41)
432 (2.10-8.90)
157 (0.67-3.68)
2.96 (0.24-37.08)
2,03 (1.16-3.55)
3.01(2.52-3.60)
2.59 (1.94-3.45)
2.53(0.71-9.05)
3.58 (2.63-4.87)
9.69 (1.62-57.81)
17.43 (6.69-45.43)
1.24 (0.28-5.55)
134(031-5.72)
140 (1.10-1.78)
2.13(0.44-10.20)
173 (1.03-2.92)
1.5 (0.74-3.24)
125 (0.81-1.92)
4.93(0.43-55.84)
6.33(0.38-105.83)
1.21(0.72-2.04)
584 (0.59-57.44)
1.98 (0.40-9.74)
2.33(1.06-5.15)
3.39.(0.38-30.49)
133 (0.26-6.82)
4.23(1.32-13.54)
4.08 (1.68-9.95)
279.(0.29-26.89)
1.61(0.30-8.56)
187 (0.56-6.25)
2.04(0.84-4.92)
106 (0.06-17.49)
0.89(0.16-4.89)
070 (0.06-7.93)

12 values were NR, only one study was available.

NR, not reportable; OR, odds ratio; 95% CI

?

712%
512%
0.0%
44.3%
NR
0.0%
NR
0.0%
38.6%
74.6%
NR
47.6%
NR
NR
36.7%
18.1%.
NR
0.0%
0.0%
61.9%
49.5%
53%
14.3%
61.3%
349%
0.0%
0.0%
NR
44.0%
30.0%
67.6%
0.0%
215%
5.6%
NR
NR
0.0%
NR
54.0%
0.0%
62.4%
NR
523%
NR
NR
NR
0.0%
54.9%
42.0%
77.5%
NR

p-

Value

<0.0001
<0.0001
<0.0001
<0.0001
08052
0.0001
06852
<0.0001
<0.0001
00528
<0.0001
<0.0001
0.0597
<0.0001
<0.0001
<0.0001
0073
<0.0001
02991
03998
00127
<0.0001
<0.0001
01538
<0.0001
00127
<0.0001
07777
0.6945
0.0062
03447
0.0388
02438
03188
0.1979
0.1989
04772
0.1301
04019
0.0359
02752
07298
0015
0.002
03738
05772
03118
0.1132
0.9689
08912
07746

Number of Number of Complications

studies

[

confidence interval; COPD, chronic obstructive pulmonary dis

participants

39,742
40,410
30,964
13,332
140
781
112
1912
3,583
1,073
3,044
16,525
172
660
14,582
2,647
1,767
1,616
5359
2,525
3,702
24,791
6,010
4,125
20,103
204
2,997
3,044
779
17,782
5134
992
3,307
4,764
145
134

5 ARDS,

Acute cardiac injury
Arrhythmia

Atrial fibrillation
Cardiovascular injury
Heart failure
Myocardial injury
ARDS

Respiratory failure
Respiratory injury
Abnormal kidney function
Acute kidney injury
Liver injury
Electrolyte disturbance
Hyperglycemia
Hypokalemia
Hypoproteinaemia
Bacteremia

Bacterial infection
Fungi infection
Secondary infection
Sepsis

Septic shock

Anemia
Coagulopathy

DIC
Thrombocytopenia
“Thrombus

MODS

Shock

Anaphylaxis

Pneumonthorax

OR (95% CI)

7.92 (5.29-11.86)
16.12 (5.97-43.53)
1816 (0.91-360.79)
11.18 (3.41-36.66)
1437 (622-33.20)
20.06 (6.89-58.46)
5326 (30.72-9233)
105.12 (49.48-223.33)
12.32 (681-22.28)
2,10 (0.98-4.49)
7.45 (4.88-11.37)
3.13 (2.02-4.86)
1826 (225-148.07)
3.03 (2.09-4.40)
450 (1.17-17.37)
14.14 (2.28-87.81)
1131 (3.98-32.16)
430 (1.13-16.45)
15.17 (1.09-210.76)
18.59 (9.95-34.72)
15.14 (11.97-19.16)
58.03 (25.42-13247)
16.35 (2.18-122.73)
459 (0.86-24.38)
14.25 (4.47-45.49)
281 (1.02-7.75)
5.05(0.52-49.26)
29.96 (3.61-248.31)
26.35 (15.79-44.00)
349 (0.69-17.78)
17.54 (0.89-345.88)

2

51.0%
622%
NR
NR
33.4%
44.0%
48.0%
0.0%
0.0%
NR
60.7%
74.9%
0.0%
NR
NR
89.9%
NR
59.8%
36.9%
0.0%
0.0%
0.0%
80.9%
95.9%
15.4%
NR
53.3%
0.0%
0.0%
NR
NR

.minated intravascular coagulation; MODS,

P-
Value

<0.0001
<0.0001
00573
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
00569
<0.0001
<0.0001
0.0065
<0.0001
00288
0.0045
<0.0001
0.033
00428
<0.0001
<0.0001
<0.0001
0.0066
00738
<0.0001
0.0461
0.1638
0.0016
<0.0001
0.1323
0.0597

Number of Number of

studies

12
5

v ow o ow e oo

participants

6,106
1,009
126
253
5,302
503
8,871
5,986
576
462
7,492
3,892
393
518
253
2,145
548
359
359
2,807
2,740
2,937
354
2,457
1,007
3,044
3,297
329
2242
253
172

multiple organ dysfunction syndrome.
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T, Tertiary hospitals; S, Secondary hospitals; PS, Psychiatric hospitals; Source: CHIF and authors calculation.
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Average number of

admissions (2017-2019)

Average number of
admissions (2020-2022)

Admission rate
change

Value of p

Tertiary hospitals
Secondary hospitals
Special psyhiatric hospitals
Total

Source: CHIF and authors calculation.

7,382
8,224
8,399

24,005

5285
5,960
7471

18,716

~28%

~28%

-11%

-22%

<0.0001

<0.0001

<0.0001

<0.0001
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T, Tertiary hospitals; S, Secondary hospitals; PS, Psychiatric hospitals; Source: CHIF and authors calculation.
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A VIP Score: Significance of Variable

COVID-19 Testing policy |
Maximum temperature per day |
Dewpoint temperature per day
Minimum temperature per day
Cancelled Public Events policy

‘Workplace closing policy

Shelter in place policy |

School closing policy
Restrictions on gatherings policy
Movement restriction policy |
Public transit closing policy
Face coverings - masking policy |
Debt relief policy

Percent of day with precipitation
Public information campaigns |
International travel policy
Contact tracing policy

Income support policy

0.00 025 050 0.75 1.00 125 1.50
VIP Score

Loadings: Effept Size of Variable

Maximum temperature per day
Minimum temperature per day
Dewpoint temperature per day
Percent of day with precipitation
Debt relief policy

Contact tracing policy

Cancelled Public Events policy
International travel policy
Income support policy

School closing policy

Public information campaigns
Movement restriction policy
Face coverings - masking policy
Public transit closing policy
Shelter in place policy
Restrictions on gatherings policy
Workplace closing policy
COVID-19 Testing policy

-0.4 -0.2 0.0 0.2 0.4
Loadings Score
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Investigation

Gender

Age

Co-morbidity

Fever

Headache

Body ache (Myalgia)
Joint pain (Arthralgia)
Sore throat

Nausea

SOB.

Vomiting

Cough

Skin rash
Abdominal pain

Investigation

Hemoglobin
Total leucocyte count
Differential leucocyte count
N/L/M/E/B (%)

Platelet

Aspartate transaminase
Alanine transaminase
Creatinine in serum

Blood glucose random
C-reactive protein

Ferritin in serum

D-dimer in plasma

Sodium in serum (mmol/l)
Potassium in serum
Chloride in serum (mmol/l)
Magnesium in serum (mg/dl)
Calcium in serum (mg/dl)
Albumin in serum (ms/dl)
Urine ketones

Prothrombin time (seconds)

Troponin I (high sensitive)

*Abnormal lab results recorded.
£, cosinophil; L, lymphocyte; M, monocyte;

atrophil; B, basophil

On admission

Case 1

Male
37 years
Diabetes
Yes
No
Yes
No
No
Yes
No
Yes
Yes
No
Yes
Main laboratory findings of the two patients
Normal value

Case 1
138-172g/dl 155
4,500-11,000/mm* 3,760
40-80/20-40/2-10/1-6/0-1 60732151310
150,000-450,000/ul 99,000°
<351U/L 34
29-331U/L 39+
0.6-12 mg/dL 07
90-110 mg /dl 184°
0-3mg/L 4
20-250 ng/mL 252
<02pg/mL >200*
135-145 meq/L 157
35-5 meg/L 7.1
98-107 mmol/l 108
1.6-23 mg/dl 103
8.4-102 mg/dl 18
34-50 ms/dl 300
Positive N/A
<l4s 14
Male: 11-12 300

Female: 9-11Ng/L

Case 2

Male
52 years
No co-morbidity
Yes
No
No
No
No
No
Yes
No
Yes
No
No

On admission

Case2
155
4,500
76/16.1/4.2/0.5/1.8

95,0000
55
39
115

134
>199*
2984
2696

181*
68°
107
43"
7.6*
u

2+

147

19.710°
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Omicron cases Delta cases Significance, p-value

Symtoms N° (%) N° (%)
Fever 265 (49.4) 28(51.9) nls
Cough 297 (55.4) 31(57.4) nls
Fatigue 188 (35.1) 18 (33.3) nfs
Anosmia/Ageusia 30(5.6) 7(13.0) %
Nasal congestion 142(26.5) 11(20.4) nls
Throat pain 19(35) 1(1.9) nls
Headache 235 (43.8) 24 (44.9) nls
Myalgias 315 (5838) 32(59.3) nls
Odynophagia 228 (42.5) 18 (33.3) nls
Nausea/Vomiting 69(12.9) 9(16.7) nls
Diarrhea 56 (10.4) 6(11.1) n/s
Chills/Vertigo 25(4.7) 3(56) nis
Dyspnea 47 (8.8) 11(20.4) -
Loss of appetite 6(1.1) 2(37) nls
Confusion 4(07) 0(0.0) n/s
Chest pain 2(4.1) 1(19) nis
Anxiety 1(02) 0(0.0) nls
No symptoms 101 (18.8) 5(93) nls
Total 536 54

“The number of positive nasopharyngeal swab samples and its percentage is detailed for each column.
*p < 0.05;**p < 0.01; n/s, not significant.
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Total (%) Omicron cases Delta cases Significance, p-value, X' 2

COVID-19 vaccination

Yes 497 (84.0) 461 (86.0) 36 (66.7) *%,0.0018, 9.344
No 95 (16.0) 75(14.0) 18(33.3)

Two-dose and Booster dose 311(52.5) 293 (49.5) 18 (33.3) n/s, 0.0938, 1.737
Two-dose 155 (26.2) 141 (23.8) 14 (25.9)

Two-dose 155 (26.2) 141 238) 14(259) n/s,0.346,0.1559
One-dose 31(52) 27(46) 104

‘The number of positive nasopharyngeal swab samples and its percentage is detailed for each column.
/s, not significant; **p < 0.01.
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Univariable OR (95% CI) p value Multivariable OR (95% CI) pvalue

Cancer as a chronic disease .
No 1 (ref)

Yes 1000 (0.225-4.436) 1000
Age, years* .

<65 1 (ref)

>65 0.840 (0.226-3.126) 0795
Sex

Female 1 (ref)

Male 1267 (0.344-1.670) 0723
Lymphocyte count, x10°/L. «

=11 1 (ref)

<L1 3,691 (0.965-14.112) 0056
Platelet count, x10%/L.

>125 1 (ref)

<125 4111 (0.708-23.855) 0115
C-reactive protein, mg/L*

<4 1 (ref)

>4 18,571 (3.284-105.013) 0.001 11438 (1.607-81.416) 0.015
Blood urea nitrogen, mmol/L

<76 1 (ref)

>76 4375 (0.897-21336) 0.068
Albumin, g/L

230 1 (ref)

<30 38.000 (3.866-373.524) 0.002
Prothrombin time, s

<13 1 (ref)

>13 11,000 (2.142-56.496) 0.004
LDH, IU/L

<243 1 (ref)

>243 19.800 (3.958-99.053) <0.001 7.631(1.123-51.880) 0.038
IL-6, pg/ml**

<7 1 (ref)

>7 66,000 (6.083-716.151) 0.001
IL-2R, U/ml*®

<710 1 (ref)

>710 93,500 (7.542-1159.073) <0.001

Higher levels of CRP (>4 mg/L) and LDH (>243 U/L) increased the risk of severe events for all COVID-19 patien
n model (forward likelihood ratio model). IL-6, interleukin-6; IL-2R, interleukin-2 receptor; OR, odds rati
ase. *19 patients lacked IL-6 data, and 33 patients (33/52, 63.5%) with IL-6 data were included in the univariate
with IL-2R data the univariate analysis. Bold values indicates that the is statistically sig

in these two cohorts (p < 0.05) according to the multivariate logistic
1, confidence intervals LDH, lactate dehydrogenase. *Per 1 unit
lacked IL-2R data, and 31 patients (31/52, 56.9%)

ere included
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Total patients

Age median (IQR) [range]

Gender, N°(%)

Female

Male

Hospitalized patients

Not hospitalized (Ambulatory patients without oxygen)
Patients hospitalized by COVID-19 (oxygen requirement)
Mortality

N° Symptoms per patient
Median (IQR) [range]

“p < 0.05;**p < 0.01; n/a, not apply.

N° (%)
588
331(55.9%)
261 (44.1%)
513 (86.7%)
32(5.4%)

1(0.2%)

4(2-5)(1-9)

Omicron

534
34/(28-48) (15-99)

306 (57.1%)
230 (42.9%)

469 (87.5)
23 (4.3%)

1(0.2%)

4(2-5)(1-9)

Delta

54
35 (29-52) (19-95)

23 (42.6%)
31(57.4%)

44.(79.6%)
8(14.8%)

0(0%)

4(2-5) (1-9)

Significance, p-value, X' 2

wa

na

*,0.0239, 3,920

**,0.0075, 5920

na

na
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Treatments

Antiviral treatment

Antibiotics

Corticosteroids

Human serum albumin
Intravenous immunoglobin
Traditional Chinese medicine
Renal replacement therapy
Convalescent plasma transfusion
ECMO

Complications

Respiratory failure

ARDS

Septic shock

Acute cardiac injury

Acute kidney injury

Acute liver injury
Hypoalbuminemia

Severe events

Requiring admission to the ICU
Using of mechanical ventilation

Deaths

Hospitalization, days

Alonger med

ime from illness onset to hospital admission, days

Total
(n=52)

29/52 (55.8%)
30152 (57.7%)
9152 (17.3%)
13/52 (25.0%)
3/52 (5.8%)
42/52 (80.8%)
4152 (7.7%)
6/52 (11.5%)
2/52 (3.8%)

7/52 (13.5%)
4/52(7.7%)
7/52 (13.5%)
7/52 (13.5%)
4/52(7.7%)
12/52 (23.1%)
29/52 (55.8%)

12/52 (23.1%)
10/52 (19.2%)
6/52 (11.5%)
10(4-25.3)
20(16-33.5)

time of hospitalization with treatment (29 days vs. 19 days, p = 0.048) and a higher i

Noncancer
patients (n = 39)

20/39 (51.3%)
22/39 (56.4%)
6/39 (15.4%)
9/39 (23.1%)
2/39 (5.1%)
33/39 (84.6%)
4739 (10.3%)
4/39(103%)
1/39 (2.6%)

5/39 (12.8%)
2/39 (5.1%)
5/39 (12.8%)
6/39 (15.4%)
2/39 (5.1%)
8/39 (20.5%)
18/39 (46.2%)

9/39 (23.1%)

7139 (17.9%)

4/39 (10.3%)
10 (4-21)
19 (14-30)

idence of hypoalbu

Cancer patients
(n=13)

9/13 (69.2%)
8/13 (61.5%)
3/13 (23.1%)
4/13 (30.8%)
113.(7.7%)
9/13 (69.2%)
0/13 (0%)
213 (15.4%)
1/13(7.7%)

2/13 (15.4%)
2/13 (15.4%)
2/13 (15.4%)
1113 (7.7%)
2/13 (154%)
4/13 (30.8%)
11/13 (84.6%)

313 (23.1%)
3/13 (23.1%)
2/13 (15.4%)
20(5.5-28)
29(21.5-44.5)

in cancer patients compared with noncancer patients. Data are median (IQR), n (%), or n/N (%). p-values were calculated by the Mann-Whitney U-test, x test, or

appropriate. ARDS, acute respiratory distress syndrome;

significant.

p-value

0259
0746
0832
0853
1.000
0416
0561
0632
0.441

1.000
0257
1.000
0815
0257
0.704
0.016

1.000
1.000
0632
0271
0.048

complications (84.6% vs. 46.2%, p = 0.016) were noted
sher’s exact test, as
ECMO, extracorporeal membrane oxygenation; ICU, intensive care unit. Bold values indicates that the difference s statistically
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Laboratory findings Total (n = 52) Noncancer Cancer patients p-value

patients (1 = 39) (n=13)
Leukocyte count, x 10°/L.
Median (Q1, Q3) 59(47-7.0) 58(47-77) 6.0 (4.5-6.6) 1000
<10 46/52 (88.5%) 34/39 (87.2%) 11/13 (84.6%) 1000
>10 6/52 (11.5%) 5/39 (12.8%) 2/13 (15.4%)
Absolute Neutrophil Count,x 10°/L.
Median (Q1,Q3) 39 (27-4.8) 3.9 (27-4.7) 39(29-49) 0.665
Monocyte's count, x 10°/L.
Median (Q1, Q3) 0.5 (0.4-0.6) 05(0.3-0.7) 05(0.5-0.8) 0704
Lymphocyte count, x10°/L
Median (Q1,Q3) 12(0.8-1.6) 11(08-1.6) 11(06~1.4) 0118
<10 18/52 (34.6%) 12/39 (30.8%) 6/13 (46.2%) 0501
=10 34/52 (65.4%) 27/39 (69.2%) 7113 (53.8%)
Platelet count, x 10°/L.
Median (Q1, Q3) 1920 (155.3-251.5) 194.0 (146.3-284.0) 2100 (119.5-291.5) 0992
<125 6/52 (11.5%) 5/39 (12.8%) 1713 (7.7%) 1000
=125 46/52 (88.5%) 34/39 (87.2%) 12/13 (92.3%)
Albumin, g/L
Median (Q1, Q3) 35.4(32.6-38.8) 338 (30.7-38.6) 33.1(28.3-36.0) 0347
<30 7151 (13.7%) 4138 (10.5%) 3/13 (23.1%) 0504
=30 44/51 (86.3%) 34/38 (89.5%) 10713 (76.9%)
Total bilirubin, pmol/L
Median (Q1,Q3) 109 (7.8-13.7) 111 (7.4-15.5) 134 (11.3 —18.3) 0.358
Creatinine, pmol/L
Median (Q1, Q3) 65.0(53.7-75.6) 66.1(50.1-86.9) 57.6(52.7-718) 0795
Blood urea nitrogen, mmol/L
Median (Q1,Q3) 5.6 (48-6.5) 5.1(46-73) 62(42-6.6) 0261
Creatine kinase, IU/L
Median (Q1,Q3) 430 (31.8-64.5) 40,5 (22.8-708) 50,0 (33.3-79.3) 0336
Lactate dehydrogenase, [U/L
Median (Q1, Q3) 207.5 (1705 ~250.3) 225.0(199.3 ~312.8) 362.5 (190.5-597.8)
<245 35/49 (71.4%) 27136 (75%) 8/13 (61.5%)
>25 14/49 (28.6%) 9136 (25%) 5/13 (38.5%)
D-dimer, mg/L
Median (Q1, Q3) 09(0.5-1.9) 12(05-25) 15(04-10.1) 0812
<055 17/47 (36.2%) 12/35 (34.3%) 5/12 (41.7%) 0912
>055 30/47 (63.8%) 23/35 (65.7%) 712 (58.3%)
Prothrombin time, s
Median (Q1, Q3) 115 (11.0-12.5) 119 (11.4-12.7) 117 (111 =13.2) 0177
=13 37/48 (77.1%) 32/37 (86.5%) 7111 (63.6%) 0206
=13 11748 (22.9%) 5/37 (13.5%) 4/11 (36.4%)
C-reactive protein, mg/L
Median (Q1,Q3) 17(05-33.4) 2.4(05-49.0) 218 (0.8-54.7) 0722
<4 10745 (22.2%) 23/35 (65.7%) 5/10 (50.0%) 0593
>4 35/45 (77.8%) 12/35 (34.3%) 5/10 (50.0%)
1L—6, pg/ml
Median (Q1, Q3) 52(15-53.5) 54(1.7-8438) 37.4 (2.6-13437) 0.186
<7 19/33 (57.6%) 16/26 (61.5%) 317 (42.9%) 0422
>7 14/33 (42.4%) 10/26 (38.5%) 417 (57.1%)
IL-2R, U/ml
Median (Q1, Q3) 5750 (297.5-1358.0) 656.0(323.5-1283.5) 923.0 (3308~ 2954.0) 0862
<710 18/31 (58.1%) 13/23 (56.5%) 5/8 (62.5%) 1.000
>710 13/31 (41.9%) 10/23 (43.5%) 3/8 (37.5%)

No significant differences in laboratory findings were noted betsween these two groups with and without cancer (p > 0.05). Data are the median (IQR), n (%), or /N (%). Q1 was
defined as a 25% confidence interval, and Q3 was defined as a 75% confidence interval; p-values were calculated by the Mann-Whitney U-test, x* test or Fisher’ exact test as appropriate.
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Demographics and clinical characteristics

Age, years
Sex

Male

Female

Any comorbidity

Diabetes

Hypertension

Coronary heart disease
Arthythmia

Cerebrovascular disease
Chronic kidney disease
Chronic liver discase
Anemia

CURB—65 score

0-1

2

35

Signs and symptoms

Fever (temperature >37.3°C)
Respiratory rate >24 breaths per min
Pulse > 120 beats per min
Peripheral oxygen saturation (<93%)
Dry cough

Sputum

Chest tightness

Shortness of breath

Myalgia

Fatigue

Anorexia

Diarchea

COVID-19 severity status
General

Severe

Critical

No differences

n age, sex, comorbidit
per min), pulse (=120 beats per min), py

Total
(n=52)

66 (54-71)

28/52 (53.8%)
24/52 (46.2%)

9/52 (17.3%)
26/52 (50.0%)
10/52 (19.2%)
3/52 (5.8%)
7/52 (13.5%)
5/52 (9.6%)
5/52 (9.6%)
18/52 (34.6%)

45/52 (86.5%)
6/52 (11.5%)
1/52 (1.9%)

33/52 (63.5%)
/52 (7.7%)
5/52 (9.6%)
3/52 (5.8%)

42/52 (80.8%)
6/52 (11.5%)

11/52 (21.2%)

20/52 (38.5%)
4152 (7.7%)

12/52(23.1%)

6/52 (11.5%)
5/52 (9.6%)

37/52 (71.2%)
3/52 (5.8%)
12/52 (23.1%)

Noncancer patients
(n=139)

66 (56-71)

20/39 (51.3%)
19/39 (48.7%)

6/39 (15.4%)
18/39 (46.2%)
9139 (23.1%)
2/39 (5.1%)
6/39 (15.4%)
4/39 (10.3%)
2/39 (5.1%)
14/39 (35.9%)

34139 (87.2%)
4/39 (10.3%)
1/39 (2.6%)

23/39 (59.0%)
3/39 (7.7%)
5/39 (12.8%)
2/39 (5.1%)
33/39 (84.6%)
5/39 (12.8%)
7139 (17.9%)
18/39 (46.29%)
3/39 (7.7%)
7139 (17.9%)
4/39 (10.3%)
3/39 (7.7%)

29/39 (74.4%)
139 (2.6%)
9/39 (23.1%)

, CURB-65 score, COVID-19 severity status or other signs and symptoms (p > 0.05), inclu
eral oxygen saturation (<93%), dry cough, sputum, chest tightness, myalgia, f

€, anorexi

Cancer patients
(n=13)

66(52-72)

8/13 (61.5%)
5/13 (38.5%)

3/13 (23.1%)
8/13 (61.5%)
1113 (7.7%)
1/13(7.7%)
1/13 (7.7%)
1/13(7.7%)
313 (23.1%)
4/13 (30.8%)

11/13 (84.6%)
2/13 (15.4%)
0/13 (0%)

10/13 (76.9%)
113 (7.7%)
0/13 (0%)
113 (7.7%)
9/13 (69.2%)
1/13(7.7%)
4113 (30.8%)
2/13 (15.4%)
113 (7.7%)
5/13 (38.5%)
2/13 (15.4%)
2/13 (15.4%)

/13 (61.5%)
2/13 (15.4%)
3/13 (23.1%)

p-value

0941
0521

0832
0337
0416
1.000
0815
1.000
0.093
1.000
0673

0.406
1.000
0314
1.000
0416
1.000
0556
0.048
1.000
0254
0632
0589

0596
0.151
1.000

ng fever (T 237.3 °C), respiratory rate (>24 breaths
and diarrhea were noted with the exception

ofshortness of breath (p = 0048). The data are expressed as the median (IQR) n (), or n/n (%). Difference analysis was peformed using the Mann-Whitney U-test, the 1 test,or the

2019;

 temperature. Bold value indicates that the difference i

ically significant.
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10

11
12
13

Sex

Male

Male

Female

Female

Male

Female

Male

Female

Male

Female

Male
Male
Male

Age
(years)

2

47

51

53

65

66

66

67

69
70

73
74
84

Comorbidities

Hypertension,
Chronic liver disease
Diabetes,

Chronic liver disease
Hypertension
Hypertension

Anemia

Diabetes,
Anemia

Hypertension,
Diabetes
Hypertension,
Coronary heart disease,
Cerebrovascular
disease,Chronic

Kidney disease
Hypertension
Arthythmia,

Chronic liver disease
Hypertension, Anemia
Anemia

Hypertension

CURB-65 Time of illness

score

(years)

NA
03
NA
NA
02
>3

13

NA

10

Tumor type

Lymphoma
Lymphoma

Thyroid cancer
Non-Hodgkin lymphoma
Colorectal cancer liver
metastasis

Esophagus cancer
Bladder cancer

Kidney cancer

Lung cancer
Lung metastasis of liver
cancer

Lung cancer

Laryngeal cancer

Bladder cancer

COVID-19
severity status

General
Critical
General
General
General
Critical

Severe

General

General

Critical

General
General

Severe

Death(yes/no) Requiring

No

Yes

Yes

No

No

No

No

No
No

admission to
the ICU

No

Yes

Yes

No

No

No

Yes

No
No

Using of
mechanical
ventilation

No

Yes

Yes
No

No

Hospitalization
(days)

46
24
28
34
60

39

10

29
44

19
a5
28
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Author

Zhang et al.

Huo etal.

Zhang et al.

Lietal

Liu et al.

Barello et al.

Duarte et al.
Matsuo et al.
Agbobli et al.
Akova et al.

Medeiros et al.

Szwamel et al.

Time of data
collection

2020.2.18-3.4

2020.2.14-3.29

2020.3.1-3.8
2020.1.28-2.1

2020.2.9-2.11

2020.4.4-4.27

2020.5.9-6.8
2020.4.6-4.19
2021.6.14-6.29
2021.9.1-10.1
2020.6-2020.7
2020.6-2021.1

Sample size

1,163

606

946
199

880
532

2,008
369
523

1015
265
497

Setting

China (Wuhan,
Harbin, and
Shenzhen)

China (133 cities)

China (Ningbo)
China (Wuhan)

China
Ttaly

Portugal

Japan

Togo

Turkey
Northeastern Brazil

Poland

Study participants

Mixed frontline healthcare

workers

Mixed frontline medical

workers
Mixed healthcare workers

Mixed frontline health

professionals

Mixed healthcare

professionals

Mixed healthcare

professionals

Mixed healthcare workers
Mixed healthcare workers
Mixed healthcare workers
Mixed healthcare workers
Mixed healthcare workers

Mixed healthcare workers

Prevalence of
burnout (%)

48.6%

36.5%

55.0%
34.2%

73.95%
41%

53.1%
31.4%
53.5%
56.7%
48.6%
71.63%

References

(©)

(10)

(23)
(24)

@7)
(28)
(29)
(30)
(31)
(32)
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Variables

Mild to moderate burnout vs. no burnout

Severe burnout vs. no burnout

Age

Social support
Positive coping
Working years

< 10vs. > 10
Number of children
Ovs.>2

1vs.>2
Professional title
Junior vs. senior
Intermediate vs. senior
Job position

First and second level vs.
third and fourth level

Night shift (yes vs. no)
Depression (yes vs. no)

Anxiety (yes vs. no)

OR

0.980
0.941
0.283

0.712

1.420
1.902

1.851
1.118

0.517

2.681
3.378
1.972

95%CI

0.913-1.052
0.910-0.972
0.141-0.565

0.262-1.925

0.552-3.656
1.002-3.609

0.560-6.116
0.479-2.609

0.287-1.136

1.255-5.714
1.527-7.463
0.717-5.405

P-value

0.581
<0.001
<0.001

0.503

0.467
0.049

0.313
0.797

0.110

0.011
0.003
0.188

OR

0.958
0.941
0.286

0.622

1.495
4.047

11.914
6.452

0.467

4.202
4.065
7.407

95%CI

0.865-1.062
0.905-0.979
0.121-0.678

0.171-2.266

0.409-5.462
1.594-10.272

1.787-79.428
1.345-30.943

0.171-1.272

1.266-13.889
1.508-10.989
2.387-23.256

P-value

0.414
0.003
0.004

0.471

0.543
0.003

0.010
0.020

0.137

0.019
0.006
0.001

P-value for Hosmer-Lemeshow = 0.549.
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Anxiety
Yes
No

Age (years)
Social support
Positive coping

Negative coping

95
339

Mean

34.13
66.27
2.15
1.40

21.9
78.1

SD

7.54
15.00
0.63
0.65

118

Mean

35.48

75.33
2.53
1.30

7.4
34.8

SD

7.82
8.79
0.41
0.70

52
186

Mean

34.14
62.70
2.00
1.42

54.7
54.9

SD

7.46
15.90
0.64
0.61

36
35

Mean

31.69

62.31
1.99
1.52

37.9
10.3

SD

6.77
13.90
0.62
0.64

53.877

5.852
37.462
37.630

2.772

<0.001

0.003
<0.001
<0.001

0.064
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Variable

Gender

Male

Female
Working years
<10 years

>10 years

Highest level of
education

Junior college

and below

Bachelor degree
and above

Marital status
Unmarried
Married

Number of
children

0

>2

Living with
parents

Yes

No

Professional title

Junior technical
itle
Intermediate
echnical title
Senior technical
itle

Job position
First and second

evel

Third and fourth

evel
Night shift
Yes

No

Have experience
in critical care

Yes
No
Depression
Yes
No

Total (n =434)

60
374

180
254

64

370

129
305

136
170
128

260
174

206

142

86

137

297

380
54

252
182

157
277

%

13.8
86.2

41.5
58.5

14.7

85.3

29.7
70.3

313
39.2
29.5

59.9
40.1

47.5

32.7

19.8

31.6

68.4

87.6
12.4

58.1
41.9

36.2
63.8

No burnout

(n=125)
N %
18 30.0
107 28.6
40 22.2
85 33.5
21 32.8
104 28.1
29 22.5
96 31.5
29 21.3
49 28.8
47 36.7
75 28.8
50 28.7
45 21.8
48 33.8
32 37.2
50 36.5
75 253
101 26.6
24 44.4
73 29.0
52 28.6
12 7.6
113 40.8

N

35
203

102
136

29

209

72
166

79
92
67

137
101

117

70

51

74

164

213
25

142
96

102
136

Mild to moderate
burnout (n = 238)

%

58.3
54.3

56.7
53.5

453

56.5

55.8
54.4

58.1
54.1
52.3

52.7
58.0

56.8

49.3

59.3

54.0

55.2

56.1
46.3

56.3
52.7

65.0
49.1

64

38
33

14

57

28
43

28
29

24

13

58

66

37
34

43
28

Severe burnout (n =71)

%

11.7
17.1

21.1
13.0

21.9

15.4

21.7
14.1

20.6
17.1
10.9

18.5
13.2

214

16.9

35

9.5

19.5

17.4
9.3

14.7
18.7

274
10.1

xl

1.127

9.055

3.058

5.785

9.687

2.297

19.940

9.916

7.961

1.289

61.128

0.569

0.011

0.217

0.055

0.046

0.317

0.001

0.007

0.019

0.525

<0.001
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First

Second

Third

Fourth

Fifth

Sixth

Period

Duration
Max
Max date

Start to max.

Period
Duration
Max

Max date

Start to max

Period
Duration
Max

Max date

Start to max.

Period
Duration
Max
Max date

Start to max

Period
Duration
Max

Max date
Start to max.
Period
Duration
Max

Max date

Start to max.

BJ

2020.1.20-20202.22
33
2

202022

2020323

2

2020.6.11-2020.7.6
2
36
2020613
2

2022.1.10-2022.2.8
2
2
2022129

19

2022.4.17-2022.6.29
73
83
2022522
35
2022.10.1-2022.124
[
1,285
2022.11.29
59

SH

2020.1.20-
2020217

27
27
2020.1.30
10

2020312~
2020419

38
52
2020419
38
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202265

109
5489
2022428

7

Gz

2020.1.24-
20202116

2
38
202021
8

20215.26~
2021618

2
18
2021530

4

2022.4.2-202259
37
3
2022413
1

2022.102-
2022.1217

76
1,645
2022.11.23

52

Sz

2020.1.24-
2020217

£
60
2020.1.31
7

2022212~
2022330

46
71
2022316
32

2022823~
2022.9.18

2
6
202293
1

2022.11.9-
2022.1217

38
146
2022124

2

HK

2020.2.16-2020.4.20
6
82
2020329
42

2020.6.16-2020.10.14
120
149
2020.7.30

44

2020.10.15-2021.5.27
24
15
2020.11.29

45

2021.128-2022.5.23
166
79,876
202233

85

2022.5.24-2023.1.28
249
29207
20221231

21

XG

2020215
2020.103

232
1426
2020420
65

2021823~
20211220

119
5324
20211027
65

20211221
202252

132
26,032
2022222

63

2022.53-2022.6.16
a5
6442
2022518
15

2022617
2022829

73
16870
2022713
2
2022.830-2022.1.6
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2022.10.18
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Variables

WBC
Non-elderly
Elderly

All
Neutrophil
Non-elderly
Elderly

All
Lymphocyte
Non-elderly
Elderly

Al

NLR
Non-elderly
Elderly

All

MLR
Non-elderly
Elderly

All

PIR
Non-elderly
Elderly

Al

SIRI
Non-elderly
Elderly

Al

B
Non-elderly
Elderly

All

ANLR
Non-elderly
Elderly

Al

NLPR
Non-elderly
Elderly

Al

AISE
Non-elderly
Elderly

All

HR

16381
7.350
11210

15.406
6294
10204

1.620
1.195
1.260

4445
2.686
3570

2,058
1470
1.502

1.845
1.266
1451

5629
2911
4.088

4.900
2823
3.682

1742
1544
0618

4.061
2523
3327

5171
3307
4710

95% CI

10.962-24.477
5.495-9.831
8.831-14.299

10.377-22.870
4708-8.414
8.055-12.928

1.145-2291
0.879-1.626
1.016-1562

3.089-6.396
2.031-3.553
2.859-4.458

1455-2910
1.095-1974
1212-1.860

1.304-2611
09491688
1.170-1.799

3.883-8.161
2.195-3.860
3268-5.115

3.401-7.060
2.132-3739
2.945-4.604

1.031-2936
1.009-2.364
0.446-0.856

2.826-5.836
1.908-3336
2.667-4.151

3.579-7.470
2.486-4399
3.752-5.911

p-value

0.000
0.000
0.000

0.000
0.000
0.000

0.001
0254
0035

0.000
0.000
0.000

0.024
0013
0.000

0.000
0.108
0.000

0.001
0.000
0.000

0.000
0.000
0.000

0.000
0.045
0.004

0.001
0.001
0.000

0.000
0.000
0.000

AISI, aggregate index of systemic inflammation; ANLR, derived neutrophil/lymphocyte
ratio; MLR, monocyte/lymphocyte ratio; NLPR, neutrophil/lymphocyte*platelet ratio;

NLR, neutrophil/lymphocyte  rati

PLR, platelet/lymphocyte ratio; SII, systemic

inflammation index; SR, systemic inflammation response index; WBC, white

blood cell.
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Variables AUC 95% CI p-value Cut-off Sensitivity Specificity (%)

WBC
Non-elderly 0976 0.965-0.984 0.000 >8.94 933 %
Elderly 0942 0923-0.958 0,000 >9.12 858 943
Al 0.969 0960-0.977 0,000 >905 8895 95.90
1) 0013

Neutrophil

Non-elderly 0.981 0971-0.988 0,000 >891 919 978
Elderly 0943 0.924-0.959 0.000 >893 867 917
All 0971 0.962-0.978 0.000 >8.79 89.8 94.3
Pl 0,003

Lymphocyte

Non-elderly 0.578 0.548-0.608 0.003 <1.02 659 53.1
Elderly 0551 0513-0.588 0036 <064 307 813
All 0.566 0.543-0.589 0.000 <091 504 61.2
P1 0.443

NLR

Non-elderly 0.839 0.815-0.860 0.000 >9.38 86.5
Elderly 0785 0753-0814 0,000 >9.13 783
Al 0817 0798-0.835 0,000 >921 831
Pl 0061

MLR

Non-elderly 0.644 0615-0.673 0,000 >026 659 649
Elderly 0.603 0566-0.639 0,000 >036 385 805
Al 0.628 0,605-0.651 0,000 >026 59.4 624
Pl 0238

PLR

Non-elderly 0.603 0573-0.632 0,000 >022 622 608
Elderly 0575 0537-0.612 0,002 >027 394 759
All 0.585 0.562-0.608 0.000 >023 526 63.1
P1 0.434

SIR-T

Non-elderly 0.864 0.842-0.884 0,000 >2.46 733 902
Elderly 0813 0.783-0.841 0,000 >232 716 809
All 0.845 0.827-0.862 0.000 >2.32 728 85.7
2l 0061

st

Non-elderly 0.848 0:825-0.869 0,000 >1,994 74.1 872
Elderly 0.500 0.769-0.829 0.000 >1868 702 80.4
All 0.826 0.807-0.843 0.000 >1928 711 843
Pl 0091

dNLR

Non-elderly 0.900 0:880-0.917 0,000 <5.90 904 976
Elderly 0.821 0.791-0.848 0.000 <583 826 929
All 0854 0.837-0.871 0,000 <583 855 959
Pl 0011

NLPR

Non-elderly 0828 0.804-0.850 0,000 >0044 726 857
Diabetes (%) 204 24 0.000
Cancer (%) 36 46 0164
Charlson comorbidity index 10-2) 4(-5) 0.000
Outcome - 0.000
Survival, N (%) 947 (87.5) 492(69.3)

Death, N (%) 135 (12.5) 218 (30.7)

AISL aggregate index of syste
neutrophil/lymphocyte rati
neutrophil/lymphocyte*platele
stemic infla

se; AST, aspartate transaminase; BG, blood glucose; Cr, creatinine; dNLR, derived
INR, international normalized ratio; MLR, monocyte/lymphocyte ratio; NLPR,
/lymphocyte ratio; PLT, platelet; PT, Prothrombin time; P, Partial thromboplastin time; SII,
white blood cell.

ic inflammation; ALP, Alkaline phosphatase; ALT, ala
R, erythrocyte sedimentation rate; Hb, hemoglobi






OPS/images/fpubh-11-1190519/fpubh-11-1190519-t001.jpg
Development institute Country or Last available update date
organization

Coronavirus Disease 2019 (COVID-19) CDNA National Guidelines for Public Communicable Disease Network Australia (CDNA) Australia 9 September 2022
Health Units (23)
AHPPC Statement—Reduced Isolation Period for COVID-19 Cases (24) The Australian Health Protection Principal Committee (AHPPC) Australia 8 September 2022
Public Health Management of Cases and Contacts associated with COVID-19 The Public Health Agency of Canada (PHAC) Canada 24 December 2021
(25)
Guidance on Further Optimizing the Measures for the Prevention and Control of | State Council China 7 December 2022
COVID-19 (26)
Protocol for Prevention and Control of COVID-19 (Version 9) (27) National Health Commission China 27 June 2022
Protocol for Diagnosis and Treatment of COVID-19 (Version 9) (28) National Health Commission China 15 March 2022
Guidance on Ending the Isolation Period for People with COVID-19, Third European Centre for Disease Prevention and Control (ECDC) European Union (EU) 28 January 2022
Update (29)
Revised Discharge Policy for COVID-19 (30) Ministry of Health & Family Welfare (MHFW) India 9 January 2022
Revised Guidelines for Home Isolation of Mild/Asymptomatic COVID-19 Cases MHFW India 5 January 2022
(€]
Clinical Management Protocol for COVID-19 (in Adults) Version 6 (32) MHFW India 24 May 2021
Coronavirus Disease COVID-19 GUIDELINES (33) Ministry of Health Saudi Arabia 4 January 2022
Guidance for People with Symptoms of a Respiratory Infection Including Health Security Agency UK 1 April 2022
COVID-19, or a Positive Test Result for COVID-19 (34)
Ending Isolation and Precautions for People With COVID-19: Interim Guidance | Center for Disease Control and Prevention (CDC) us 31 August 2022
(35)
CDC Streamlines COVID-19 Guidance to Help the Public Better Protect CDC us 11 August 2022
Themselves and Understand Their Risk (36)
Clinical Management of COVID-19: Living Guideline (37) WHO WHO 15 September 2022
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Variables

Age
Sex

Male, N (%)

Female, N (%)
Hospitalization stay
WBC (x10°/L)
Neutrophil (x 10°/L)
Lymphocyte (x10°/L)
Eosinophil (x 10°/L)
Monocyte (x10°/L)
Hb (mg/ml)

Het (%)

PLT (x10°/L)

PT (s)

PTT

INR

ALT (IU/L)

AST (1U/L)

LDH (IU/L)

Ferritin (ug/L)

ESR (mm/hr)

BG (mg/ml)

Urea (mg/mL)

Cr (mg/mL)
D.Dimer (mg/L)
Albumin (g/mL)
ALP (IU/L)

Na (mEq/L)

K (mEq/L)

NLR

PLR

MLR

SIR-1

sit

ANLR

NLPR

AISL

COVID-19

Non-elderly patients (n = 1,082)

Survival

47.60 £ 1175

548 (86.2)
399 (89.5)
698547
7.50 (7.15-7.88)
576 (5.01-6.40)
1.34(0.85-1.91)
0.13(0.07-0.17)
022(0.14-0.32)
13.3 (12-14.6)
39 (36-42.8)
189 (147-249)
125 (12-13)
30 (30-35)
1(1-11)
38(25-57)
46 (32-65)
637 (480-786)
600 (273-950)
45 (31-62)
112 (98-145)
30 (23-40)

500 (160-1,011)
3.6(3.20-4)
170 (138-229)
140 (137-142)
39(36-42)
433 (2.65-7.45)
143 (88-243)
0.16(0.09-0.26)
0,90 (0.49-1.55)
821 (456-1,520)
3.34(2.12-5.25)
0.02(0.01-0.03)
176 (81-320)

Death

5363891

88(13.8)

47 (10.5)
1433 £ 1389"
7.72 (7.29-8.11)
663 (6.06-7.11)"
080 (0.50-1.19)*
0.07 (0.06-0.14)
0.15(0.09-0.23)*
125 (108-14.1)*
39 (33-42.1)*
198 (148-261)
13 (12.5-14.4)"
33 (30-40)"
L1 (1-13)

43 (30-69)
70 (50-95.5)*
972 (708-1386)°
890 (443-1,932)°
49 (34-69)
160 (119-241)"
43 (34-65)°
L1(0.9-1.3)*
800 (250-2,500)
33027365
200 (143-284)°
139 (136-142)
41(38-45)
8.60 (5.63-13.90)"
266 (138-438)"
020 (0.11-0.34)
139 (0.67-2.35)"
1,708 (845-3,015)*
6.14 (4-9)*
0.03(0.02-0.07)*
259 (105-569)*

Elderly patients (n = 710)

Survival

75.58 £ 6.68°

238 (67.6)
254 (709)
7.66 £ 5.18"
821 (7.88-8.62)°
653 (5.79-7.12)°
124 (0.84-1.83)
0.15 (0.07-0.18)"
024(0.16-033)°
129 (11.4-143)"
38.6 (34.6-42.2)°
181 (141-249)
125(12-135)°
30 (30-37)
1(1-1.10)°
30,5 (20-49)°
45 (31-67)
610 (470-775)
536 (231-965)
46 (30-62)
129 (103-189)°
48 (35-69)°
1.1 (0.90-1.55)
500 (250-900)
33(3.15-3.85)
190 (149-246)°
139 (136-141)°
41 (3.8-46)"
5.33 (3.17-8.5)"
149 (90-246)
0.18 (0.11-0.3)°
1.19 (0.70-2.02)"
1,001 (527-1,703)°
4(257-6.14)
0.2 (0.01-0.04)"
226 (113-417)°

Death

77.89 % 6,86

114 (32.4)

104 (29.1)
10,19 £ 928"
833 (7.89-8.81)°
6.99 (6.45-7.58)"
087 (0.61-1.28)*
0,09 (0.07-0.17)*
023 (0.12-0.33)°
12.95 (11.4-14.50)
39(349-43.2)
188 (131-252)
134 (125-14.5)"
30 (30-38)

L1 (1-1.30
33 (23-55)°
58 (41-95)¢
790 (595-1,075)*
920 (434-1,474)"
50 (34-65.5)
146 (114-219)*
65.5 (47-94.5)*¢
13 (1.05-2.2)*
680 (250-2,000)
29 (25-3.3
207 (161-286)*
139 (136-142)
42(38-4.9)%
8.5 (5.12-12.28)*
216 (118-361)*
025 (0.12-0.37)"
170 (0.83-2.68)"
1,493 (728-2,619)°
5.66 (3.76-9)"
0.04 (002-0.07)"
267 (139-577)*

Abbreviations similar to Table 1.“P < 0.05, in both group survival vs. death patients; "P < 0.5, non-elderly survival vs. elderly survival patients; °P < 0.05, non-elderly death vs. elderly

death pati
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Variables COVID-19

Normal Non-elderly patients Elderly patients

range (n=1,082) (n=710)
Age - 4835+ 1161 76294695 0.000
Sex - 0.000
Male, N (%) 636 (58.8) 352 (49.6)
Female, N (%) 446 (41.2) 358 (50.4)
Hospitalization stay - 7.9047.48 844 %681 0.122
WBC (x10°/L) 7.52(7.18-7.92) 8.24(7.88-8.67) 0.000
Neutrophil (x10°/L) 590 (5.10-6.51) 6.68 (5.91-7.30) 0.000
Lymphocyte (x 10°/L) 11-32 126 (0.80-1.88) 111 (075-1.71) 0.002
Eosinophil (x 10°/L) <05 0.13 (0.07-0.16) 0.15 (0.07-0.17) 0.000
Monocyte (x 10°/L) 02-03 021 (0.14-0.31) 0.24(0.15-0.33) 0.000
Hb (mg/ml) 11515 13.30 (11.9-14.6) 12.9 (11.4-14.4) 0.001
Het (%) 36-48 39 (35.8-42.7) 38.8 (34.7-42.6) 0.208
PLT (x10°/L) 125-350 192 (147-250) 183 (139-250) 0.120
PT (s) 11-135 12.5(12-132) 13 (12-14) 0.000
PTT 30-40 30(30-36) 30 (30-37.5) 0.294
INR 08-1.1 1(1-1.10) 1(1-1.20) 0.000
ALT (1U/L) 7-40 38 (25-60) 32(20-51) 0.000
AST (IU/L) 0-45 48 (33-70) 48 (335-77) 0.392
LDH (IU/L) 114-240 659 (498-846) 665 (495-845) 0716
Ferritin (ug/L) 11-330 630 (283-984) 637 (294-1120) 0314
ESR (mm/h) 0-29 45 (31-63) 47.5 (32-63.5) 0221
BG (mg/ml) 70-100 114/(99-152) 133 (105-198) 0.000
Urea (mg/mL) 6-24 31(24-43) 53 (37-76.5) 0.000
Cr (mg/mL) 0.9 (0.80-1.10) 12 (09-1.70) 0.000
D.Dimer (mg/L) 05(02-12) 0.59 (0.25-1.06) 0313
Albumin (g/mL) 35(29-38) 32(26-36) 0.001
ALP (1U/L) 174 (138-233) 193 (152-260) 0.000
Na (mEq/L) 135-145 140 (137-142) 139 (136-142) 0.011
K (mEq/L) 35-53 4(37-42) 41 (38-47) 0.000
NLR 47 (28-8) 607 (3.55-9) 0.000
PLR 154/(92-261) 168 (94-282) 0.118
MLR 016 (0.1-0.27) 020 (0.11-0.31) 0.000
SIRT 0.95 (0.52-1.64) 128 (073-2.19) 0.000
sit 883 (479-1656) 1136 (568-1990) 0.000
ANLR 3.54 (2.33-5.66) 126 (2.81-6.69) 0.000
NLPR 0.02 (0.01-0.04) 0.03 (0.01-0.05) 0.000
AlS 183 (84-347) 234 (120-454) 0.000
Severity - 0.000
Moderate, N (%) 861 (79.6) 452 (63.7)
Severe, N (%) 86(7.9) 76 (10.7)
Very severe, N (%) 135(12.5) 182 (25.6)
Comorbidities
Cardiovascular disease (%) 13 342 0.000
Respiratory disease (%) 144 158 0235
Kidney disease (%) 55 142 0.000
Diabetes (%) 204 24 0.000
Cancer (%) 36 16 0.164
Charlson comorbidity index 1(0-2) 4(3-5) 0.000
Outcome - 0.000
Survival, N (%) 947 (87.5) 492(69.3)
Death, N (%) 135 (12.5) 218(30.7)

AISL aggregate index of syste
neutrophil/lymphocyte rati
neutrophil/lymphocyte*platele

ic inflammation; ALP, Alkaline phosphatase; ALT, alanine transaminase; AST, aspartate transaminase; BG, blood glucose; Cr, creatinine; dNLR, derived
R, enythrocyte sedimentation rate; Hb, hemoglobin; Het, hematocrit; INR, international normalized ratio; MLR, monocyte/lymphocyte ratio; NLPR,
R, neutrophil/lymphocyte ratio; PLI /lymphocyte ratio; PLT, platelet; P, Prothrombin time; P, Partial thromboplastin time; SII,

i white blood cell.
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No. Scale umbers Percentage (%)
1 Patient Health Questionnaire (PHQ) 177 1594
2 Hospital Anxiety and Depression Scale (HADS) 130 nn
3 Generalized Anxiety Disorder (GAD) s 10,63
4 Depression, Anxiety and Stress Scale (DASS-21) 102 9.18
5 Impact of Event Scale(IES) 57 513
6 Self-Rating Anxiety Scale (SAS) 55 495
7 State-Trait Anxiety Scale (STAI) 41 369
8 Perceived Stress Scale (PSS) 36 32
9 Edinburgh Postnatal Depression Scale (EPDS) 2 207
10 Connor Davidson Resilience Scale (CD-RISC) 23 207
1 Pitsburgh Sleep Quality Index (PSQI) 2 207
12 UCLA 3-Ttem Loneliness scale 2 198
13 ‘The PTSD Checklist for DSM-5 (PCL-5) 19 171
1 World Health Organization Well-Being Index 13 162
15 Coronavirus Anxiety Scale (CAS) 13 117
16 Self-Rating Depression Scale (SDS) 12 108
17 Secondary Traumatic Stress Scale (STSS) 1 099
18 Center for Epidemiologic Studies Depression Scale (CES-D) 10 090
19 General Health Questionnaire (GHQ-28) 10 090

20 EuroQol-5D questionnaire (EQ-5D) 10 090
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Call score

Low risk Intermediate risk High risk

83 198 Sikil
Age 60.82 £ 15.42 44.84 £10.21 55.33 £ 14.46 68.57 £12.05 <0.001
Male (%) 56.1 542 57.6 556 0.851
Smokers (%) 209 229 15.1 242 <0.001
No of comorbidities 1(0-2) 0 0(0-1) 1(1,2) <0.001
Admission respiratory rate 28.45+521 28.09 +£4.93 28.3545.38 28.62£5.18 0.676
Respiratory support in the ED (%) <0.001
Room air 68.2 83.1 77.3 582
Nasal cannula 59 6 6.1 58
Venturi mask/non-rebreather mask 235 9.6 14.6 328
HENC/NIPPV 2 1.2 15 2.6
Laboratory in the ED
BUN (mg/dL) 14 (11-20) 14.5 (11-20) 13 (10-19) 14 (11-20.25) 0.498
Admission unit (%) <0.001
Floor 60.3 67.5 722 50.8
Intermediate care unit 312 24.1 18.7 412
Icu 8.4 8.4 9.1 8
CURB-65 (%) <0.001
<2 56.9 74.7 66.7 46
=2 32.1 12 18.1 47
LOS (days) (x) 8(4-15) 5(3-8) 7(4-12) 105 (6-21) <0.001
Bacterial coinfection (%) 59 0 4 8.7 0.005
Bacterial sepsis during stay (%) 27 132 18.1 36.3 <0.001
VTE (%) 7.8 8.4 5.1 9.3 0.208
COP (%) 149 7.2 13.6 17.7 0.137
LTE (%) 7.1 0 3 11.6 <0.001
Severe respiratory insufficiency (%) 389 29 278 502 <0.001
Steroids (%) 65.9 41 60.6 759 <0.001
Tocilizumab (%) 8.6 7.2 9.1 8.7 0.878
Mortality
28 day (%) 8.8 0 35 14.5 <0.001
3 months (%) 9.5 0 35 15.8 <0.001
6 months (%) 9.6 0 35 16.1 <0.001
1 year (%) 10 0 35 16.1 <0.001
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Framework 0.429 % 0.040 05710051 0571 £ 0038 0.429 £ 0.031 0.524 £ 0044 0505 £ 0.029
Expert 0619 % 0.061 07140054 0.667 £ 0.057 0381 £0.032 0476 £ 0.041 05710039
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Set Dice (axial) Dice (coronal) Dice (sagittal) Dice (ensemble) Res.1 vs. Res.2

Validation 07312 £ 0.0423 07122 £ 0.0452 07191 £ 0.0509 07413 £ 0.0403
Test | 07167  0.0345 0.6386 + 0.0387 0.6498 =+ 0.0330 07254  0.0341 0.7281 % 0.0390
Test2 0.7017 £ 0.0354 0.6582 £ 0.0411 0.6475 £ 0.0361 07105  0.0399 0.6693 % 0.0544
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Upper right Middle right Lower right Upper left Lower left

Dice score 0969 % 0.075 09180171 0958 £ 0.101 0.980 £ 0.094 0.981 £ 0.086
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Ingredients

ACE
ACE2

SARS-CoV-23CL
SARS-CoV-2 helicase-NSP13
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SARS-CoV-2 NSP9
SARS-CoV-2 Nucleocapsid
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SARS-CoV-2 ORF3a
SARS-CoV-2 ORF7a
SARS-CoV-2 ORF§
Caspase-6

Average

Baicalin

93
69
-77
—9.1
-7.8
—65

7.4

—8.4
-8.1
-7.1
9.0
7.9

Stigmasterol

-93
-67
-70
—8.1
83
-70

78

-74
79
638
—-63
75

Sigmoidin-B

—94
-76
-82
—86
-83
-72
—80

-82
—81
-71
96
82

Cubebin

87
-72
68
74
-77
69
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-78
87
—-62
-80
-76
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69
-73
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-70
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# Points Present in the Infection 0 1 2 3 4 5

Infection severity percentage 0% <5% 5-25% 25-50% 50-75% 75-100%
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Symbol MOL-ID Ingredient Drug Degree

BC1 MOLO002776  Baicalin Pinellia 3
ternata,
Bupleurum
chinense

GC39 MOLO04935  Sigmoidin-B  Glycyrhiza 27
uralensis

BHCI MOLO000449  Stigmasterol  Pinellia 2
ternata,
Scutellaria
baicalensis,
Bupleurum
chinense

CHg MOLO04648  Troxerutin Bupleurum 26
chinense

CHI2 MOL0I3187  Cubebin Bupleurum 2
chinense

BX7 MOLO06937  12,13-epoxy-9-  Pinellia ternata 2

hydroxynonadeca-

7,10-dienoic

acid

cG2 MOL000354 Isorhamnetin Bupleurum 24
chinense,
Glyeyrrhiza
uralensis

GCe3 MOL004949  Isolicoflavonol  Glycyrrhiza 2
uralensis

Ger9 MOLO005001  GancaoninH  Glyeyrrhiza 2
uralensis

Ge MOLO0810  GlyasperinF  Glycyrhiza 2

uralensis
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UniProtID  Gene symbol Protein name Degree

P02768 ALB Albumin 38
PO0533 EGFR Epidermal growth 33
factor receptor
PO7900 HSPI0AAL Heat shock 31
protein HSP
90-alpha
P12931 SRC Proto-oncogene 30
tyrosine-protein
Kinase Src
P03372 ESRI Estrogen receptor 27
P42574 CASP3 Caspase-3 27
Q199G7 MAPK1 Mitogen- 24
activated protein
kinase
Q16539 MAPK14 Mitogen- 2
activated protein
kinase 14
P35968 KDR Vascular 20
endothelial

growth factor
receptor 2

Q00987 MDM2 E3 18
ubiquitin-protein

ligase Mdm2
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Herbal All patients ~ Male Female P-value

medicine (n=64) (n=22) (n=42)

Scutellaria 64/(100) 22(100) 42 (100)

baicalensis

Glyeyrrhiza 63 (98.4) 201000 39(929) 0.508
uralensis

Bupleurum 62(969) 21(955)  41(976) 1.000
chinense

Pinellia ternata 61(953) 201000 39(929) 0.508
Dryopteris 58(90.6) 21(955)  37(88.) 0.612
crassirhizoma

Atractylodes 44/(68.8) 16(727)  28(667) 0.619
macrocephala

Poria cocas 43(672) 10455  33(786) 0.007
Platycodon 39.(609) 11 (50) 28(66.7) 0.194
grandiflorum

Astragalus 36(563) 9(409) 27(64.3) 0073

membranaceus
Citrus reticulata 35(54.7) 8(364) 27(64.3) 0.033

Data are expressed by n (%). P-values were calculated by x
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All patients

(n=178)
Negative PCR
conversion days
All 10 (11.30)
Asymptomatic 7.0 (6.85)
Mild 17.0 (19.54)
Moderate 10.0 (11.05)
Severe 14.0
Hospitalization
days
All 14.0 (10.78)
Asymptomatic 14.0 (6.53)
Mild 240(18.17)
Moderate 15.0 (10.60)
Severe 200

Data are expressed by medi

Male
(n="71)

11.0(9.73)
10.0 (6.14)
165 (3.74)
110 (11.01)
14.0

15.0 (9.84)
14.0 (6.46)
220 (2.63)
15.0 (11.25)
200

Female
(n=107)

10.0 (12.28)
7.0(7.72)
28.0(2384)
10.0 (11.01)

14.0 (11.41)
14.0 (6.70)
320 (22.02)
15.0 (10.24)

SD). P-values were calculated by t-test.

P-value

0285
0346
0354
0.161

0379
0019
0354
0.602
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All patients ~ Male Female P-value
(n=178) (n=71) (n=107)

Computed

tomography

findings on

admission (%)

Any abnormal 145 (81.5) 56(78.9)  89(83.2) 0.469

lung findings

Lateral 57 (32.0) 23(324) 34018 0931
ilateral 88 (49.4) 33 (46.5) 55(51.4) 0.520

Ground-glass 62(34.8) 20310 40(37.4) 0.380

opacities

Patchy shadow 31(17.4) 0041 21(196) 0340

Infltration 43(242) 17(239) 26043 0.957

Blood

measurements

Leukocytes, x10°  6.14(176)  638(1.82)  5.98(1.70) 0.138

Lymphocytes, 195(073)  203(087)  1.90(063) 0386

x10°

CRP, mg/L. 4.11(9.68) 6.54 (12.74) 2.59(6.76) 0.000

Data are expressed by n (%) or mean (SD). P-value

ere calculated by
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All patients ~ Male Female
n=178) (n=71) (n=107)

Asymptomatic 40(225) 21(29.6) 19(17.8)
Mild 11(62) 4(56) 7(6.5)
Moderate 126 (70.8) 45(634)  81(757)
Severe 1(0.6) 10.4) 0(0)

Data are expressed by n (%). P-values were calculated st

P-value

0.064
1.000
0077
0836
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Parameter

initial maximum contact rate (9 )
infection rate ()

track quarantine ratio (9 )

death rate of symptomatic infection ( 1 )

death rate of patients in quarantine treatment ( 7H )
the ratio of the propagation capacity of exposed to
infected (v)

the regulator of infectious probability in asymptomatic
infected ()

95%CI
(27.5-28.7)
(0.098-0.102)
(0.493-0511)
(0.098-0.139)

(0.0064-0.0074)

(0.687-0.696)

(0.872-0.885)

Value
283
0,099
05
o1
0.0065

0.692

0.88
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eter Definition

B infectious rate

q track quarantine ratio

¢ contact rate

@ initial maximum contact rate
2 quarantined release rate

the regulator of infectious probabil

exposed
o conversion rate from exposed to infected
T detection capability
Y the regulator of infectious probability in
asymptomatic infected
» probability of symptomatic infected
N quarantined rate of symptomatic
1
infected
5 Conversion rate from quarantine
4 exposed to quarantine healer
a death rate of symptomatic infected
death rate of patients in quarantine
“H
treatment
”n recovery rate of symptomatic infected
A recovery rate of asymptomatic infected
recovery rate of patients treated in
H

hospitalized

Vals

0.099
05

Eq.(1)
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114

0.692

v

Eq.(2)
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013

[
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Number (Survey-weighted percentage’)

Unable to get care because Primary care physician
of COVID-19 (PCP) offers telehealth
Variable Category Frequency Yes No Yes No sigt
Overall Overall 31,907 3,556 (12) 28,209 (88) 18,248 (81) 4,996 (19)
Age 0-65 5,993 (17) 803 (13) 5,148 (87) 3,351 (79) 995 (21) s
65-74 11,032 (51) 1,365 (13) 9,629 (87) 6,828 (85) 1,323 (15)
T4+ 14,882 (33) 1,388 (10) 13,432 (90) 8,069 (77) 2,678 (23)
Gender Male 14,378 (45) 1,507 (11) 12,813 (89) 8,092 (80) 2,308 (20) ey
Female 17,529 (55) 2,049 (12) 15,396 (88) 10,156 (82) 2,688 (18)
Racefethnicity White non-hispanic 23,808 (76) 2,783 (12) 20931 (88) 13,676 (83) 3325(17) e
Black non 3,138 (10) 257 (9) 2,864 (91) 1633 (71) 747 (29)
Hispanic 3,246 (8) 33201 2,894 (89) 1955 (77) 615(23)
Other/Unknown 1,715 (6) 184 (1) 1,520 (89) 984 (79) 309 21)
Metro residence Metro 24,381 (0) 2,774(12) 21,503 (88) 14,705 (83) 3,445 (17) e
Non-metro 7,510 (20) 780 (11) 6,692 (89) 3,533 (73) 1,547 (27)
Region Northeast 5,617 (18) 705 (13) 4,887 (87) 3,360 (82) 811(18) et
Midwest 7,241 (22) 883 (12) 6,333 (88) 4,039 (83) 1,001 (17)
South 12,421 (39) 1,093 (10) 11,268 (90) 6,587 (77) 2,380 (23)
West 6,617 (22) 874 (14) 5,711 (86) 4,257 (86) 800 (14)
Income <$25,000 11,649 (31) 1,169 (10) 10,410 (90) 5,984 (73) 2,352(27) ok
525,000 or more 18,891 (69) 2,277 (13) 16,556 (87) 11,602 (85) 2,362 (15)
Non-English Yes 3,928 (1) 405 (10) 3,496 (90) 2,335 (77) 739 (23) e
No 27,948 (89) 3,148 (12) 24,685 (88) 15,900 (82) 4,246 (18)
Medicare-Medicaid Full 4446 (10) 481(1) 3,932 (89) 2,398 (73) 855(27) e
dual eligibility Nondual 25,298 (85) 2,841 (12) 22,356 (88) 14,748 (83) 3,642 (17)
Partial 1,116 (3) 12311 991 (89) 562 (72) 243 (28)
QMB only 1,047 (3) 11(10) 930 (90) 540 (70) 256 (30)
Medicare advantage No MA enrollment 11,606 (59) 801 (7) 10,744 (93) 6617 (82) 1777 (18)
(MA) Partial-year MA 517(4) 4709 467 91) 296 (83) 69(17)
Full-year MA 8,661 (37) 566 (7) 8,060 (93) 5215(81) 1,362 (19)
Part D plan Yes 8,991 (78) 539 (7) 8,411 (93) 5,228 (80) 1,508 (20)
No 2,112(22) 141(7) 1,958 (93) 1,260 (82) 307 (18)
Positive COVID-19 test  Yes 571(9) 50(9) 51591) 371(83) 77 (15)
No 5,183 (89) 30 (9) 4,732 91) 3,282(83) 775(17)
No results yet 88(2) 10(14) 77 (86) 59(80) 12(20)
Positive COVID-19 Yes 104 (15) 14014 90 (86) 72(86) 15 (14)
antibody test No 508 (83) 90 455 91) 349 (36) 62(14)
No results yet 17 (3) 0(0) 17 (100) 10 (94) 1(6)
Own computer Yes 18,952 (65) 2,398 (13) 16,489 (87) 11,860 (86) 2,254 (14) S
No 12,867 (35) 1,153 (9) 11,642 (91) 6344 (71) 2,727 (29)
Own smartphone Yes 19,976 (70) 2,526 (13) 17,372 (87) 12473 (85) 2,523 (15) ek
No 11,573 (30) 1,016 (9) 10,504 (91) 5,624 (71) 2,409 (29)
Own tablet Yes 12,723 (43) 1,669 (14) 11,012 (86) 8217 (87) 1,416 (13) St
No 19,113 (55) 1,879 (10) 17,139 (90) 10,001 (76) 3,572 (24)
Access to internet Yes 25,024 (84) 3,056 (13) 21,875 (87) 15,326 (84) 3,270 (16) et
No 6724 (16) 190 (7) 6,192 (93) 2,856 (64) 1,702 (36)
Use video/voice calls Yes 13,836 (48) 2,049 (15) 11,740 (85) 9,248 (88) 1,409 (12) et
No 17,926 (52) 1,490 (9) 16,350 (91) 8,939 (74) 3,566 (26)
Able to pay rent or Able 18799 (61) 2,133(12) 16,587 (88) 10955 (81) 2,966 (19)
mortgage Unable 510(2) 91(18) 412(82) 291(78) 97(22)
Not needed 12,474 (37) 1318(12) 11,109 (88) 6,946 (81) 1914 (19)
Able to get food Able 30,338 (95) 3253 (1) 26,966 (39) 17,401 (81) 4729 (19) e
Unable 1,011 (3) 246 (25) 753 (75) 562 (77) 173 (23)
Not needed 488 (1) 50 (13) 433 (87) 257 (78) 80(22)
Able to get home Able 28,950 (91) 2,945 (11) 25,887 (89) 16,595 (81) 4,554 (19)
supplies Unable 2,000 (7) 490 26) 1,498 (74) 1,174 (82) 297(18)
Not needed 883 (2) 1113 767 (87) 447 (79) 12921)
Feel financially More secure 1,198 (4) 131(12) 1,064 (88) 714 (34) 166 (16) -
secure Less secure 4,038 (15) 793 (20) 3,222 (80) 2,363 (81) 647 (19)
About the same 22,478 (80) 2,230 (10) 20,164 (90) 12,838 (82) 3,380 (18)
Feel stressed More stressed 10833 (42) 1,793(17) 8,992 (83) 6,759 (84) 1,420 (16) R
Less stressed 925(3) 70(9) 851(91) 508 (78) 172(22)
About the same 15,950 (55) 1,298 (8) 14,597 (92) 8,633 (80) 2,615 (20)
Feel lonely or sad More lonely or sad 5939 (22) 1,045 (18) 4,859 (82) 3,623 (83) 845(17) iy
Less lonely or sad 920(3) 91 (11) 825 (89) 527 (80) 146 (20)
About the same 20,810 (75) 2,012(10) 18,726 (90) 11,726 (81) 3,205 (19)
Feel socially More connected 2,840 (10) 360 (13) 2,468 (87) 1,710 (82) 428(18) b T
connected Less connected 10,116 (38) 1512(15) 8,567 (85) 6,149 (84) 1,348 (16)
About the same 14777 (51) 1289(9) 13,429 (91) 8050 (80) 2426 (20)
Weak immune Yes 5464 (18) 933(18) 4,504 (82) 3,581 (85) 724(15) s
system No 26,294 (82) 2,606 (10) 23,579 (90) 14,589 (80) 4,254 (20)
Hypertension or high Yes 20,416 (63) 2,238 (12) 18,089 (88) 11,921 (80) 3,400 (20) e
BP No 11,422 (37) 1,308 (12) 10,061 (88) 6,290 (83) 1581(17)
Myocardial infarction Yes 3,226 (10) 343 (1) 2,864 (89) 1,854 (79) 568 (21) ++
No 28,575 (90) 3,196 (12) 25,258 (88) 16,334 (81) 4408 (19)
Angina pectoris/CHD Yes 2,750 (8) 374 (15) 2,364 (85) 1,645 (81) 450 (19)
No 28,043 (92) 3,160 (11) 25,653 (89) 16,495 (81) 4,500 (19)
Congestive heart Yes 2,056 (6) 252(13) 1,795 (87) 1,189 (77) 396 (23) ot
failure No 29,736 (94) 3291 (12) 26,312 (88) 16,997 (81) 4,581 (19)
Other heart condition, ~ Yes 7,408 (22) 954 (13) 6,419 (87) 4,378 (80) 1218 20) RS
eg, valve/thythm No 24,292 (78) 2,562 (11) 21,624 (89) 13,766 (82) 3,736 (18)
Stroke/brain Yes 3,256 (9) 375 (12) 2,865 (88) 1,865 (78) 579 (22) o
hemorrhage No 28,575(91) 3,170 (12) 25,279 (88) 16,339 (82) 4404 (18)
High cholesterol Yes 20,394 (64) 2281 (12) 18,026 (88) 11,983 (81) 3,278 (19) .
No 11,371 (36) 1259 (11) 10,058 (89) 6,186 (81) 1,694 (19)
Cancer (non-skin) Yes 6,342 (19) 784 (13) 5,530 (87) 3,797 (82) 990 (18)
No 25,504 (81) 2,765 (11) 22,626 (89) 14,420 (81) 3,994 (19)
Alzheimers/dementia Yes 1,280 (3) 126 (1) 1,146 (89) 723 (76) 249 (24) it
No 30,582 (97) 3424 (12) 27,024 (88) 17,504 (81) 4,740 (19)
Depression Yes 8,523 (27) 1,221 (15) 7,249 (85) 5,174 (82) 1,349 (18)
No 23,289(73) 2,320 (11) 20,881 (89) 13,016 (81) 3,633 (19)
Osteoporosis or soft Yes 5,975 (18) 797 (15) 5,150 (85) 3,653 (82) 887 (18) e
bones No 25,778 (82) 2,743 (11) 22,922 (89) 14,509 (81) 4,083 (19)
Broken hip Yes 1,196 (3) 133(12) 1,061 (88) 669 (79) 205 (21)
No 30,659 (97) 3,419 (12) 27,101 (88) 17,549 (81) 4781 (19)
Emphysema/asthma/ Yes 6,180 (19) 866 (15) 5,286 (85) 3,756 (81) 997(19)
coPD No 25,661 (81) 2,682 (11) 22,866 (89) 14,456 (81) 3,988 (19)
Diabetes/high blood Yes 10,175 (33) 1,270 (13) 8,851 (87) 6,196 (81) 1,662 (19)
sugar No 21,659 (67) 2278 (1) 19,203 (89) 12,022 (81) 3,316 (19)
Any arthritis Yes 11,436 (61) 1,459 (13) 9924 (87) 6791 (80) 1,884 (20)
No 7,424 (39) 708 (10) 6,685 (90) 4,008 (80) 1,176 (20)
Any heart condition Yes 10,589 (32) 1,292 (13) 9,247 (87) 6,184 (80) 1,777 (20) et
No 20,585 (68) 2,154 (1) 18,343 (89) 11,635 (82) 3,093 (18)
Any osteoporosis Yes 6,544 (20) 838 (14) 5,677 (86) 3,952 (82) 979(18)
orbroken hip No 24,621 (80) 2,617 (1) 21,895 (89) 13,861 (81) 3,888 (19)
Ever smoke cigarette Yes 17,552 (58) 1,984 (12) 15,488 (88) 10,061 (81) 2,734(19)
Jeigar/pipe No 13,718 (42) 1478 (1) 12,181 (89) 7,812 (82) 2,149 (18)
Currently smoke Yes 341221) 399 (11) 2,990 (89) 1,848 (78) 597 (22) e
cigarette/cigar/pipe No 14,125 (79) 1,585 (12) 12,486 (88) 8,205 (82) 2,135(18)
Ever used e-cigarette Yes 2,745(9) 389 (14) 2,334 (36) 1,539 (80) 428 (20) e
No 28,477 (91) 3,071 (1) 25,293 (89) 16319 (81) 4,443 (19)
Smoke e-cigarette now  Yes 377 (15) 54(15) 321 (85) 211 (78) 63(22)
No 2,362 (85) 335 (14) 2,007 (86) 1,328 (81) 362(19)

& “don’t know; “not ascertained” and “refused” were excluded in calculating percentages and weighted chi
is forgone care, *p < 0.05,**p < 0.01, ***p < 0.001; when the outcom

uared statisti
elehealth coverage, + p < 0.05, ++p <

*Categories of
*

inapplicable/missi
dicates significant level according to P-values:
0.01,and + + +p < 0.001.

hen the outcon
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Characteristics

Age (years)
Gender
Male
Female
Education level
Primary
Secondary
Tertiary
‘Work status
Employed
Unemployed
Retired
Religion
Buddhism
Christianity
Hinduism
No religion
Marital status
Single
Married
Divorced
Widowed
Separated
Vaccination status
Yes
One dose
Two doses
Three doses
No
Date of first positive test
3" week of February
4™ week of February
1% week of March
2™ week of March
34 week of March
4™ week of March
Sereening test for Covid-19
Rapid antigen test (RAT)
Polymerase Chain Reaction (PCR)
Both

iving condition
Living alone
Living with family
No. of family outbreaks
Total no. of cases among family outbreaks
Length of home quarantine (days)
Range: 3-28
History of chronic discases
Yes
No

N (%)/Mean (SD)
55 (12.8) (range: 32-90)

7(23.3%)
23(76.7%)

5(16.7%)
15 (50.0%)
10 (33.3%)

16 (53.3%)
7(23.3%)
7(23.3%)

4(13.3%)
1(3.3%)
2(67%)

23 (76.7%)

5(16.7%)
20/(66.7%)
1(33%)
1(3.3%)
3 (10.0%)

27 (90.0%)
4(13.3%)
18 (60.0%)
5(16.7%)
3(10.0%)

3(10.0%)
6(20.0%)
13 (43.3%)
5(16.7%)
2(6.7%)
1(3.3%)

23(76.7%)
4(13.3%)
3(10.0%)

5(16.7%)
25 (83.3%)
21(70.0%)
57
108 (57)

9(30.0%)
21(70.0%)
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Unable to get care Primary care physician

because of COVID-19 (PCP) offers telehealth

Variable Est SE P-value ORS$ Est SE P-value OR sigt
Age 013 004 0.002 108 049 010 0.000 068 ottt
Medicare-medicaid dual eligibility 050 022 0010 092 481 059 0.000 058 ot
Use video/voice calls 0.09 004 0008 186 034 010 0.000 2.60 ottt
Able to pay rent/mortgage 041 018 0013 061 140 035 0.000 120 Tt
Able to get food 090 040 0012 039 217 045 0.000 132 s
Able to get home supplies 120 033 0.000 034 059 036 0.049 098 Rt
Feel financially secure 071 015 0.000 056 149 027 0.000 121 ot
Feel lonely or sad 033 016 0017 171 139 030 0.000 128 et
Angina pectoris/CHD 023 009 0.005 138 063 016 0.000 098 bt
Congestive heart failure 029 008 0.000 114 118 018 0.000 078 et
Other heart cond, eg valve/thythm 004 002 0035 122 029 007 0.000 091 et
Stroke/brain hemorrhage 029 006 0.000 107 050 016 0.001 081 -t
Cancer (non-skin) 0.06 003 0031 116 042 008 0.000 1.06 T+t
Alzheimers/dementia 048 009 0.000 0.89 118 025 0.000 071 -t
Depression 0.08 003 0005 150 031 006 0.000 1.04 Tt
Osteoporosis/soft bones 0.10 003 0.000 137 019 006 0.000 1.09 it
Broken hip 022 012 0037 1.00 089 031 0.002 086 e+
Emphysema/asthma/COPD 016 003 0.000 142 0.14 008 0.034 1.00 Rt
Ever used e-cigarette 015 007 0015 124 0.63 025 0.005 092 T+
Interview date 209 027 0.000 - 116 042 0.003 - et

imation and standard error for Random Forest variable importance (VIMP).

ighted odds rati dicating the direction of effects: if the value is larger than one, the first category of the variable in Table 1 is more likely with positive outcome
than the second category. For example, the odds ratio of age is 1.08, indicating that the 0 to 65 age group was more likely with telehealth coverage than the 65-74 age group.

#Sig indicates significant level according to P values of VIMP: when the outcome is forgone care, *p < 0,05, **p < 001, ***p < 0.001; when the outcome is telehealth coverage, + p < 0.05,
4+ p <001,and + + + p <0.001.
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TriNetX United States Collaborative Network
2020/1-2022/6
COVID-19 diagnosis or SARS-CoV-2 infection
N=2,857,925

Longitudinal analysis Comparative anal
Trend of case fatality rate and 2021/8-2022/4
COVID-19 vaccination N=1.413,620

Exclude COVID-19 cases
identified in 2021/12

N=236,871

Casc fatality rate in strata of
sex, age, or race T ]

2021/8-2021/11 2022/1-2022/4
N= 483,949 N= 692,800

Propensity score matching of age at index, sex,
race, comorbidities and medications

Delta wave Omicron wave
N- 483,946 N= 483,946
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Generation

1st gen. 2nd gen. 3rd gen. 4th gen. 5th gen. Total

Tested PCR+(%)  Tested PCR+(%) Tested PCR+-(%) Tested PCR+(%)  Tested PCR+(%)  Tested PCR+(%)

A 3 1(33) 55 5(9) 55 0(0) 0 0 0 0 13 6(5) 0.05
0.02-0.11

B 76 20 (26) 74 6(8) 15 2(13) 0 0 0 0 165 28(17) 017
0.12-0.24

C 23 11 (48) 54 11(20) 63 3(5) 0 0 0 0 140 25(18) 018
0.12-0.25

D 19 19 (100) 2 1(4) 0 0 0 0 0 0 2 20 (48) 048
0.32-0.64

E 8 5(63) 12 5(42) 11 19 2 10 (45) 15 0(0) 68 2131) 031
0.20-0.43

F 24 13 (54) 24 521) 12 3(25) 2 0(0) 0 0 62 21(34) 034
0.22-0.47

Total 153 69 (45) 242 33 (14) 156 9(6) 24 10 (42) 15 0(0) 590 121 21)

Attack 045 0.14 006 0.42 0.00 021

rate* [0.37-0.53] [0.09-0.19] [0.03-0.11] | [0.22-0.63] [0.00-0.22] [0.17-0.24]

* Attack rate [95% C.I.
The first column identifies the six clusters from (A to F) and the second row represents the five generations computed from all clusters.
The last column shows the attack rates with 95% confidence limits for the six clusters, and the last row shows the attack rates with 95% confidence limits per generation and overall.
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Total study sample (n = 596) Infected individuals (n = 127)

N (VA (%) Prevalence (%)
Age
0-20 157 (27.8) 50 (40.7) (31.8)
20-40 233 (413) 37 (30.0) (15.9)
40-60 143 (25.4) 27 (22.0) (18.9)
60+ 31 (5.5) 9 (7.3) (29.0)
Total 564 (100.0) 123 (100) (21.8)
Gender
Men 276 (46.5) 56 (44.1) (20.3)
Women 318 (53.5) 71 (55.9) (22.3)
Total 594 (100) 127 (100) (21.4)
Nationality
Bahraini 511 (86.5) 122 (96.1) (23.9)
Non-Bahraini 80 (13.5) 5 (3.9) (63)
Total 591 (100) 127 (100) (21.4)

Presence of symptoms

Yes 23 (18.9)
No 99 (81.1)
Total 122 (100)

Place of exposure

Work 86 (15.6) 2 (22) 23)
Family 411 (74.3) 89 (95.6) (21.7)
Clinic 50 (9.0) 0 0.0) (0.0)
Other places 6 (1.1) 2 (22) (33.3)

Total 553 (100) 93 (100) (16.8)
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Overall

Variable p value
(n =3,534) No (n =2,661) Yes (n = 873)
Black, (%) 0232
No 2260 (640) 1657 (63.) 573(65.6)
Yes 1.274(360) 971(366) 300 G1.4)
White,n (%) 0038
No 3189(902) 2017(908) 72884
Yes 3508) 24102) 101016)
Asian, n (%) 0335
No 3437973 2592074 815 068)
Yes 9707 06 2862)
Latino, (%) 0590
No 2179(617) 1639(616) 510(619)
Yes 1355383 102208.4) 33681
ML (%) 062
No 3390(959) 2,555.(96) 835 056)
Yes 14 (a1) 106 (4) 3844)
CHE (%) 0018
No 3107(57.9) 2356 (885) 751 (86)
Yes 27021 05115) 12200
VDL (%) 0281
No 3136 (887) 2370 69 766 67.7)
Yes 80113 291(109) 107023)
COPD, n (%) oon
No 332043 2521 019) 808 92.6)
Yes 06 13761 65 74)
DM Complicated, 1 (%) 0346
No 3164 (895) 2975 (893 789 00.4)
Yes 370 (105) 26107 81096)
DM Simple,n (%) 0678
No 3025 556) 2274 855) 751 (86)
Yes 509 (14.0) 370145 12200
Renal Disease, (%) 0023
No 2900 (s2.1) 2206 529) 91795)
Yes 64079) 45307.1) 179 205)
AILCNS, n (%) <000
No 2,085 (87.3) 2371 892) 71610
Yes (27 27 108) 162186)
Stroke,n (%) <0001
No 3494 (989) 2613 993) 85107.5)
Yes w000 1807) 205
e 477416751 0618216799 72101 £13.308 <0001
mperature 3732320925 31620872 734521071 0420
MAP 85895216362 89312212475 7548121579 <0001
9209921153 92967211189 894532 12,190 <0001
108 767626786 729446517 881147.430 <0001
wie 866726315 BaI826323 942826356 <0001
Lymphocytes 128423503 133853905 12041778 oz
Placlets 2326642114139 237.181£116.569 218895105265 <0001
Ferritin 1319.408:2 2970.928 1082.745:2 157,455 2010786 +5260.186 <0001
Glucose 1791054105131 1739752103171 194742:109.480 <0001
Sodium 13811527399 1375802663 1397169.160 <0001
per 201646451 1304911 119849426 <0001
cre 11949210644 10194£9.430 17297212257 <0001
D-dimer 381825174 313324515 590626361 <000t
AT 669794218798 56350+ 102500 99377400644 <0001
AL 445912107389 10428250930 572832193149 <000t
“Troponin 005840288 003820106 011820546 <0001
INR 120420991 116620926 L2 <0001
BUN 30735 30,630 2623926907 14439236647 <0001
Creatinine 200022605 178022450 267043063 <0001

MI, myocardial infarction; CHE, congestive heart failure; CVID, cerebrovascular disease; COPD, chronic obstructive pulmonary disease; DM, diabetes mellitus; CNS, central nervous system;
MAP, median arterial blood pressure; O2Sats, oxygen saturation; LOS, length of stay: WBC, white blood cells; PCT, procalcitonin; CRP, C-reactive protein; AST, aspartate aminotransferase;
ALT, alanine aminotransferase; INR, international normalized ratio; BUN, blood urea nitrogen.
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Countries

Australia

Canada

China

European Union

Five days after their first positive test and the case remained asymptomatic.

At least 10 days have passed since the date their positive specimen was collected, and the case
remained asymptomatic.

The case remained asymptomatic seven days after the sample for the positive test was taken and two
consecutive negative RT-PCR tests on days 6 and 7.

Not fully vaccinated: 10 days after the sample for the positive test was taken.

Fully vaccinated: 6 days after the sample for the positive test was taken and one negative RADT or
RT-PCR test from respiratory specimens on day 6.

Not fully vaccinated residents or staff of closed vulnerable population settings: 20 days after the
sample for the positive test was taken.

Fully vaccinated residents or staff of closed vulnerable population settings: 10 days after the date of
the sample collection for their diagnostic test and one negative RADT or RT-PCR test from
respiratory specimens on day 10.

Not vaccinated or not fully vaccinated, mild or moderate COVID-19 case with essential work: 10 days
isolation after the onset of symptoms.

Fully vaccinated and mild or moderate COVID-19 cases with essential work: 6 days of isolation after
the date of the sample collection for their diagnostic test and a negative RADT or RT-PCR test from
respiratory specimens on day 6 OR the patient above can be released from isolation when they have
two consecutive negative SARS-CoV-2 RADT or RT-PCR tests from respiratory specimens with a
minimum 24-h interval.

Symptomatic cases

Cases can be released from isolation 5 days after their first positive test if they meet the following criteria:
substantial resolution of their acute respiratory symptoms; no fever for 24 h without the use of
fever-reducing medications.

Isolation can be discontinued at least 10 days after the first symptom onset if the ever has resolved and
clinical symptoms have improved (absence of anosmia or fatigue/tiredness should not be required; absence
of cough should also not be required for those known to have chronic cough or for those who are
experiencing reactive airways post infection).

Patients with mild illness: 7 days after the sample for the positive test was taken AND two negative RT-PCR
tests from respiratory specimens on days 6 and 7.

Patients with moderate to critical illness: cases can be released from hospital isolation when they meet
the following criteria: two negative PCR tests at least 24 h apart; substantial resolution of their respiratory
symptoms; no fever for 3 successive days; and pulmonary imaging showed significant improvement in acute
exudative lesions.

Home quarantine can be exited if asymptomatic cases test negative on days 1, 4, and 7.

Mild/moderate COVID-19:

- Not fully vaccinated: the resolution of fever, if present, for at least 24h and clinical improvement of
symptoms other than fever; 10 days after the onset of symptoms.

- Fully vaccinated: the resolution of fever, if present, for at least 24 h and clinical improvement of symptoms
other than fever; 6 days after the onset of symptoms; one negative RADT or RT-PCR test from respiratory
specimens on day 6 or later.

Severe COVID-19: the resolution of fever for at least 24 h and clinical improvement of symptoms other
than fever; minimum 14 and up to 20 days after the onset of symptoms.

Immunocompromised patient: the resolution of fever, if present, for at least 24 h and clinical improvement
of symptoms other than fever; or 20 days after the onset of symptoms.

Not fully vaccinated residents or staff of closed vulnerable population settings: the resolution of fever, if
present, for at least 24 h and clinical improvement of symptoms other than fever; 20 days after the onset of
symptoms.

Fully vaccinated residents or staff of closed vulnerable population settings: the resolution of fever, if
present, for at least 24 h and clinical improvement of symptoms other than fever; 10 days after the onset
of symptoms; one negative RADT or RT-PCR test from respiratory specimens on day 10.

Not vaccinated or not fully vaccinated and mild or moderate COVID-19 case with essential work: the
resolution of fever for 24 h and clinical improvement of symptoms; 10 days isolation after the onset of
symptoms.

Fully vaccinated and mild or moderate COVID-19 cases with essential work: the resolution of fever for

24 h and clinical improvement of symptoms; 6 days after the onset of symptoms; a negative RADT or
RT-PCR test from respiratory specimens on day 6 OR the patient above can be released from isolation after
two consecutive negative SARS-CoV-2 RADT or RT-PCR tests from respiratory specimens 24 h apart.

India

Saudi Arabia

At least 7 days have passed from testing positive, and the case remained asymptomatic.

Unimmunized: 10 days have passed since the date of collection of the respiratory sample with the first
positive RT-PCR result.

Immunized: 7 days have passed since the date of collection of the respiratory sample with the first
positive RT-PCR result.

Mild cases: at least 7 days have passed from testing positive and no fever for three successive days.
Moderate cases: symptoms are resolved, and the patient maintains saturation above 93% for three successive
days without oxygen support and stable comorbidities.

Severe cases: discharge criteria will be based on clinical recovery at the discretion of the treating

medical officer.

Immunized: 7 days after the onset of symptoms and resolution of fever for at least 24 h without antipyretics.
Unimmunized:

- Mild confirmed cases: 10 days after the onset of symptoms and resolution of fever for at least 3 days, and
clinical improvement of other symptoms.

- Severe infection: at least 10 days have passed since the onset of symptoms, no recorded fever in the last 3
days without using antipyretics, and improvement of other symptoms (Cough, SOB, and GI symptoms).

- Severe infection with immunocompromised and critical cases (ICU admitted patients): at least 21 days
after symptom onset and resolution of fever for at least 3 days, and clinical improvement of symptoms
other than fever (Cough, SOB, and GI symptoms) OR at least 3 days have passed since recovery [resolution
of fever without using fever-reducing medication and symptom improvement (Cough, SOB, and GI
symptoms)] and followed by two negative respiratory samples more than 24 h apart.

UK

Children and young people aged 18 years and younger: if they feel well and without fever 3 days after
their first positive test.

Adults: at least 5 days after their first positive test, until they feel well-enough to resume normal
activities and no longer have a fever if they had one.

Children and young people aged 18 years and younger: 3 days after their first positive test if they feel well
and do not have a fever.

Adults: at least 5 days from their first positive test until they feel well-enough to resume normal activities
and no longer have a fever if they had one.

Us

Isolation can be discontinued at least 5 days after the first positive viral test.

People with mild COVID-19: isolation can be discontinued at least 5 days after symptom onset if fever has
resolved for at least 24 h (without taking antipyretics) and other symptoms are improving. A high-quality
mask should be worn around others at home and in public through day 10. A test-based strategy may be
used to remove a mask sooner.

People with moderate COVID-19: isolation and precautions can be discontinued 10 days after symptom
onset.

People with severe COVID-19: isolation can be discontinued at least 10 days after symptom onset.

For those with severe illness (e.g., requiring hospitalization, intensive care, or ventilation support), isolation
can be discontinued at least 20 days after symptom onset and after resolution of fever for at least 24 h
(without taking antipyretics) and improvement of other symptoms. Serial testing before ending isolation
can be considered in consultation with infectious disease experts.

People with moderately or severely immunocompromised (regardless of COVID-19 symptoms or
severity): results are negative from at least two consecutive respiratory specimens collected more than 24 h
apart (total of two negative specimens) tested using an antigen test or nucleic acid amplification test. If a
moderately or severely immunocompromised patient with COVID-19 was symptomatic, there should be
resolution of fever for at least 24 h (without taking antipyretics) and improvement of other symptoms.

WHO

If no testing is available, isolation can be discontinued at least 10 days after a positive test for
SARS-CoV-2.
If testing is available, two negative PCR tests at least 24 h apart can be used.

If no testing is available, isolation can be discontinued at least 10 days after symptom onset, plus at least
three additional days without symptoms (without fever and respiratory symptoms).
If testing is available, two negative PCR tests at least 24 h apart can be used.
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Variable

Overall (n=4,711)

Validation cohort
.177)

Derivation cohort

(n=3,534)

Death, n (%)
No

Yes

Black, 1 (%)

No

Yes

White, 1 (%)
No

Yes

Asian, 1 (%)
No

Yes

Latino, (%)

No

CHE n (%)
No

Yes

CVD, n (%)
No

Yes

COPD, 1 (%)
No

Yes
DM.Complicated, 1 (%)
No

Yes
DM.Simple, 1 (%)
No

Yes
Renal.Disease, 1 (%)
No

Yes

AILCNS, 1 (%)
No

Yes

Stroke, 1 (%)
No

Yes

Age
Temperature
MAP

Ossats

10S

WBC
Lymphocytes
Platelets
Ferritin
Glucose
Sodium

pCT

CRP
D-dimer
AST

ALT
Troponin
INR

BUN

Creatinine

MI, myocardial infarction; CHE, conges

MAR, median arterial blood pressure; O2Sats, oxygen saturation; LOS, length of stay; WBC, white blood cells; PCT, procalcitonin; CRP, C-reactive protein;

3,563 (75.6)

1,148 (24.4)

2,968 (63.0)
1743 (37.0)

4,245 (90.1)

466 (9.9)

4,590 (97.4)

121 (2.6)

2958 (62.8)
1753 (37.2)

4,510 (95.7)

201 (4.3)

4,170 (88.5)

541 (115)

4,205 (89.3)

506 (10.7)

4,446 (94.4)

265 (5.6)

4,216 (89.5)

495 (10.5)

4,025 (85.4)

686 (14.6)

3,878 (82.3)

833(17.7)

4,104 (87.1)

607 (12.9)

4,653 (98.8)
58(1.2)
6337016702
37318£0.905
8571716477
9214911575
767746780
863847.259
13344860
2311912111035
1322.15843072.975
179.0734105.377
138.08947.362
201646371
11814 10.609
376845.150

65.494:£204.2]

7

44.293£108.873

0.05640.268

1.192£0.952

30.529430.546

1.988:+2.624

heart failure; CVD, cerebrovascular disease; COPD, chronic obstructive pulmonary disease; DM, diabetes mellitus; C?

902 (76.6)
275 (23.4)

708 (60.2)
469 (39.8)

1,056 (89.7)

121(103)

1,153 (98)

2@

779 (6.2)

398 (33.8)

1,120 (95.2)

7 (4.8)

1,063 (90.3)
11497

1,069 (90.8)

108(9.2)

1,114 (94.6)

63 (5.4)

1,052 (89.4)

125 (10.6)

1,000 (85)

177(15)

978 (83.1)

199 (16.9)
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158 (13.4)
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18(1.5)
63,046 16556
3730440844
85.182£ 16815
92,3024 11674
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138009+7.253
192546.127
11409+ 10.497
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0.051£0.19
1.15420.809
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1.951+2.560

ALT, alanine aminotransferase; INR, international normalized ratio; BUN, blood urea nitrogen.
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3,136 (88.7)
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3,164 (89.5)
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3,025 (85.6)
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2,900 (82.1)

634(17.9)
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1319.408£2970.928

179.105£105.131

138.115£7.399

204646451

11949£10.644

381845174

66979218798

44.591£107.389

0.058+0.288

12040994

30.735430.630

200042645

ST,

0354

0.190

0.606

0.185

0.005

0259

0250

0.055

0.639

0.884

0593

0421

0524

0284

0443

0540

0.199

0.602

0.987

0.629

0217

0115

0915

0971

0.667

0131

0.246
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0745
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S, central nervous system;
aspartate aminotransferase;
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Variables

Age, years
Male 1 (%)

Hypertension n (%)

Diabetes 1 (%)

Chronic obstructive pulmonary disease n (%)
Chronic kidney disease n (%)

Anything 7 (%)

Oxygen support 1 (%)

High flow therapy n (%)

Non invasive mechanical ventilation 1 (%)

Invasive mechanical ventilation n (%)

Steroid 1 (%)
Pulse steroid n (%)
Tocilizumab 1 (%)

Etanercept 7 (%)

APACHE Il score

Hospital long stay d

Renal replacement therapy 1 (%)

Mortalite 1 (%)

APAC

, Acute Phys

and lymphocyte valug ignificantly lower, and
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logy and Chronic Health E
In the patient group with severe pneumonia, the mean age of the pat

CRP, procalcitont

General (n: 147)

65(52-78)
70 (48)
68 (46)
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19(13)
144.(39)
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26(18)
32(22)
52(35)
13(9)
20(14)
705
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202
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25 (40)
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1727)
12(19)
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20)
20)
0(0)
26(42)
7(11)
6(10)
209
12(8-14)
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ts with severe pneumonia, P/F(PO,/FiO), BCI

Severe pneumonia (n: 85)

73 (63-83)
45(53)
45(53)
29039
22(26)

16 (19)

16 (19)
68 (80)
2428)
24(28)
32(38)
26 (31)
6(7)
14(16)
5(6)
21(16-27)
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Variables

P/F ratio mmHg
BChE ng/ml
Procalsitonin ng/ml
CRP mg/d]

WBC /L.
Lymphocyte/puL
Platelet juL
Creatinine mg/dl
BUN mg/dl
ASTU/L

ALT U/L

Albumin g/dl
Ferritin ng/ml
Fibrinogen mg/dl
INR

D-dimer ng/ml
CKIU/L
CKMBIU/L
Troponin T ng/ml

General (n: 147) Median
(interquartile range)

164 (92-255)

1623 (109-27.16)
0.13 (0.06-0.48)
52(10.6-111.5)
9,500 (6,600-13,700)
800 (560-1,310)
279,000 (165.000-312,000)
0.8 (0.6-1.1)

15 (21-34)

28 (20-43)

26 (16-45)
33(29-36)

373 (158-810)

5,205 (4,047-6,732)
1.0 (09-1.1)

707 (371-1,798)

53 (36.5-118)
28(22-39)
113(52-28.2)

ST, aspartate

Mild-modarete pneumonia
(n: 62) Median (interquartile
range)

278 (252-317)

20 (10-35.7)

0.07 (0.04-0.09)
1295 (2.47-43.47)
7,550 (5,960-11,620)
1,080 (727-1,580)
208,520 (155,000-286,957)
0.7 (0.6-0.9)
17(10-23)

235 (18.7-30.5)
26.5 (17.5-43.5)
36(33-39)

213 (84-523)
4,7153,430-6,037
1(0.90-1.05)

411 (221-625)
41(27-66)
23(18.25-30.75)

6.3 (4-40,65)

Severe pneumonia (n: 85)
Median (interquartile range)

110 (82-173)
13(11.2-21.5)

029 (0.11-0,97)

98 (49.27-141.75)
11,700 (7,535-14,650)
670 (490-1,195)
247,500 (191,000-333,250)
09 (0.7-1.6)
29(18-48)

35(21-52)

24(13-45)
3.1(27-34)

573 (269-1056)

5,605 (4,295-6,880)
1.1(1.0-1.3)

1,208 (530-2,656)
82(45-179)

33 (25-45)

23 (11-58.4)

P

<0.001
0.001
0.001
<0.001
0.001
0.001
0.02
<0.001
<0.001
<0.001
04
<0.01
<0.001
0.005
0.001
<0.001
<0.001
<0.001
<0.001

BChE, Butyrylcholinesterase; BUN, blood urea nitrogen; CK, creatine kinase; CRP, C-reactive protein; INR, international
, white blood cell count.





OPS/images/fmed-09-940533/fmed-09-940533-t003.jpg
Variables

BChE.
Procalsitonin
CRP

WBC
Lymphocyte
Platelet
Creatinine
BUN

Lactat

ALT
Albumin
Ferritin
Fibrinogen
INR
D-dimer

cK

CKMB

Troponin

Bold values are statisti

Univariable

0.965 (0.936-0.994)
1.311 (1.002-1.715)
1012 (1.007-1.018)
1.118 (1.044-1.197)
1098 (0.930-1.296)
0.997 (0,994-1.001)
1504 (1.119-2.021)
1060 (1.033-1.087)
1.813 (1.216-2.704)
0.999 (0.994-1.004)
0260 (0.117-0.577)
1,000 (1.000-1.010)
1000 (1,000-1.001)
3,615 (1.172-11.149)
1.000 (1.000-1.001)
1000 (1.000-1.000)
1003 (0.994-1.013)
1000 (0.999-1.000)

0.026
0.046
<0.001
0.002
0.400
0.081
<0.001
0.007
0.006
0349
0.01
0.067
0.049
0013
0.003
0867
0765
0649

Multivariable

1002 (0.957-1.049)
0.808 (0.659-0.909)
1.014 (1.004-1.024)
1040 (0.925-1.170)

0,511 (0.218-0.195)
1.063 (0.996-1.135)
2.168 (1.056-4.449)

1710 (0.518-5.643)

1.000 (1.000-1.001)

1776 (0.318-9.908)
1.000 (1.000-1.001)

0490
0.039
0.019
0.165

0971
0238
0.035

0378

0.982

0.888
0.037
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Gene set follow link to MSigDB
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REACTOME_ACTIVATION_OF_ANTERIOR_HOX_GENES_IN_HINDBRAIN_DEVELOPMENT_DURING_EARLY_EMBRYOGENESIS —1.3797008

REACTOME_AMYLOID_FIBER_FORMATION
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REACTOME_ANTIMICROBIAL_PEPTIDES
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REACTOME_CELL_SURFACE_INTERACTIONS_AT_THE_VASCULAR_WALL
REACTOME_COLLAGEN_FORMATION

REACTOME_COMPLEMENT_CASCADE
REACTOME_DEGRADATION_OF_THE_EXTRACELLULAR_MATRIX
REACTOME_ECM_PROTEOGLYCANS
REACTOME_EXTRACELLULAR_MATRIX_ORGANIZATION
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GO:0002455
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GO:0016064
GO:0019724
GO:0030449
G0:0002449
GO:0002460
G0:0002433
G0:0038096
G0:0002920
G0:0038094

G0:0002431
GO:0002757
G0:0002429

Description

Complement acti

tion, classical pathway

Humoral immune response mediated by circulating immunoglobulin

Complement activation

Immunoglobulin mediated immune response

B cell mediated immunity

Regulation of complement activation

Lymphocyte mediated immunity

Adaptive immune response based on somatic recombination of immune receptors built from immunoglobulin superfamily domains
Immune response-regulating cell surface receptor signaling pathway involved in phagocytosis

Fe-gamma receptor signaling pathway involved in phagocytosis

Regulation of humoral immune response
Fe-gamma receptor signaling pathway

Fe receptor mediated stimulatory signaling pathway
Immune response-activating signal transduction

Immune response-activating cell surface receptor signaling pathway

Padj
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Gene name/ID

CAV1/857
CDC20/991
GPRC5D/55507
IGF1/3479
KIF20A/10112
MIXL1/83881
SDC1/6382
TSHR/7253

Description

Caveolin |

Cell division cycle 20

G protein-coupled receptor class C group 5 member D
Insulin like growth factor 1

Kinesin family member 20A

Mix paired-like homeobox

Syndecan 1

Thyroid stimulating hormone receptor
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Institution Publications Total citations Average citations Country

Panel A: Institution with most publications

Harvard Med Sch 18 1,364 116 USA
Univ Tehran Med Sci 68 820 12.1 Iran
UCL, Queen Sq Inst Neurol 63 5309 843 England
Massachusetts Gen Hosp 59 649 110 USA
Univ Toronto 58 757 13.1 Canada
Johns Hopkins Univ 56 660 118 USA
Kings Coll London 55 3,866 703 England
Mayo Clin 53 493 93 USA
Shahid Beheshti Univ Med Sci 53 678 128 Iran
Univ Milan 50 327 65 Italy
Panel B: Institution with most citations

Huazhong Univ Sci & Technol 46 6,162 1340 China
UCL, Queen Sq Inst Neurol 63 5,309 843 England
Kings Coll London 55 3,866 703 England
Univ Oxford 44 3,849 875 England
Univ Cambridge 29 2,855 984 England
Emory Univ 37 2519 68.1 USA
Karolinska Inst 27 2,407 89.1 Sweden
Univ Calif Irvine 20 2,384 1192 USA
Univ Liverpool 28 1,902 679 England

Harvard Med Sch 118 1,364 1.6 USA
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Author Publications

Panel AsAuthors with most publications

Finsterer, Josef 14
Garcia-Azorin, David 14
Rezaci, Nima 1
Zetterberg, Henrik 14
Lewis, Ariane 13
Padovani, Alessando 13
Benito-Leon, Julian 12
Sriwastava, Shif 12
Tedeschi, Gioacchino 12
Lavorgna, Luigi 1
Panel B:Authors with most citations

Solomon, Tom 6
Zetterberg, Henrik 4
Asadi-Pooya, Ali A, 6
Padovani, Alessandro 13
Koralnik, Igor J. 7
Blennow, Kaj 9
Kremer, Stephane 10
Ashton, Nicholas . 7
Leonardi, Matilde 7

Lersy, Francois 6

Total citations

128
183
129
581
136
441
190
106
161
140

1110
581
482
441
441
391
376
359
229
27

Average citations

9.1
13.1
9.2
415
105
339
158
838
13.4
127

185
415
803
339

63
434
376
513
327
37.8

Latest reported institution

Univ $a0 Paolo

Hosp Clin Univ Valladolid

Tehran University of Medical Sciences
UCL, Queen Sq Inst Neurol

New York University

University of Brescia

Univ Hosp Octubre

West Virginia University

Universita della Campania Vanvitell

Universita della Campania Vanvitelli

University of Liverpool
Sahlgrenska University
Shiraz University of Medical Science

University of Bre

Northwestern University
University of Gothenburg
Hop Univ Strasbourg
University of Gothenburg
University of Gothenburg

Univ Hosp Strasboug

Country

Austria
Spain
Iran
England
Usa
Ttaly
Spain
USA
Italy
Italy

England
Sweden
ITran
Italy
USA
England
France
England
England

France
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Total (n = 387)

No pneumonia Pneumonia without hypoxia Hypoxia without respiratory Respiratory p
(n = 186) (n=116) failure (n = 66) failure (n = 19)
Demographics
Age 57.8+18.2 56.6 £ 18.7° 56.3 £ 18.3° 61.56+17.3 66.2 + 12.1*F 0.006
Female sex 194 (50.3) 98 (62.7) 55 (47.4) 31 (47.7) 10 (52.6) 0.767
BMI, kg/m? 2544 4.4 253445 251 +46 257 £4.4 26.5 + 3.3 0.546
Vaccination 204 (52.7) 124 (66.7) 48 (41.4) 25 (37.9) 7 (36.8) <0.001
Microbiologic findings
RdRp gene 19.0+56.8 19.0+5.8 18.9 £ 6.1 19.8+5.5 16.7 £ 4.1 0.248
E gene 19.3+5.6 19.2+58 19.5+5.6 196+5.4 172 +£4.0 0.390
Laboratory findings
LDH, U/L 2658+ 111.3  218.0 £ 69.9M 258.5 + 80.1*# 350.2 + 112,518 483.1 + 169.5"1* <0.001
AST, U/L 33.4+21.9 29.0 + 16.6% 34.2 £26.2° 37.1+16.2 59.9 4+ 34.3*F <0.001
ALT, U/L 31.9+28.7 30.2 +28.8 31.4+29.5 33.3+26.7 46.6 +34.6 0.136
CRP, mg/dL 32451 1.1+ 1.5M 2.5 425 7.1 +£59+ 14.2 +£11.5 <0.001
Fibrinogen, mg/dL 4593 + 1412  398.1 & 108.81#S 478.0 + 121.3*# 559.2 + 158.9*F 618.4 +140.9*T <0.001
D-dimer, pg/dL 1.0+25 0.8+1.9 09+25 1.6 £+ 3.1 21+45 0.179
WBC,/L*1000 5.6+3.8 54 +46 5.1 £:2:2 6.5+29 83+44 0.792
Neutrophil (%) 629+ 13.6 58.7 £ 11.7% 61.5 + 12.3% 71.9 £ 12.6*TS 82.6 + 8.9+t <0.001
Procalcitonin, ng/mL 1.6+23.7 0.1 +£0.7 04+1.6 7.7 +57.7 3.0+6.2 0.035
Ferritin, ng/mL 302.7 £ 419.7  247.3 £ 2326 470.2 + 493.9* 586.6 + 429.0* 1018.3 &+ 661.0* <0.001

Data are presented as mean + standard deviation or number (%).

*o < 0.05 vs. no pneumonia.

T < 0.05 vs. pneumonia without hypoxia.

*p < 0.05 vs. hypoxia without respiratory failure.

S p < 0.05 vs. respiratory failure.
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Total (n = 147) No pneumonia  Pneumonia without hypoxia Hypoxia without respiratory Respiratory p

(n=37) (n =54) failure (n = 42) failure (n = 14)
CT findings
HAA, whole (%) 11.7 £ 7.1 7.7 + 3.9% 9.7 £5.1% 14.2 + 6.7*19 23.0 + 7.7*% <0.001
HAA, Rt 11.24+6.7 7.5+ 3.9% 9.3+ 4.7% 13.3 + 6.6*TS 21.7 £ 7.0*% <0.001
HAA, Lt 13.1+£8.4 8.3+ 3.7% 10.8 £ 5.9% 15.9 4+ 8.0*1S 25.4 + 11.1*1# <0.001
LAA, whole (%) 3.4+37 434425 2.8+ 3.1% 3.8+4.3% 1.3 £ 1.1+ <0.001
AWT-Pi10, mm 40+09 41405 3.8+1.3 42404 420+0.3 0.144
Wall area (mean) 69.5+5.5 68.9 + 4.1 68.9 + 7.1 704 + 4.8 704+ 4.0 0.449

Data are presented as mean + standard deviation.
*p < 0.05 vs. no pneumonia.

Tp < 0.05 vs. pneumonia without hypoxia.

*p < 0.05 vs. hypoxia without respiratory failure.

S p < 0.05 vs. respiratory failure.
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eter Meaning 95%ClI Value Source

A Minimum conversion rate (0.00000881,0.000011) 0.00001 Estimated
” Adjustment coefficient (0.00021,0.00024) 0.00023 Estimated
n Adjustment coefficient (990,1,011) 1,000 Estimated
a Minimum conversion rate (0.0000009,0.0000011) 0.000001 Estimated
” Adjustment coefficient (0.00015,0.00016) 000016 Estimated
m Adjustment coefficient (289,3.11) 3 Estimated
ai Transfer rate (0.008,0011) 001 Estimated
¢ Weight parameter of controlling increasing rate (0:66,072) 068 Estimated
q Exponential decline rate (0.00008,0.00012) 0.0001 Estimated
e Logarithmic increment rate (0.009,0.011) 001 Estimated
! Logarithmic increment rate (0.0235,0.0265) 0025 Estimated
o Linear increasing rate (0.00214,0.00216) 000216 Estimated

I Linear increasing rate (0.000018,0.0000219) 000002 Estimated
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Parameter
»

a
@
a3

alt)

x

x

Meaning

Isolation rate of susceptible class
Exit rate of the susceptible class
Exit rate of the carried class

Exit rate of the recovered class

Relative transmission strength of carried class to the susceptible class

‘The probability of local outbreak
‘The transmission parameter of Delta variant

“Transfer rate of carried class to the symptomatic class

Recovery rate of the symptomatic infected individuals

Death rate due to infection

“Transfer rate of concentration quarantine susceptible individuals to the

symptomatic infected class

Entry rate from foreign region to the mainland China

‘The initial weigh value of effective duration of PCR test

‘The initial weigh value of number of immigration flights

Release rate of concentration quarantine susceptible individuals o the

susceptible dlass

Transfer rate of concentration quarantine susceptible individuals to the

symptomatic infected class

“Transfer rate of concentration quarantine susceptible individuals to the

asymplomatic infected class

Recovery rate of the asymptomatic infected individuals

Initial value of susceptible individuals in the free environment

Initial value of existing carried cases

Initial value of existing symptomatic cases

Tnitial value of cumulative recovered individuals
Initial value of cumulative deaths

Initial value of existing suspected cases

Initial value of existing asymptomatic cases
Initial value of cumulative immigration

Initial value of existing emigration

“Total population in the mainland China

‘The effective duration of PCR test

‘The number of immigration flights

‘The strengths of centralized isolation and quarantine

‘The weight parameter of incubation period

Value

0.00000015
0.00000011%x1
0.0001%x]

0.0000057 %x]

0.1194
0.000000001

0.1515=1/44%2/3

[0.0357,0.0714]
0

0.0758=1/44%1/3

[0.0357,0.0714]

1.41007756¢"*~L,(1)

638

87,140

4316

8577

456

x| #211%41/0.68

1411,478,724

[2,3,4,5,6,7.8.9,10,11,12,13,14]
20,40,60,79,100,120,140,160,180,320,640,1,000,1,366]

(10,14,17,21,24,28,31,35,38,42,45,49,52]

Source
Ref (40)

Reported data
Reported data
Reported data

See formula (8)

See formula (9)
Ref (41)

Ref (42)

Reported data
Reported data
Ref (42)

See formula (1)
See formula (2)
See formula (3)
See formula (5)
See formula (6)
See formula (7)
Reported data
Reported data
Reported data
Reported data
Reported data
Reported data
Reported data.
Reported data
Reported data
Reported data

Reported data
Reported data
Reported data
Reported data

See formula (4)





OPS/images/fresc-04-1209900/fresc-04-1209900-t002.jpg
T T2

Mean (SD) | Mean (SD) | privee (%)
Body mass (kg) 989 (166) | 987 (163) 0774
Body Mass Index (kg/m’) 315 (47) 324 (50) | <001 (0.19)
Fat mass (%) 300 (105) | 295 (11.5) 0529
Fat free mass (kg) 669 (104) | 70.1(115) | <001 (031)
30-sec Sit-to-stand test (n) 147 (47) 154 (4.1) 0304
Timed Up and Go (s) 6.4 (16) 63 (14) 0.767
Self selected gait speed (m/s) 131(024) | 133 (025) 0443
Fast-paced gait speed (m/s) 182(032) | 180 (0.28) 0610
Grip strength (kg) 416 (117) | 418 (13.0) 0732
Systolic blood pressure (mmHg) | 143.8 (17.3) | 1486 (19.5) 0263
Diastolic blood pressure (mmHg) | 764 (1L1) | 79.4 (11.1) 0264
FEVI/FVC 080 (008) | 0.8 (0.07) 0424
MEDLIFE index 1410 (41) | 1323 (43) 0170
EDMONTON Scale 341 (25) 182(22) | <001 (064)
SARC-CalF Score 145 (15) 07.(1.0) | 0.014 (0.50)
MoCA Score 243 (29) 253 (32) | 0.014(0.35)

FEVL, forced expiratory volume in one second; FVC, forced vital capacity; MEDLIFE,
Maditerraness lifestyle: MoCA, Mortreal Cognitive Assessmant score.
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N 39
Age (years), mean = SD 591103
Height (cm) 175987
Body mass (kg) 989 + 16.6
Body Mass Index (kg/m?) 315+4.7
Fat mass (%) 300105
Fat-free mass (kg) 66.9 = 10.4
Number of hospital days 7560
Physical activity (MET min/day) 31283968
Sedentary behavior (min/day) 32351816

Smoking status, n (%)
Current smoker 1(26)
Former smoker 6 (15.4)

C
Hypertension 17 (43.6)
Coronary heart disease 3(.7)
Heart failure 2(51)
Atrial fibrillation 2(50)
Asthma 2(5.1)
coPD 1(26)
Diabetes [ [
Diabetes II 8(205)

COPE. Clyoriic chstructive puimorary dikesse.
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Parameter

br

dr

Description
Bith rate
Mortality

Transmission relative rate

Relative transmissibilty rate of asymptomatic to symptomatic individuals
Proportion of the asymptomatic

Incubation relative rate

Latent relative rate

Recovered/removed rate of the infectious

Recovered/removed rate of the asymptomatic

Case fatality rate

Unit

Individuals~".days™"

Value

05
05
02
02
0.1667
0.1667
0.02348

Range

Method

Regional statistical
yearbook

Regional statistical
yearbook

Curve fiting
(19,21)

(19)
(19,21,22)
(19,22)
(19,22)

(19, 22)
Analysis of data
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Provinces and cities

Beiing
Tianjin

Hebei province

Shanxi province

Inner monggolia autonomous region
Liaoning province

Jiin province

Heilongjiang province

Shanghai

Jiangsu province

Zhejiang province

Anhui province

Fujian province

Jiangxi province

Shandong province

Henan province

Hubei province

Hunan province

Guangdong province

Guangxi zhuang autonomous region
Hainan province

Chongging

Sichuan province

Guizhou province

Yunnan province

Shaani province

Gansu province

Qinghai province

Ningxia hui autonomous region
Xinjiang uygur autonomous region

R

0.732
0.206
0.435
0545
0.282
0212
0.344
0.767
0712
0.797
0.697
0427
0.400
0.857
0.491
0.800
0.592
0711
0.810
0.201
0.432
0511
0.707
0.648
0.826
0513
0.333
0229
0.168
0.261

<0.001

<0.05
<0.001
<0.001

<0.05

<0.05

<0.06
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

<0.05
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

<0.06

<0.05

<0.05

<0.05
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Others(ne18)
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Variable n=1,062 Agree group (n = 960) Disagree group (n = 102) X2t p-Value

(percentage) (percentage) (Percentage)
Sex

Male 406 (38.2) 371 (38.6) 35(34.3) 0733 0392
Female 656 (61.8) 580 (61.4) 67 (65.7)

Age (years)

<18 3003 2(02) 1(1.0) 3825 0.407
18-80 377 (35.5) 346 (36.1) 31(30.4)

3140 305 (28.7) 272 (28.4) 33(32.4)

41-50 196 (18.5) 177 (18.4) 19(18.6)

>50 181 (17.0) 163 (16.9) 18(17.6)

Healthcare workers

Yes 497 (46.7) 457 (47.6) 40(39.2) 2,606 0.106
No 565 (53.3) 503 (52.4) 62(60.8)

Education

Junior high and below 93(87) 86 (89) 769 4785 0187
Senior school 97 .1) 90(9.9) 769

Bachelor 724 (68.1) 657 (68.5) 67 (65.7)

Postgraduate 148 (13.9) 127 (13.3) 21(205)

Marital status

Married 725 (68.2) 652 (67.9) 73(71.6) 0568 0451
Single 337 (31.8) 308 (32.1) 29(28.4)

Children

Yes 682 (64.2) 621 (64.6) 61(59.8) 0967 0.328
No 380 (35.8) 330 (35.4) 41(40.2)

Living with elderly individuals

Yes 533 (50.6) 493 (51.3) 45 (44.1) 1.932 0.165
No 524 (49.4) 467 (48.6) 57 (55.9)

Influenza vaceination in 2020

Yes 525 (49.4) 482 (50.2) 43 (42.2) 2.391 0.122
No 537 (50.6) 478(4.8) 59(57.8)

Worried about experiencing COVID-19

Yes 666 (62.7) 613 (63.8) 53(52.0) 5577 0018
No 396 (37.3) 347 (36.2) 49 (48.0)

Understanding how the vaccine works

Yes 1,017 43) 924(96.2) 93(91.2) 5849 0016°
No 45(95.7) 36(3.8) 988

Completion of COVID-19 vaccination with

a two-dose regimen

Yes 1,016 (95.6) 935 (97.3) 81(79.4) 71.965 <0001"
No 46 (4.4) 25(2.7) 21(20.6)

The vaccine is effective

Yes 925 (87.1) 867 (90.3) 58 (56.9) 91816 <0001"
No 137 (12.9) 93(9.7) 44(43.1)

‘COVID contact or living in a high-risk area

Yes 86(8.1) 81(8.4) 5.9 1.549 0213
No 976 (91.9) 879(91.6) 97 (95.1)

Income (RMB)

<5,000 412 (38.8) 381(39.6) 31(30.4) 4034 0.134
5,000-10,000 465 (43.7) 417 (435) 48(47.1)

>10,000 185 (17.5) 162 (16.9) 23(225)

Effect of COVID-19

Notatal 403.7) 38(3.9) 220 6.842 0086
Mild 67 (6.3) 55(5.7) 12(11.8)

Moderate 581 (54.7) 528 (55.1) 53(519)

Severe 374 (35.3) 339 (35.3) 35(34.3)

GHQ-12 score

=8 105 (9.9) 88(9.2) 17 (16.7) 5.821 0016*
<3 957 (90.1) 872 (90.9) 85(83.3)

DASS-21

Depression (mean =+ SD) 1,062 361£3.18 5.75 £ 4.10 9.378 0.002*
Anxiety (mean = SD) 1,062 271825 393+433 17.08 <0.001"
Stress (mean = SD) 1,062 373877 496+ 421 2475 0116

‘p < 0.05."p < 0.001.
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Variable

Sex
Male (reference)

Female

Age (years)

<18 (reference)

18-30

31-40

41-50

>50

Healthcare workers

Yes (reference)

No

Education

Junior high and below (reference)
Senior school

Bachelor

Postgraduate

Marital status

Married (reference)

Single

Children

No (reference)

Yes

Living with elderly individuals
No (reference)

Yes

Influenza vaccination in 2020
No (reference)

Yes

Worried about

experiencing COVID-19

No (reference)

Yes

Understanding of the vaccine
No (reference)

Yes

Completion of COVID-19
vaccination with a two-dose
regimen

No (reference)

Yes

The vaccine is effective

No (reference)

Yes

‘COVID contact or living

in a high risk area

No (reference)

Yes

Income (RMB)

<5,000 (reference)
5,000-10,000

>10,000

GHQ score

=8 (reference)

<3

OR

0.673

0.372
1.409
1.201
0.862

0.694

2.225
2.220
1.611

2.099

1.913

1.466

1.2156

2.159

2.879

9.708

7.949

1.659

1.662
1.007

1
2.903

95%Cl

0.401-1.130

0.021-6.517
0.539-3.687
0.556-2.596
0.388-1.915

0.409-1.180

0.687-7.198
0.753-6.550
0.868-2.991

0.940-4.690

0.864-2.488

0.824-2.448

0.756-1.950

1.331-3.501

1.143-7.248

4.474-21.069

4.769-13.251

0.607-4.533

0.747-3.694
0.524-1.935

1.476-5.708

‘p < 0.05. " p < 0.001. OR, odds ratio; Cl, confidence interval.

p-Value

0.134

0.498
0.484
0.641
0716

0177

0.182
0.148
0.131

0.071

0.122

0.156

0.421

0.002"

0.026%

<0.001*

<0.001*

0.323

0213
0.984

0.002*
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Prefecture Average Rt during the 7 Average Rt during the 7 Absolute reduction in Ry Relative reduction in R;
days pre-PEM instatement days post-PEM instatement

Hokkaido* 1.44 (1.38, 1.50) 1.09 (1.04, 1.14) 0.34 (0.26, 0.45) 0.24 (0.19, 0.30)
Gunma 0.66 (0.54, 0.79) 0.95(0.78, 1.10) —0.30 (-0.49, —0.03) —0.45 (-0.86, —0.03)
Saitama 1.19(1.11,1.29) 1.08 (0.99, 1.17) 0.11 (—0.04, 0.26) 0.09 (-0.03, 0.21)
Chiba 1.11 (1.00, 1.21) 1.10(0.98, 1.20) 0.01 (-0.15, 0.23) 0.01 (-0.15, 0.19)
Tokyo 1.14 (1.09, 1.20) 116 (1.11,1.21) —0.02 (-0.10, 0.07) —0.02 (-0.09, 0.05)
Kanagawa 1.11 (1.03, 1.19) 1.08 (0.98, 1.16) 0.08 (-0.10, 0.18) 0.03 (—0.09, 0.15)
Ishikawa 0.65 (0.46, 0.83) 1.37 (1.07, 1.55) —0.72 (-0.93, —0.29) —1.11 (-1.89, —0.37)
Gifu* 1.41(1.28,1.52) 0.80 (0.70, 0.89) 0.61 (0.43, 0.80) 0.43(0.33, 0.53)
Aichi 1.20 (1.12,1.27) 1.09 (1.01, 1.15) 0.11(0.00, 0.24) 0.09 (0.00, 0.19)
Mie* 1.19 (1.01, 1.37) 0.83 (0.64, 0.99) 0.35(0.11, 0.70) 0.30(0.10, 0.52)
Kyoto 1.27 (1.14,1.40) 1.25(1.13, 1.36) 0.02 (—0.16, 0.24) 0.02 (-0.13, 0.17)
Osaka 1.30 (1.25, 1.36) 1.27 (1.23,1.31) 0.04 (-0.04, 0.12) 0.03 (—0.03, 0.09)
Hyogo 1.44 (1.35, 1.52) 1.29 (1.22, 1.36) 0.14 (0.02, 0.27) 0.10(0.02, 0.18)
Ehime 0.72 (0.53, 0.92) 0.64 (0.34, 0.87) 0.08 (—0.24, 0.54) 0.11(-0.43, 0.61)
Kumamoto 0.80 (0.69, 0.92) 0.58 (0.42, 0.70) 0.23 (0.05, 0.46) 0.28 (0.07, 0.52)
Okinawa 1.12 (0.98, 1.24) 0.92 (0.80, 1.02) 0.20 (0.02, 0.41) 0.18 (0.02, 0.33)

Values in parentheses are bootstrapped 95% confidence intervals.

*The 7-day period prior to implementation of pre-emergency measures in Hokkaido, Gifu, and Mie prefectures overlapped with a 10-day national holiday. Considering the
7-day period before the start of the holiday period instead (to eliminate the influence of holiday mobility on Ry), the relative reduction in Ry was estimated to be 0.21 (0.15,
0.28) in Hokkaido, 0.44 (0.34, 0.53) in Gifu, and —0.02 (—0.29, 0.27) in Mie.
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Prefecture

Average Rt during the 7
days pre-SoE declaration

Average Rt during the 7
days post-SoE declaration

Absolute reduction in Ry

Relative reduction in R;

Hokkaido” 1.44 (1.38, 1.50) 0.79 (0.74, 0.84) 0.65 (0.58, 0.72) 0.45 (0.41, 0.49)
Tokyo 1.14 (1.09, 1.20) 0.93 (0.88, 0.98) 0.21 (0.14, 0.29) 0.19(0.13,0.25)
Aichi 1.20 (1.12, 1.27) 0.81(0.76, 0.86) 0.39 (0.29, 0.49) 0.33(0.26, 0.39)
Kyoto 1.27 (1.14, 1.40) 1.04 (0.92, 1.16) 0.23 (0.07, 0.42) 0.18 (0.06, 0.31)
Osaka 1.30 (1.25, 1.36) 0.81(0.77, 0.86) 0.49 (0.42, 0.56) 0.38(0.33, 0.42)
Hyogo 1.44 (1.35, 1.52) 0.76 (0.70, 0.83) 0.67 (0.57, 0.78) 0.47 (0.41,0.52)
Okayama 0.48 (0.39, 0.56) 0.54 (0.41, 0.64) —0.06 (=0.21, 0.14) —0.13 (=0.51, 0.26)
Hiroshima 0.97 (0.90, 1.06) 0.68 (0.59, 0.75) 0.30 (0.16, 0.44) 0.31(0.18,0.43)
Fukuoka 1.09 (1.03, 1.14) 0.58 (0.52, 0.63) 0.51 (0.42, 0.60) 0.47 (0.40, 0.53)
Okinawa 1.12(0.98, 1.24) 1.16 (1.04, 1.26) —0.04 (=0.20, 0.13) —0.04 (=0.19, 0.11)

Values in parentheses are bootstrapped 95% confidence intervals.
*The 7-day pre-SoE period in Hokkaido overlapped with a 10-day national holiday. Considering the 7-day period before the start of the holiday period instead (to eliminate
the influence of holiday mobility on the Ry), the relative reduction in Ry was estimated to be 0.44 (0.38, 0.49).
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Risk score

Odds ratio (95% Cl)

Hosmer and Lemeshow test

X2 P-value
Model 1 SEIMC_score 1.03 (0.85-1.25) 0.74 6.73 8 0.57
Model 2 IRS-NLR score 1.31(1.06-1.62) 0.01 5.84 8 0.67
Model 3 Inflammatory_score 1.39 (0.90-2.13) 0.28 6.83 8 0.56
Model 4 Shang_severity_score 1.71 (1.09-2.69) 0.02 14.3 8 0.07
Model 5 VICE score 19.6 (3.06-126.0) 0.002 8.49 8 0.39

Model 1: age + sex + SpO2 at 24-h admission + C-reactive protein (CRP) + albumin + D-dimer + Spanish Society of Infectious Diseases and Clinical Microbiology (SEIMC) score.
Model 2: age + sex + SpO2 at 24-h admission + CRP + albumin + D-dimer + IRS-NLR_score.

Model 3: age + sex + SpO2 at 24-h admission + CRP + albumin + D-dimer + inflammatory score.

Model 4: age + gender + SpO2 at 24-h admission + CRP + albumin + D-dimer + Shang_severity_score.

Model 5: age + sex + SpO2 at 24-h admission + CRP + albumin + D-dimer + VICE_score.
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Characteristics ~ Category  Frequency ~ Percent

Male 214 536
Sex

Female 185 464

20-25 62 155

26-30 142 356
Age (years), categorized

31-40 7 198

41-56 116 2.1

Protestant 261 654

Orthodox 13 283
Religion Muslim 18

Catholic 10 25

Others, specify 8 20

gle 131 328

Married 259 649
Marital Status

Widowed 3 08

Separated 6 15

Primary to high 10 25

school

Certificate 7 18
Education status

Diploma 76 190

Degree and 306 767

above

Yirgalem 88 21
Residence Leku 108 7.1

Hawassa 203 509
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Risk score

Variables

Risk stratification in original study

OR (95% Cl) for

mortality,
intubation*

RO-AUC for
mortality,
intubation*

score (13)

NLR

9-11 points defined as very high risk, 90.9-92.8% of IMV rate
12-13 points defined as very high risk, 100% of IMV rate.

(1.53-2.13)

Shang COVID Age, coronary heart disease, Total score > 2 points defined as high risk; mortality rate 10% 2.40 (1.72-3.36), 1.76 0.836,0.73

severity score (12) Lymphocyte < 8%, vs. 81.1% in low-risk group vs. high-risk group (p < 0.01) (1.44-2.15)
Procalcitonin > 0.15 ng/ml,
D-dimer > 500 ng/ml

SEIMC (11) Age, lowest SpO3, NLR, eGFR, 6-8 points defined as high risk, mortality rate was 1.17 (1.09-1.25), 1.09 0.807,0.70

dyspnea, sex 10.6-19.5%; 9-30 points defined as very high, mortality rate (1.04-1.15)
was 27.7-100.0%

Inflammation-based | WBC > 9.3 x 103 cells/pL, CRP 5-6 points defined as severe risk, 71% of IMV rate 1.63 (1.27-2.10), 1.45 0.775, 0.69

risk score (14) level > 13.0 mg/L, serum albumin (1.24-1.71)
level < 3.6 g/dl

VICE (17) DM, SpO,/FiO,, LDH 4th quintile defined as 0.52-0.81 points, 66.30% of IMV rate 51.8 (12.1-221.1), 187.0 0.804, 0.82
5th quintile defined as 0.81-0.99 points, 90.20% of IMV rate (45.1-766.1)

COVID-IRS-NLR Respiratory rate, SaFiO,, LDH, 5-8 points defined as high risk, 36.6-69.5% of IMV rate 1.51 (1.28-1.78), 1.81 0.781,0.82

eGFR, estimated glomerular filtration rate; SpO,, peripheral arterial oxygen saturation; FiO,, fraction of inspired oxygen; SaFiO;, ratio of oxygen saturation to fraction of inspired oxygen; CRP,
C-reactive protein; NLR, neutrophil to lymphocyte ratio; DM, diabetes mellitus; CRP, C-reactive protein; LDH, lactic dehydrogenase; IMV, invasive mechanical ventilation; OR, odds ratio; ROC-

AUG, receiver-operator characteristic with area under the curve; CI, confidence interval.

*Results of external validation within our cohort.
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Ventilation use No ventilation use P-value Univariate

N = 65 N =220 Odds ratio (95% ClI) P-value
Age (years) 65.8 £11.5 60.3 +£15.4 0.002 1.03 (1.01-1.05) 0.009
Gender (male, %) 42 (64.6%) 114 (51.8%) 0.09
DM 24 (36.9%) 61 (27.7%) 0.17
CAD 7 (10.8%) 14 (6.4%) 0.28
Statin use 6(9.2%) 23 (10.5%) 1.00
Lowest SpO, (%) 90.0 £9.2 94.7 £ 4.4 <0.001 0.88 (0.83-0.93) <0.001
eGFR (MDRD) (ml/min/1.73 m?) 67.9 425 79.4 £34.0 0.03
BMI (kg/m?) 250+59 259445 0.92
SEIMC_score 9.7 +3.9 72+54 <0.001 1.09 (1.04-1.15) 0.001
IRS-NLR_score 50+2.8 20%£17 <0.001 1.81 (1.53-2.13) <0.001
Inflammatory_score 37 £1.7 25+1.8 <0.001 145 (1.24-1.71) <0.001
Shang_severity_score 32414 1.8+15 <0.001 1.76 (1.44-2.15) <0.001
VICE _score 0.40 £ 0.30 0.11 +£0.15 <0.001 187.0 (45.1-766.1) <0.001
Procalcitonin (ng/ml) 25+12.5 0.7 +£5.6 0.27
D-dimer (ng/ml) 2,609.7 & 3,084.2 1,116.9 £ 1,368.6 <0.001 1.00032 (1.00018-1.00046) <0.001
Platelet (L) 188,328.1 + 60,221.6 206,948.2 £ 92,196.0 0.06
‘White blood cell count (L) 8,384.4 +£5,714.4 7,444.7 £ 8,268.7 0.40
Albumin (g/dl) 3.6+0.5 39+06 <0.001 0.35 (0.20-0.61) <0.001
CRP (mg/dl) 120+£7.8 56+538 <0.001 1.14 (1.09-1.19) <0.001

DM, diabetes mellitus; CAD, coronary artery disease; eGFR, estimated glomerular filtration rate; MDRD, modification of diet in renal disease; BMI, body mass index; CRP, C-reactive protein, LDH,

lactic dehydrogenase.
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All patients Non-survivors at Survivors at P-value Univariate

30 days 30 days
N = 285 N =25 N =260 Odds ratio (95% CI) | P-value

Age (years) 61.5+14.8 71.7'4:10:3 60.6 £ 14.9 <0.001 1.07 (1.03-1.11) <0.001
Gender (male, %) 156 (54.7%) 16 (64.0%) 140 (53.8%) 0.40

DM 85 (29.8%) 11 (44.0%) 74 (28.5%) 0.11

CAD 21 (7.4%) 5(20.0%) 16 (6.2%) 0.03 0.26 (0.09-0.79) 0.02
Statin use 29 (10.2%) 5(20.0%) 24 (9.2%) 0.15

Lowest SpO, (%) 937462 88.6 £8.5 941457 0.004 0.92 (0.87-0.96) 0.001
eGFR (MDRD) (ml/min/1.73 m?) 76.8 +36.3 53.6 £60.3 79.0 £32.3 0.05

BMI (kg/m?) 260 £4.9 251471 261+ 46 0.52

SEIMC_score 7:.8+£52 12.5:452 73+£49 <0.001 1.17 (1.09-1.25) <0.001
IRS-NLR_score 27+24 54+32 25+21 <0.001 1.51 (1.28-1.78) <0.001
Inflammatory_score 28+19 43+14 26+18 <0.001 1.63 (1.27-2.10) <0.001
Shang_severity_score 2.2:1:6 40+1.3 20+ 1.5 <0.001 2.40 (1.72-3.36) <0.001
VICE _score 0.18 +0.23 0.46 £ 0.32 0.16 4 0.20 <0.001 51.8 (12.1-221.1) <0.001
Procalcitonin (ng/ml) 1.14+77 8.0+213 04+43 0.10

D-dimer (ng/ml) 1,459.3 £1,998.2 3,634.3 4 3,273.2 1,245.2 + 1,690.4 0.001 1.00033 (1.00019-1.00047) <0.001
Platelet (uL) 202,722.3 + 86,2454 185,240.0 £ 68,694.5 204,423.0 £ 87,690.0 0.29

‘White blood cell count (L) 7,657.2 +7,765.6 9,668.0 & 6,835.2 7,462.4 + 7,834.3 0.18

Albumin (g/dl) 39406 34£0.6 394105 <0.001 0.24 (0.11-0.52) <0.001
CRP (mg/dl) 7:1:256.8 13.3:4+8:3 6.5+ 64 <0.001 1.13 (1.07-1.19) <0.001

DM, diabetes mellitus; CAD, coronary artery disease; eGFR, estimated glomerular filtration rate; MDRD, modification of diet in renal disease; BMI, body mass index; CRP, C-reactive protein, LDH,
lactic dehydrogenase.
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Time to

Category Parameter Time to dynamic zero- Time to R, Peakicases Final affected
(value) peak COoVID below 1.0 population
w (1.001)

Baseline a1 (0.499) 10-6-2022 10-15-2022 10-6-2022 629 4963
7(0.999)
w (2000)

Scenario design 1 1 (0499) 1052022 10-14-2022 1052022 561 4181
7(0.999)
w (1001)

Scenario design 2 a1 (0.700) 10-5-2022 10-14-2022 10-6-2022 575 4434
7 (2.000)
w (2000)

Scenario design 3 a1 (0.700) 10-5-2022 10-13-2022 10-5-2022 539 3979

r(2.000)
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Time periods Cumulative infected cases Cumulative confirmed Cumulative asymptomatic

cases infections
9-28-2022 to 10-3-2022 613 (592~636) 92 (89~96) 521 (503 ~540)
9-28-2022 to 10-8-2022 3,361 (3,189~3,553) 501 (476 ~530) 2,859(2,713~3,022)
9-28-2022 to 10-13-2022 4,605 (4,356 ~4,884) 686 (649~729) 3,919 (3,707 ~4,155)

9-28-2022 10 10-18-2022 4,963 (4,692 ~5,267) 740 (699~786) 4,224 (3,993~ 4,481)
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Value Source Parameters Valu Source

s 3495944 Actual epidem v 0699 Actual epidemic
Qs(0) 0 Actual epidemic » 0851 Actual epidemic
0] 54 Actual epidemic o U4 Actual epidemic
Qe(0) 0 Actual epidemic 0 0730 Literature reports (22)
10) 1 Actual epidemic 2 114 Literature reports (23)
AO) 0 Actual epidemic Po 1,500 (1496~ 1.503) McMC
H(0) 1 Actual epidemic w 1,001 (0.998~1.004) Meme
RO) 0 Actual epidemic % 0.085 (0.081~0.088) MCMC
a 0.499 (0.496~0.503) McMc
r 0.999 (0.996~1.003) McMC
0 1.000 (0:996~1.003) MeMe
3 1,000 (0.996 ~ 1.004) MCMC
s 0.801 (0.798~0.804) Meme
“ 0.799 (0.796~0.803) Meme
% 0.101 (0.096~0.104) McMe
74 0.100(0.096~0.103) McMC

m 0.100 0.096~0.103) Meme
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Category Description
s

suscep viduals
Qs quarantined susceptible individuals
R exposed individuals with no symptoms who
transmit the virus
Qe quarantined exposed individuals
, confirmed cases that show typical clinical
symptoms
Compartments ymp!
asymptomati infections that do not show
A typical clinical symptoms or corresponding
» hospitalized individuals undergoing
treatment
R recovered individuals who are still at risk of
becoming susceptible
immunity threshold (vaccination rate
v
vaccine protection rate)
proportion of asymptomatic infections
” among infected cases
- incubation rate
" eduction rate of the antibody level
2 quarantine release rate
B0) time-varying transmission rate
o) time-varying quarantine rate
Parameters
infectivity coefficient of exposed individuals
i infectivity coefficient of symptomatic
infections
s hospitalization rate of positve infected cases
hospitalization rate of quarantined exposed
“ individuals
” recovery rate of confirmed cases
i recovery rate of symptomatic infections

- recovery rate of hospitalized individuals
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Variable  Name Type

Age Age Numeric
Sex Sex Dichotomous
weight Weight Numeric
height Height Numeric
BMI Body mass index Numeric
waist Waist circumference Numeric
sBP Systolic blood pressure Numeric
DBP Diastolic blood pressure Numeric
Phyactmet  Physical activity measured in Dichotomous
metabolic Equivalent of task
(METs)
anxst State Anxiety Factor: range from 1 to 4
anxtr Trait anxiety Factor: range from 1 to 4
sipsnmt Snoring during sleep Factor: range from 1105
slpsob1 Sleep short of breath or Factor: range from 1105
headache
sps3 Sleep somnolence Factor: range from 1 to 5
sipopt Optimal Sleep Dichotomous
smk Smoking habit Dichotomous
EtOH avyg  Frequency alcohol consumption  Dichotomous
uric Uric acid Numeric
crea Creatinine Numeric
HDL High-density lipoprotein Numeric
LDL Low-density lipoprotein Numeric
gu Glucose Numeric
chol Cholesterol Numeric
trig Triglycerides Numeric
nat Serum sodium Numeric
met_s Metabolic syndrome Dichotomous
wrk_f Outdoor work Dichotomous
wrk_h Home ofiice Dichotomous
umplyd Unemployed Dichotomous
wrk_hsp Working in hospital Dichotomous
wrk_off Working in ofice Dichotomous
MaritStat ~ Marital status (single or married)  Dichotomous
coor Worry for contagion of the Factor: range from 0 to 2
COVID-19
trbsipt Sleep problems during Dichotomous
COVID-19 pandemic
qisit Isolation during COVID-19 Factor: range from 0 to 4
pandenmic
outli Outings limited during COVID-19 Dichotomous
pandemic
kpgoing Keep coming out with Dichotomous
precautionary measures
phyact Physical activity during the Factor: range from 0 to 4
pandemic
violence Domestic violence during Dichotomous
pandermic
EtOH_q Frequency alcohol consumption  dichotomous
during panderic
obsty Obesity Numeric
ovrw Overweight Numeric
smk_q Smoking during pandermic Dichotomous
anxdsr Anxiety during pandemic Dichotomous
hipert Hypertension during pandermic Dichotomous
news._f Listen to the news by the family ~ Dichotomous
news_sn  Sesto the news by social Dichotomous
networks
news_tv Listen to the news on the dichotomous
television or radio
lckd_hosp  Hospitalization for COVID-19 Dichotomous
infection
coviD Diagnosis of COVID-19 Dichotomous
anxstis 1=not at al, 2 = a ltle, 3 = quite, 4 = alot.

anxtris
slpsnr is 1= 100, 2
bigger problem.
sipsoblis 1 = 100, 2 = 80, 3 = 60, 4 = 40, 5 = 20, 6 = 0, being the value of 100, the
bigger problem.

Slps3is 1= 100, 2 = 80, 3 = 60, 4 = 40, 5 = 20, 6 = 0, being the value of 100, the
bigger problem.

cocris 0= notatall, 1=alittle, 2 = quite, 4 = alot.

quisttis 1= ot at all, 2 = a lttle, 3 = quite, 4 = alot.

phyactis 1 = notat all, quite, 4 =a lot.

frequently, 4 = usually.

), being the value of 100, the
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Classifier Parameters Filter Balancing method B.ACC (%) Sensitivity (%) Specificity (%) G-means (%) PosPred ~NegPred
Value (%) Value (%)

rpart q=0 RF Smote 78.68 78.45 78.92 78.62 90.07 60.43
+2.69 +4.49 +3.71 +0.27 +1.62 +4.86
rpart q=0 chi-squared  Smote 78.20 85.98 70.43 70.43 87.68 67.61
+2.90 +3.07 +6.84 +6.84 +2.06 +4.72
rpart q=0 xgbost Smote 80.61 86.91 74.30 80.24 89.26 70.30
+3.08 +3.27 +6.63 +3.26 +2.41 +4.63
rpart q=0 rpart Smote 79.89 85.74 74.03 79.60 88.98 68.29
+3.12 +2.94 +5.61 +3.27 +2.16 +4.99
rpart q=0 bst Smote 79.03 87.09 70.97 78.49 88.04 69.48
+3.63 +2.73 +7.28 +3.99 +2.61 +4.62
Cc4.5 RF Smote 82.13 80.40 83.87 82.10 92.40 63.84
+1.68 +2.45 +2.43 +1.50 +1.08 +2.85
C45 chi-squared  Smote 84.60 90.75 78.44 84.33 91.15 77.80
+2.25 £1.70 +4.55 *2.41 £1.68 £3.16
C45 xgbost Smote 85.25 88.34 82.15 82.15 92.36 7453
+2.35 +2.63 +3.81 +3.81 +1.54 +4.36
C45 rpart Smote 83.29 89.80 76.77 82.99 90.42 75.78
+2.03 +2.46 +3.87 +2.14 +1.42 +4.16
C45 bst Smote 71.87 72.28 71.47 71.84 68.50 75.08
+2.60 +3.44 +3.16 +2.61 +273 £2.00
RF RF Smote 85.07 83.09 87.04 85.04 93.98 67.94
+1.05 +1.64 +0.99 +1.06 +047 £2.20
RF chi-squared  Smote 88.97 93.53 84.41 88.85 93.60 84.37
+0.69 +1.34 *1.15 +0.69 +041 +2.68
RF mtry =3 xgboost Smote 90.41 94.86 85.97 90.30 94.28 87.36
+1.05 +1.27 *1.75 +1.07 +0.67 +2.76
RF rpart Smote 87.78 92.38 83.17 87.65 93.05 81.88
+1.09 +1.65 +1.88 +1.10 +£071 +3.07
RF bst Smote 88.85 92.49 85.22 88.77 93.85 82.42
+1.16 +1.42 +1.85 +1.18 +0.73 +2.78
SVM RF Smote 52.12 43.75 60.48 51.35 72.94 30.64
+237 +3.53 +4.42 +2.36 +235 +1.69
SVM chi-squared  Smote 69.44 76.47 62.42 69.05 83.21 52.34
+1.30 +3.23 =g +1.21 +0.66 +3.06
SWM xgboost Smote 65.45 67.68 63.23 65.39 81.77 44.58
+1.55 +208 +2.73 +1.59 +1.11 +1.71
SVM rpart Smote 72.81 81.59 64.03 7227 84.68 58.86
+093 +1.41 +1.54 +0.96 +055 +1.77
SVM bst Smote 6253 63.44 61.61 62.46 80.12 40.93
+1.42 261 +3.45 +1.43 +£1.19 =141

Bold value indicates the highest value achieved by each of the models in the balanced accuracy metric.
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Classifier ~ Parameters Filter Balancing method  B.ACC. (%) Sensitivity (%) ty (%) G-means (%) PosPred NegPred

Value (%) Value (%)

rpart q=0 RF ROSE 58.03 9209 23.97 4165 74.77 7299
+4.80 +182 +18.0 143 228  +232

rpart q=0 chi-squared  ROSE 61.77 86.40 37.15 5581 77.18 5333
+4.41 +6.22 +11.68 +6.97 +285  +7.18

rpart q=0 xgbost ROSE 60.55 87.77 3333 53.76 76.26 5259
+3.46 +2.18 +7.01 £6.74 +186  +6.49

rpart q=0 rpart ROSE 61.43 85.56 37.31 5566 77.04 5181
+4.21 +5.98 +11.38 £7.05 268 +7.07

rpart q=0 bst ROSE 59.77 80.86 2067 5045 75.79 5659
+3.95 +4.79 +10.68 +9.36 +217  +10.80

ca5 RF ROSE s7.27 78.04 36.51 48.00 75.17 48.96
+3.64 +22.74 +21.51 +10.01 4230 1465

) chi-squared  ROSE 66.10 8592 4629 6213 7985 05938
+3.99 +7.71 +12.74 £6.52 +209  +8.90

cas xgbost ROSE 6244 9095 33.92 54.95 77.12 63.13
£2.26 +5.01 +8.60 £6.34 159 +9.19

ca5 part ROSE 67.46 9256 4237 62.16 79.72 72,61
+3.54 492 881 682 £208  £1121

ca5 bst ROSE 61.81 9115 3247 53.79 76.74 64.11
+2.44 +5.80 814 £6.58 144 £1264

RF RF ROSE 5165 5099 5231 4873 71.70 3138
+4.31 +18.89 +1562 +6.30 +4.01 +4.80

RF chi-squared  ROSE 65.43 8393 46.94 60.89 79.77 61.04
+4.16 +12.20 +15.95 +8.47 +307 41425

RF xgboost ROSE 64.33 94.08 34.58 56.92 58.97 85.57
+1.91 +1.74 +4.19 +3.24 2272 4328

RF mtry =3 rpart ROSE 64,66 9223 37.08 58.38 59.43 8285
ntree = 200 +1.81 +2.05 +4.17 £2.95 274 4347

RF miy =3 bst ROSE 64.56 93.78 3534 57.42 59.19 85.30
ntree = 200 £2.12 +2.18 +4.88 +3.56 +2.98 +3.69

sM RF ROSE 57.55 5828 5683 67.10 76.71 36.18
+283 +8.20 +7.42 £2.94 208 326

svM chi-squared  ROSE 68.97 78.32 59.62 68.02 82,64 5383
£1.86 +6.32 +7.16 £2.50 +1.60 +4.70

SWM xgboost ROSE 65.47 68.52 62.42 65.40 81.68 4519
+1.49 559 506 £6.31 117 £293

svM rpart ROSE 73.41 79.93 66.29 72,63 85.32 5808
+1.40 +4.74 +536 +1.58 145 #4238

svM bst ROSE 65.54 69.03 62.04 65.20 81.67 4551
+1.45 +6.03 +5.80 £1.45 +136  £3.17

Deep learning RF 61.52 24.02 99.01 4783 55.60 77.82
+253 +5.46 +6.00 +£955 +438  x111

Deep learning chi-squared 6135 3126 91.45 5331 57.90 78.17
+2.08 +4.65 +186 +3.59 517 +1.08

Deep learning xgboost 63.19 3086 95.53 5422 73.03 78.80
+1.42 +2.91 +2.05 £2.41 +785 4657

Deep learning rpart 65.80 34.36 97.39 s7.77 83.10 7997
41,69 +356 +6.05 £2.99 +306 4835

Deep learning bst 63.89 29.77 98.01 5385 84.72 7897
+231 +4.59 077 £4.25 516 +1.08

Bold value indicates the highest value achieved by each of the models in the balanced accuracy metric.
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Poor Good
Yirgalem 34 (38.6%) 54 (61.4%)
Leku 35 (32.4%) 73 (67.6%)
Hawassa 70 (34.5%) 133 (65.5%)
Al 139 (34.8%) 260 (65.2%)
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Knowledge

Poor Good
Yirgalem 45 (51.13%) 43 (483%) 88
Leku 62(57.4%) 46 (42.6) 108
Hawassa 123 (60.6) 80 (39.4%) 203

All 230 (57.64) 169 (42.35) 399
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Risk score Odds ratio (95% Cl) Hosmer and Lemeshow test
X2 P-value
Model 1 SEIMC_score 0.98 (0.86-1.12) 0.77 4.89 8 0.77
Model 2 IRS-NLR_score 1.62 (1.33-1.99) <0.001 8.31 8 0.40
Model 3 Inflammatory_score 1.18 (0.88-1.58) 0.28 6.71 8 0.57
Model 4 Shang_severity_score 1.22 (0.90-1.66) 0.20 7.08 8 0.53
Model 5 VICE_score 84.9 (14.6-492.4) <0.001 6.25 8 0.62

Model 1: age + sex + SpO2 at 24-h admission + C-reactive protein (CRP) + albumin + D-dimer + Spanish Society of Infectious Diseases and Clinical Microbiology (SEIMC) score.
Model 2: age + sex + SpO2 at 24-h admission + CRP + albumin + D-dimer + IRS-NLR_score.

Model 3: age + sex + SpO2 at 24-h admission + CRP + albumin + D-dimer + inflammatory score.

Model 4: age + gender + SpO2 at 24-h admission + CRP + albumin + D-dimer + Shang_severity_score.

Model 5: age + sex + SpO2 at 24-h admission + CRP + albumin + D-dimer + VICE.
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Characteristics ~ Category Frequency  Percent

Source of information | Mass media 304 76.2
Social media 37 93
Friends 1 28
Families 13 45
Journals 29 73
gof information | Family 84 211
Friends 30 75
Friends and 63 158
family
Friends, family, 22 556

and society
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Type of
JAK—
inhibitor

Baricitinib

Baricitinib

Baricitinib

Baricitinib +
remdesivir

Ruxolitinib

Ruxolitinib

Ruxolitinib

Tofacitinib

Nezulcitini

Ruxolitinib

Ruxolitinib

Baricitinib

Regimen of
JAK—inhibitor

4 mg/day for 2 weeks

4 mg/day for 2 weeks

4 mg/day for up to 14 days or
until hospital discharge

4 mg/day for up to 14 days or
until hospital discharge

5mg or 1 mg twice daily

5 mg, twice daily for 2 weeks

5 mg twice daily

10-mg twice daily for 14 days
or until hospital discharge
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5 mg, twice daily for 7 days,
then tapered to 5 mg/day for
a total of 10 days

5 mg twice daily

4 mg/day for 5-10 days
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acebo + standard

of care

Placebo + standard

of care

Dexamethasone +
remdesivir + placebo

placebo + standard

f care
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Placebo (Vitamin C)

+ standard of care

Placebo tablets 5 mg
twice per day for 14
days

Placebo 10 mg twice
daily for up to 14
days + standard of
care

Placebo inhalation

Hydroxychloroquine
+ lopinavir/ritonavir

Standard of care

Standard of care +
corticosteroids

Patient
category

Moderate to
severe

Moderate to
severe

Severe

Moderate to
severe

Moderate to
severe

Severe

Moderate to

severe

Moderate to
severe

Moderate to

severe

Severe

Severe

Moderate to
severe

JAK—inhibitor
vs. control n
(%)

515 (49.8%) vs. 518
(50.2%)

764 (50.1%) vs. 761
(49.9%)

51 (50.5%) vs. 50
(49.5%)

516 (51.1%) vs. 494
(48.9%)

164(77.7%) vs. 47
(22.3%)

20 (48.8%) vs. 21
(51.2%)

287 (66.4%) vs. 145
(33.6%)

144 (49.8%) vs. 145
(50.2%)

19 (76%) vs. 6 (23%)

32 (42.6%) vs. 43
(57.4%)

51 (50.0%) vs. 51
(50.0%)

117 (30.2%) vs. 270
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Facility affiliation (ref. public)

Private 0.352 1.195 0.821 1.740 0.451 1.169 0.779 1.753

Gender (ref. male)

Female 0.376 1.242 0.769 2.006 0.398 1.247 0.748 2.080

Age group (ref. 40s)

20s 0.337 1.302 0.760 2.231 0.933 1.025 0.575 1.828
30s 0.695 0.907 0.558 1.475 0.696 0.900 0.530 1.527
50s + 0.093 0.635 0.373 1.079 0.725 0.902 0.508 1.601

Cohabitant (ref. no)

Yes 0.013 0.557 0.351 0.886 0.007 0.498 0.302 0.823

Occupation (ref. doctor)

Nurse/nursing assistant 0.891 0.956 0.505 1.810 0.193 0.629 0.313 1.264
Pharmacist laboratory technician PT/ST/OT 0.764 0.898 0.444 1.815 0.405 0.721 0.333 1.558
Clerk/other 0.139 1.723 0.838 3.545 0.656 1.196 0.544 2.628

Workplace (ref. ward)

Outpatient 0.801 1.079 0.599 1.944 0.657 1.154 0.613 2.172

Other 0.123 0.692 0.433 1.105 0.165 0.699 0.422 1.159

Employment status (ref. full-time)

Part-time 0.293 0.681 0.332 1.395 0.617 0.821 0.380 1.776
Night shift (ref. no)
Yes 0.317 1.259 0.802 1.978 0.626 1.130 0.692 1.843

COVID-19 related work (ref. no/past)

Current 0.564 0.832 0.445 1.556 0.887 1.052 0.522 2.119

Fear of COVID-19 and resilience

FCV-19§ 0.000 1.279 1.217 1.344 0.000 1.287 1.220 1.359

RS14 0.000 0.931 0.915 0.947

The bold values indicate p < 0.05.
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Facility affiliation (ref. public)

Private 0.098 1.330 0.949 1.865 0.101 1.359 0.942 1.962

Gender (ref. male)

Female 0.186 1.339 0.869 2.064 0.273 1.301 0.813 2.083

Age group (ref. 40s)

20s 0.353 1.259 0.774 2.047 0.958 0.986 0.585 1.661
30s 0.132 0.716 0.463 1.106 0.139 0.698 0.433 1.124
50s + 0.221 0.743 0.462 1.195 0.991 1.003 0.599 1.678

Cohabitant (ref. no)

Yes 0.182 0.752 0.494 1.143 0.093 0.680 0.434 1.067

Occupation (ref. doctor)

Nurse/nursing assistant 0.005 2.272 1.286 4.014 0.156 1.565 0.843 2.903
Pharmacist laboratory technician PT/ST/OT 0.094 1.728 0.910 3.281 0.405 1.344 0.670 2.699
Clerk/other 0.000 3.981 2.090 7.584 0.003 2.942 1.458 5.937

Workplace (ref. ward)

Outpatient 0.824 1.062 0.627 1.798 0.715 1.110 0.634 1.944

Other 0.192 0.756 0.496 1.151 0.227 0.756 0.480 1.191

Employment status (ref. full-time)

Part-time 0.937 1.026 0.548 1.920 0.413 1.333 0.670 2.654
Night shift (ref. no)
Yes 0.045 1.512 1.009 2.265 0.213 1322 0.852 2.051

COVID-19 related work (ref. no/past)

Current 0.248 0.718 0.409 1.259 0.683 0.878 0.469 1.642

Fear of COVID-19 and resilience

FCV-19§

RS14 0.000 0.932 0.917 0.947

The bold values indicate p < 0.05.
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K6 < 5N =305 K6 > 5N = 329
N % N %
Facility affiliation Public 147 48.2 135 41.0
Private 158 51.8 194 59.0
Gender Male 97 31.8 65 19.8
Female 208 68.2 264 80.2
Age group 20s 50 16.4 87 26.4
30s 87 28.5 77 23.4
40s 91 29.8 112 34.0
50s + 77 25.2 53 16.1
Cohabitant No 56 18.4 86 26.1
Yes 249 81.6 243 73.9
Occupation Doctor 65 21.3 28 8.5
Nurse/nursing assistant 129 42.2 173 52.6
Pharmacist laboratory technician PT/ST/OT 54 17.7 44 13.4
Clerk/other 57 18.7 84 25.5
Work place Ward 142 46.6 163 49.5
Outpatient 45 14.8 56 17.0
Other 118 38.7 110 33.4
Employment status Full-time 281 92.1 304 924
Part-time 24 7.9 25 7.6
Night shift No 158 51.8 147 44.7
Yes 147 48.2 182 55.3
COVID-19 related work No/past 272 89.2 297 90.3
Current 33 10.8 32 97
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JAK inhibitors

Study or Subgroup
1.2.1 Baricitinib

Andre C. Kalil 2021 90 515
Eduardo Pérez-Alba 2021 26 123
Ely, E. Wesley 2022 25 51
Fabrizio Cantini 2020 2 113
Jose Luis Rodriguez-Garcia 2020 4 62
Justin Stebbing 2021 5 37
Mar Masia 2021 28 95
Vincent C Marconi 2021 156 764
Wolfe, Cameron R. 2022 54 516
Subtotal (95% Cl) 2276

Total events 390
Heterogeneity. Chi*=10.65, df=8 (P=0.22); F= 25%
Test for overall effect: Z= 0.56 (P = 0.58)

1.2.2 Ruxolitinib

Cao, Y. 2020 13 20
Giudice, V. 2020 0 7
Han, MeiLan K. 2022 16 287
lastrebner, M. 2021 10 51
Incyte Corporation 2021 35 164
Stanevich, 0. V. 2021 14 146
Subtotal (95% Cl) 675
Total events 88

Heterogeneity. Chi*= 6.00, df= 4 (P = 0.20); F= 33%
Test for overall effect: Z= 0.05 (P = 0.96)

1.2.3 Tofacitinib

Guimaraes PO 2021 7 138
Maroun E Hayek 2021 6 144
Roman Maslennikov 2021 4 32
Subtotal (95% Cl) 314
Total events 17

Heterogeneity. Chi*=0.38, df= 2 (P=0.83); F=0%
Test for overall effect: Z= 0.63 (P = 0.53)

1.2.4 Nezulcitinib

Dave Singh 2021 12 19
Subtotal (95% Cl) 19
Total events 12

Heterogeneity. Not applicable

Test for overall effect: Z=1.34 (P=0.18)
Total (95% Cl) 3284
Total events 507
Heterogeneity. Chi*=19.38, df=17 (P=0.31); F=12%
Test for overall effect. Z=0.27 (P=0.79)

SOC
Events Total Events Total Weight M-.H, Fixed, 95% CI

(an)

20

444

131
145

30
306

2889

Test for subaroun differences: Chi*=2.39. df=3 (P=050). IF=0%

18.4%
6.0%
4.1%
0.2%
1.1%
1.4%
2.5%

33.7%

13.1%

80.6%

1.3%

1.7%
1.6%
2.4%
6.2%
13.2%

2.2%
1.6%
1.5%
5.2%

1.0%
1.0%

100.0%

Odds Ratio

dds

1.14[0.82,1.59]
0.63 [0.33,1.23]
0.70[0.32,1.53]
3.52[017,74.33]
0.79[0.19, 3.34]
0.81 [0.22, 2.92]
2.64 [1.27,5.48]
1.02[0.79,1.31]
0.99 [0.66, 1.49]
1.05[0.89, 1.23]

0.93 [0.26, 3.38]

Not estimable
1.65 [0.59, 4.61]
1.53 [0.53, 4.40]
1.55 [0.64, 3.76]
0.51 [0.26, 1.03]
1.01[0.68, 1.51]

0.82[0.29, 2.33]
1.01 [0.32, 3.20]
0.57 [0.14, 2.27)
0.81[0.41, 1.58]

0.13[0.01, 2.62]
0.13[0.01, 2.62]

1.02[0.88, 1.18]

Ratio

M-H, Fixed, 95% CI
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JAK inhibitors SOC
Total Fvents Total Weight M-H. Fix

Study or Subgroup Events

1.1.1 Baricitinib

Andre C. Kalil 2021 24 515 37
Eduardo Pérez-Alba 2021 25 123 30
Ely, E. Wesley 2022 20 51 29
Fabrizio Cantini 2020 0 113 o
Jose Luis Rodriguez-Garcia 2020 5 117 1
José Rosasa 2020 2 12 6
Justin Stebbing 2021 1 37 4
Marco Falcone 2020 5 40 65
Mar Masia 2021 24 a5 15
Nikolaos Tziolos 2022 27 193 45
Pedro Abizanda 2021 16 78 30
Vincent C Marconi 2021 64 764 100
Vincenzo Bronte 2020 1 20 25
Wolfe, Cameron R. 2022 27 516 30
Subtotal (95% Cl) 2674

Total events 241 432

Heterogeneity: Chi*= 24.18,df=13 (P=0.03), F= 46%
Test for overall effect: Z=6.08 (P < 0.00001)

1.1.2 Ruxolitinib

Cao, Y. 2020 0 20 3
D'Alessio, A. 2020 3 32 13
Gludice, V. 2020 1 7 1
Han, MeiLan K. 2022 9 287 3
lastrebner, M. 2021 0 51 5
Incyte Corporation 2021 90 164 36
Stanevich, 0. V. 2021 14 146 19
Subtotal (95% CI) 707

Total events 17 80

Heterogeneity. Chi*=8.21,df=6 (P=0.22), F= 27%
Test for overall effect: Z= 3.42 (P = 0.0006)

1.1.3 Tofacitinib

Guimaraes PO 2021 4 144 8
Maroun E Hayek 2021 14 138 30
Pawan K Singh 2021 3 25 o
Roman Maslennikov 2021 o 32 12
Subtotal (95% CI) 339

Total events 26 55

Heterogeneity. Chi*=0.62,df=3(P=0.89),F=0%
Test for overall effect: Z= 3.65 (P = 0.0003)

1.1.4 Nezulcitini

Dave Singh 2021 1 19 2
Subtotal (95% Cl) 19
Total events 1 2

Heterogeneity. Not applicable

Test for overall effect. Z=1.64 (P=0.10)
Total (95% Cl) 3739
Total events 385
Heterogeneity. Chi*= 36.88, df= 25 (P=0.06), F=32%
Test for overall effect. Z=7.82 (P < 0.00001)

569

145
131
25
30
331

3779

Test for subaroun differences: ChiFr=3.74. df=3(P=0.29.F=198%

7.9%
6.7%
40%
1.5%
1.4%
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0.9%
3.2%
25%
91%
5.3%
20.6%
28%
6.5%
73.3%

0.7%
2.3%
0.2%
0.9%
1.2%
57%
3.9%
14.8%
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1.0%
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100.0%

Odds Ratio
95% ClI

Odds Ratio
M-H, Fixed, 95% CI

0.64[0.37,1.08]
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0.37 [0.06, 2.25]
0.23[0.02, 2.16]
0.46[0.17,1.23]
1.80[0.88, 3.70]
0.47 [0.28, 0.80]
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0.07 [0.01,0.52]
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0.58 [0.48, 0.69]
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1.50 [0.08, 28.89)
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Characteristics All With cardiac Without P-value

confirmed cases injury cardiac injury
(%) n (%) n (%)

Age (years), median (IQR) 65.0(53.0-78.0) 720 (65.0-92.5) 62.0(55.5-76.0) <0.0001
<65 921 (45%) 180 (29%) 741 (52%) 0.051
=65 1,130 (55%) 443 (71%) 687 (48%) 0.001
Sex 045
Male 1,313 (64%) 427 (69%) 886 (62%) -
Female 738 (36%) 196 (31%) 542 (38%) -
Current smoking 022
Yes 1,155 (56%) 402 (65%) 753 (53%) =
No 896 (44%) 221 (35%) 675 (47%) =
BMI > 30 (Kg/m?) 1,018 (50%) 332(53%) 686 (48%) 0.031
Exposure history 1,236 (60%) 402 (65%) 834 (58%) 015
Time from illness onset to outpatient visit (d), 2(1-5) 3(1-6) 2(1-4)
median (IQR)
‘Time from illness onset to hospitalization (d), 12(8-15) 12 (9-16) 11 (8-14)
median (IQR)
Number of hospital visits > 2 801 (39%) 204 (33%) 597 (24%)
Signs & symptoms on arrival at the hospital, 1 (%)
Fever (temp > 37°C) 1,658 (81%) 468 (75%) 1,190 (83%) 0013
Fatigue 1,420 (69%) 455 (73%) 965 (68%) 024
Dyspnea 1,109 (54%) 435 (70%) 674 (47%) 037
Sore throat 974 (47%) 310 (50%) 664 (46%) 053
Nasal congestion/thinorrhea 926 (45%) 382 (61%) 544 (38%) 047
Dry cough 855 (42%) 192 (31%) 663 (46%) 011
Sputum production 777 (38%) 335 (54%) 442 (31%) 0.67
Chest pain 723 (35%) 332(53%) 391 (27%) 013
Dizziness/headache 696 (34%) 202 (32%) 494 (35%) 0.79
Nausea and vomiting 554 (27%) 122 (20%) 432(30%) 044
Chill 416 (20%) 235 (38%) 181 (13%) 018
Abdominal pain 366 (18%) 74 (12%) 292 (20%) 049
Diarrhea 327 (16%) 56 (9%) 271 (19%) 0.63
Myalgia or arthralgia 301 (15%) 72 (12%) 229(16%) 055
Co-existing conditions, 1 (%)
Hypertension 1,065 (52%) 537 (86%) 528 (37%) <0.0001
DM 1,010 (49%) 512 (82%) 498 (35%) 0.001
Cerebrovascular diseases 986 (48%) 413 (66%) 573 (40%) 0.001
CHD 965 (47%) 403 (65%) 562 (39%) 0.001
coPD 521 (25%) 200 (32%) 321 (22%) 013
CHF 212 (10%) 101 (16%) 111 (8%) <0.0001
Chronic renal disease 156 (8%) 66 (11%) 90 (6%) 039
Chronic liver disease 96 (5%) 36 (6%) 60 (4%) 024
Tuberculosis 88 (4%) 41(7%) 47 (3%) 0.54
Asthma 55 (3%) 33 (5%) 22 (2%) 0.001
Hepatitis B 23(1%) 17 (3%) 6(<1%) 034
Carcinoma 10 (< 1%) 0 10 (7%) 0.69
Tumor 7(<1%) 0 7(<1%) 033
HIV 2(<1%) 0 2(<1%) 028
Disease severity 0.001
Severe cases 705 (34%) 324 (52%) 381 (27%) -
Non-severe cases 1,346 (66%) 299 (48%) 1,047 (73%) -

BMI, body mass index; CVDs, cardiovascular diseases; DM, Diabetes Mellitus; CHD, Coronary heart disease; COPD, chronic obstructive pulmonary discase; CHE, Congestive heart
falure; HIV; human immunodeficiency virus; COVID-19, coronavirus 2019; p values comparing survivors and deaths of patients are obtained from chi-square test,

Mann-Whitney U

her exact test, or
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Bronte etal. (24) 76 Prospective cohor 73.5+13.8 (1) Mortality Baricitinib 4 mg, twice daily for 2 days, Hydroxychloroquine Severe 20 (26.3%) vs. 56
followed by 4 mg/day for the + lopinavir/ritonavir (73.7%)
remaining 7 days + supportive care

Masia et al. (25) 190 Prospective cohor! 60.11 + 3.41 (1) Mortality Baricitinib Not available Standard of care Severe 95 (50%) vs. 95

(2) Safety (tocilizumab + (50%)
corticosteroids)

Abizanda et al. 156 Prospective cohor! 68.5+12.4 (1) Mortality Baricitinib Not available Standard of care Moderate to 78 (50%) vs. 78

(26) severe (50%)

Stanevich et al. 292 Prospective cohor 58.1+13.3 (1) Mortality Ruxolitinib 5-10 mg/day until oxygen Dexamethasone for Severe 146 (50%) vs. 146

(29) (2) Safety support withdrawal 5- 10 days (50%)

Giudice etal. 17 Prospective cohor 635+125 (1) Mortality Ruxolitinib 0 mg, twice daily for 14 days Hydroxychloroquine Severe 7 (41.1%) vs. 10

(30) (2) Safety + supportive care (58.9%)

Pérez-Alba et al. 197 Retrospective cohort 59.9 +14.9 (1) Mortality Baricitinib 4 mg/day for 2 weeks Dexamethasone 6 Moderate to 123 (62.4%) vs. 74

(32) (2) Safety mg/day for 10 days severe (37.6%)

Cantini et al. 191 Retrospective cohort 67 £ 14 (1) Mortality Baricitinib 4 mg/day for 2 weeks Hydroxychloroquine Mild to 113 (59.1%) vs. 78

(34) (2) Safety + lopinavir/ritonavir moderate (40.9%)

Rosas et al. (33) 29 Retrospective cohort 67.8 £ 13.6 (1) Mortality Baricitinib 4 mg/day for 2 weeks Standard of care Moderate to 12 (41.3%) vs. 17

severe (58.7%)

Stebbing et al. 179 Prospective cohort 66 £ 26.6 (1) Mortality Baricitinib 4 mg/day for 2 weeks Standard of care Moderate to 37 (20.6%) vs. 142

(35) (2) Safety severe (79.4%)

Falcone et al. 278 Retrospective cohor 69.92 +3.99 (1) Mortality Baricitinib Not available Standard of care Moderate to 40 (14.4%) vs. 238

(37) severe (85.6%)

Tziolos et al. (36) 369 Retrospective cohor 65.2+13.6 (1) Mortality Baricitinib 4 mg once a day for up to 14 Standard of care severe 193 (52.3%) vs. 176
days or until hospital (47.7%)
discharge

Maslennikov 62 Retrospective cohor 643+ 125 (1) Mortality Tofacitinib 0 mg, twice daily on the first Standard of care Moderate to 32 (51.6%) vs. 30

etal. (31) (2) Safety day, then 5 mg, twice daily severe (48.4%)
for 4 days

Hayek et al. (38) 269 Retrospective cohor 63.92 +14.23 (1) Mortality Tofacitinib 0-mg twice daily for 5 days Dexamethasone severe 138 (51.3%) vs. 131

(2) Safety (48.7%)
Singh et al. (39) 50 Retrospective cohor 46.12 +13.49 (1) Mortality Tofacitinib 0 mg, twice daily Standard of care severe 25 (50.0%) vs. 25
(50.0%)

Melikhov et al. 522 Prospective cohort 58.62 &+ 12.59 (1) Mortality Tofacitinib 0 mg for 7-14 days Baricitinib 4 mg for Mild to severe 320 (61.3%) vs. 202

(41) (2) Safety 7-14 days (38.7%)

Kojima et al. 98 Retrospective cohort 60.68 + 3.27 (1) Mortality Tofacitinib Not available Baricitinib Mild to severe 64 (65.3%) vs. 34

(42) (2) Safety (34.7%)

JAK, inhibitor; Janus kinase inhibitor; SD; standard deviation.
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FCV-19S

Perceptions of hospital initiatives | Mean P |Cohen

d
Training on infection control 18.8 0.476 0.057
No (n=352)
Yes (n = 282) 19.0

Adequate supply of personal protective equipment 19.3 0.171 0.123
No (n=171)

Yes (n = 463) 18.7

Available for consultation regarding infection 19.9 0.012 0.26
control in the hospital

No (n=113)

Yes (n=521) 18.7

Available for psychological and emotional support 19.4 0.035 0.172
in the hospital

No (n=247)

Yes (n = 387) 18.6

The bold values indicate p < 0.05.
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Variable coefficients (95%Cl) Odds ratio (95%Cl) p value
CRP 0.0097(0.0053,0.01) 1.0098(1.0054,1.01) <0.001%+
AIG ~1.85(-2.62,1.08) 0.158(0.073,0.34) <0.001%%
NLR 0.061(0.015,0.11) 1.06(1.02,1.11) 00102%

INR 1.54(0.58,251) 469(1.79,1224) 00016
BUN 0.072(0.033,0.11) 107 (103, 1.12) 0.0003%+

CRP, C-reactive protein; NLR, neutrophil/lymphocyte ratio; A/G: Albumin/globulin; BUN: blood urea nitrogen; INR: international normalized ratio; CI, confidence interval. *p < 0.05,
#p <0.01, % <0.001
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Training cohort

Total (N=1,255) (N=855) Testing cohort (N=370) p value

Routin blood tests.

Whiet cell count (3.5-9.5) 5.13(3.97,6.78) 5.15(401,6.75) 5.04(3.86,6.89) 057
Neutrophils (1.8-6.3) 3.20(3.97,6.78) 3.18(2.25,4.59) 3.35(2.22,4.64) 055
Lymphocytes (1.1-3.2) 1.19(0.85,1.61) 1.21(0.87,1.66) 1.14(0.80,1.53) 0.01
NLR 259(1.65,.60) 252(161,4.47) 285(1.82,4.94) 003
Monocytes (0.1-0.6) 0.43(0.32,0.57) 0.43(0.32,0.56) 0.43(0.32,0.57) 0.71
Platelets (125-350) 170 169.0(133.0215.0) 161.0(125.0,202.8) 0.04
(131.0,214.0)
hemoglobin (115-150) 124(110,134) 125(110,134) 123(112,135) 0.89
RDW-CV (11-16) 13.40(13.90,14.20) 13.40(12.90,14.20) 13.50(12.90,14.20) 093
RBC (3.8-5.1) 4.12(3.68,4.51) 4.15(3.71,4.51) 0.68
Inflammatory marker
CRP (0-6mg/L) 10.49(3.66,31.87) 10.16(3.38,31.68) 11.04(4.50,32.00) 0.28
1L-6(<6.6) 34.66(17.21,13230) 36.47(17.47, 132.3) 33.03(16.38, 127.83) 052
procaicltonin (<0.5) 0.02(0.02,0.08) 0.023(0.02,0.078) 0.022(0.02,0.087) 098
Coagulation test
D-dimmer (<0.5) 0.70(0.40,1.40) 0.70(0.40,1.43) 0.69(0.41,1.2) 097
PT (9.4-12.5) 11.30(10.70,12.10) 11.30(10.60,12.10) 11.20(10.70,12.00) 0.90
TT(13-21) 14.30(13.50,15.20) 14.3(13.55,15.25) 14.3(13.50,15.10) 030
APTT
(35-407) 29.60(27.70,31.80) 29.60(27.70,31.70) 29.65(27.70,32.00) 045
FIB (2-5) 412(3.70,457) 113(3.69.4.59) 411(3.75,455) 077
INR 1.03(0.97,1.10) 1.03(0.96,1.10) 1.02(0.97,1.09) 094
Renal and liver function
Albumin (40-55) 38.47(35.52,41.15) 38.45(35.46,41.12) 38.58(35.84,41.27) 0.61
A/G(12-24) 1.70(1.45,1.95) 171(145,1.97) 169(1.45,1.93) 071
TBIL (<23) 11.07(8.22,15.52) 11.13(8.19,15.47) 10.93(8.28,15.56) 077
GGT (10-60) 20.96(15.34,31.08) 20.81(15.28,32.03) 21.40(15.42,29.59) 0.80
ALT (9-50) 15.77(11.33,23.97) 15.83(11.33,24.21) 15.67(11.46,23.47) 065
AST (15-40) 24.43(19.35,32.57) 24.52(19.48,32.57) 24.32(19.06,32.53) 047
BUN (3.6-9.5) 6.02(4.69,8.07) 5.96(4.68,8.10) 6.165(4.75,8.045) 054
Cr(57-111) 62.50(50.90,80.30) 62.40(50.10,80.40) 62.55(52.70,80.10) 046
GER (90-120) 96.00(74.00,120.00) 97.0(74.0,121.0) 93.50(73.0,118.75) 034

Continuous variables of skewed distribution were showed as median [interquartile range, IQR] and compared with Mann-Whitney test. CRRC-reactive protein; IL-6,Interleukin-6;
WBC,uwhite blood cell count; NLR, neutrophil/lymphocyte ratio; RDW-CV; red blood cell distribution width-coefficient variation; RBC, Red blood cell count; A/G, Albumin/globulin; Crea,
creatinine; BUN, blood urea nitrogen; AST, aspartate aminotransferase; ALT, alanine aminotransferase; TBILtotal bilirubin; GGT, 7-glutamyltransferase; GFR, golomeruar fltration rates PT,
prothrombin time; T'T, thrombin time; APTT, activated partial thromboplastin time; FIB, Fibrinogen; INRinternational normalized ratio Reference ranges for each blood measurement are
cluded in parentheses. All cell counts are x107/L.
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Training cohort  Testing cohort

Total (N=1,255) (N=885) (N=370) p value
Agemedian(IQR),yr 82(73,89) 82(73,88) 82(73,89) 037
Sex, M, n(%) 514(40.9%) 365(41.2%) 149(403) 080
PCR confirmation to hospital admission median (IQR)d. 215) 215 3(15) 034

Comorbidity, (%)

Hypertension 622(49.5%) 421(47.6%) 201(54.3%) 0034
Diabetes melitus 276(22.0%) 181(20.5%) 95(25.7%) 005
Atrial fibrillation 68(0.1%) 47(5.3%) 21(5.7%) 0.90
Myocardia infarcion 18(1.4%) 14(1.6%) 4(11%) 067
Parkinson discase 29(2.3%) 20(23%) 9(2.4%) 0.10
dementia 78(6.2%) 53(6.0%) 25(6.8%) 0.70
Ischemic stroke/TIA 260(20.7%) 173(19.5%) 87(23.5%) 013
Peripheral atrial disease 10(0.8%) 7(8.0%) 3(8.0%) 0.10

Severity-A, n(%)

No symptom 49(3.9%) 35(4.0%) 14(3.8%) 0.10
Mild 561(44.7%) 399(45.1%) 162(43.8%) 072
Median 511(40.7%) 353(39.9%) 158(42.7%) 039
Severe 102(8.13%) 75(8.5%) 27(7.3%) 0.56
Critical 28(223%) 19(2.1%) 9(2.4%) 092

Treatment, n(%)

Paxlovid 1,021(84.5%) 717(84.1%) 304(85.6%) 055
Anticoagulation 863(71.0%) 616(72.2%) 247(69.6%) 0.39
Antibacterial drugs 359(29.7%) 250(29.3%) 109(30.7%) 0.68
Traditional Chinese medicines 717(59.4%) 50(59.0%) 214(60.3%) 072
Steroid 147(12.2%) 100(11.7%) 47(13.2%) 052

Outcome, n (%)

Ventilation support /death 146(11.6%) 101(11.4%) 45(12.2%) 078

Continuous variables of skewed distribution were showed as median [interquartile range, IQR] and compared with Mann-Whitney test, categorical variables were presented as numbers
(percentage) and compared by the chi-square test. Definition of abbreviations: IQR = interquartile range; Severity-A = severity on admission. TIA, transit ischemic stroke.
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Parameter SARS- SARS-

CoV-2 CoV-2

negative positive
Age (yrs) 79.6 (11.9) 70.0 (14.3) 0.006
Sex (females) 8 (42.1) 39 (60.9) 0.146
Onset of symptoms to 16.9 (20.2) 17.1(14.4) 0.971

swab time (days)

nTC gene N - 28 (25-31) -

nTC, number of thermic cycles; SARS-CoV-2, Severe Acute Respiratory Syndrome
Coronavirus 2.
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Assessed for eligibility (n=70)

Enroliment

Randomized (N=50)

Excluded (n=20)

Not meeting inclusion criteria (n=15)*
Declined to participate (n=3)"
Cardiac pacemaker (n=

Spine fixation (n=1)

Allocation
Allocated to USWD + standard medical ‘Allocated to control (standard medical
treatment (n=25) treatment) (n=25)
Received allocated intervention (n=25) Received allocated intervention (n=25)
Did not received allocated intervention Did ot received allocated intervention
(n=0) (n=0)
Follow-up
Lost to follow-up (n=0) Lost to follow-up (n=0)
Discontinued intervention(n=0) Discontinued intervention(n=0)
Analysis

Analysis (n=25)
Excluded from analysis (n=0)

Analysis (n=25)
Excluded from analysis (n=0)
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Predictor nadjusted Adjusted™
variables

PP (95% PP (95% P-

cnf ant value”

Total leucocyte 003(=876, | 0994 | 041(=991, = 0939

count (10°/L) 9.67) 11.93)

Absolute neutrophil | 2.13 (=432, | 0520 | 182(-589, | 0.647

count (10°/L) 9.01) 10.16)

Absolute —4.97 0.100 —3.44 0322

lymphocyte count (~10.60, (~10.01,

(10°/L) 1.01) 3.61)

NLR 276(~1.10, | 0159 | 215(-246, @ 0359
677) 6.97)

ALT (U/L) 281(-083, | 0128 | 281(-083 0171
659) 6.59)

LDH (U/L) 1235 (6.13, <005 | 1128 (4.19, 0.002
18.92) 18.85)

CRP (mg/dl) 3.07 (1.55, <0.05 | 248049, 0015
4.60) 4.50)

Ferritin (ng/ml) 2,66 (0.93, 0.003 3.00 (0.59, 0015
4.42) 5.46)

Procalcitonin 322011, 0043 | 201(-123, | 0221

(ng/ml) 6.43) 5.36)

CPK (U/L) 073(=198, | 059 | 056(-258 = 0725
3.52) 3.80)

D-Dimer (ng/ml) 479 (151, 0005 | 209(—183, | 0293
8.18) 6.16)

*Adjusted with covariates age, sex, BMI, blood group, diabetes mellitus, interval between
disease onset and enrollment. TPercentage change in geometric mean of 1gG ng/ml for
any 10% increase in clinical biomarkers (original unit). *A p-value <0.05 was considered a
statistically significant association.
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Predictor nadjusted Adjusted™
variables

PP (95% PP (95% P-

cnt cn’ value®

Total leucocyte 1.05 (0.98, 0.14 1.02 (095, 056

count (10°/L) 1.12) 1.09)

Absolute neutrophil | 5.87 (127, 0013 | 337(-181, 020

count (10°/L) 10.69) 8.82)

Absolute —6.28(9.68, 0.001 -532 0.007

lymphocyte count -277) (—8.98,

(10°/L) —153)

NLR 493 (2.43, <0.001 | 3.74/(0.93, 0010
7.50) 6.62)

ALT (U/L) 215 (083, 0156 | 192(-098, 0.192
522) 491)

LDH (U/L) 1163 (596, | <0001 | 10.63 (433, 0.001
17.61) 17.31)

CRP (mg/dl) 313 (1.89, <0001 | 2.87(125, 0.001
439) 451)

Ferritin (ng/ml) 235 (0.94, 0.001 254 (0.59, 0011
3.77) 153)

Procalcitonin 3.80 (113, 0.006 3.11(0.32, 0.029

(ng/ml) 653) 5.97)

CPK (U/L) 0.67 (—1.68, 0576 | 0.72 (=2.06, 0611
3.06) 3.57)

D-Dimer (ng/ml) 437 (129, 0006 | 217(-122, 0208
7.55) 5.68)

*Adjusted with covariates age, sex, BMI, blood group, diabetes mellitus, interval between
disease onset, and enrollment. TPercentage change in geometric mean of IgG ng/ml for
any 10% increase in clinical biomarkers (original unit). *A p-value <0.05 was considered a
statistically significant association.
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Measures

Age

FCV-195

GHQ-12

BAI

WHOQOL-BREF

PSQI total

Age

0.236*
0.012*
0.101
0071
—0.099
0941
0087

0.193*

0.016*

FCV-198

0.236*

0.012¢

GHQ-12

0.101

0071

0.032

0073
1

0.097%
0.021%
-0.129%
0.006*
0.095
0012

BAI

~0.099
0941
0.086
0.141

0.097*

0.021%

-0.286*
0.001%
0.302¢
0.002*

‘WHOQOL-BREF

0.087
0592
0019
0.034
-0.129%
0.006*
-0.286*
0.001*
1

—0.104
0.027

PSQI total

0.193*
0.016%
0.182*
0.001*
0.095
0012
0.302%
0.002*
~0.104
X
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Variables Normal GM, 95% CI
reference

Total leucocyte count 4.0-11.0 6.27 (572, 6.87)

(10°/L)

Absolute neutrophil 20-75 4.26 (3.76,4.84)

count (10°/L)

Absolute lymphocyte 1.5-40 1.01 (0.87, 1.17)

count (10°/L)

NLR < 4.795 4.22 (3.40,5.25)

ALT (U/L) <50 41.0 (33.85, 49.66)

LDH(U/L) <248 277.76 (251.56, 306.70)

CRP (mg/dl) <05 1.45 (0.97, 2.17)

Ferritin (ng/ml) <274.66 178.02 (121.10, 261.68)

Procalcitonin (ng/ml) <0.1 0.07 (0.06, 0.09)

CPK (U/L) <171 103.89 (81.38, 132.61)

D-Dimer (ng/ml) <550 312.36 (261.95, 372.48)
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Measures

Age

FCV-195

GHQ-12

BAI

WHOQOL-BREF

PSQI total

Age

0204
0.037
0.287%
0.041%
—0.197*
0.036*
0.093
0.428
0236
0.027

FCV-198

0.204
0.037
1

0.047
0.021
0.105
0.207
—0.021*
0.030%
329
0.051

GHQ-12

0.287%
0.041%
0047
0021

0081
0019
-0.139
0064
0086
0.009

BAI

-0.197*
0.036*
0.105
0207
0.081
0019

—0.175*
0.012
0.291°
0.007*

WHOQOL-BREF

0093
0428
—0.021*
0.030°
-0.139
0.064
—0.175%
0.012

1

—0.196
0139

PSQI total

0.236°
0,027+
0329
0051
0.086
0.009*
0.291°
0.007*
-0.196
0.139
1
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Variables All cases COVID- COVID-
(n = 100) 19 19
patients patients

at3 at
months 6 months
(h=68) (=55

Age, (Mean, SD) 46.83 £ 14 450+ 143 44.11 £ 14.86

Male, N (%) 60 (60) 40(58.8) 34(61.8)

Blood group, n (%)

A/AB 33 (33%) 23(33.8) 19 (34.5)
B 35 (35%) 21(30.9) 16 (29.1)
o 32 (32%) 24 (35.3) 20 (36.4)
BMI (kg/m?) (Mean | 25.87 % 3.65 25.7 + 342 25849
+SD)

Interval between 10 (7.75,12) 10(7.5,12) 9(7.12)
Disease Onset and

enrolment, Median

(IQR)*

Comorbidities, n (%)

Liver Disease 1(1) 1(15) 1(1.82)
Kidney Disease 4(4) 3(4.4) 2(3.64)
Diabetes Mellitus 28 (28) 21(30.9) 15 (27.3)

*For symptomatic COVID-19 cases, symptom onset date was considered as disease onset,
whereas for asymptomatic cases, probable exposure date + incubation period (2 days) or the
date of 1st COVID-19 positive was considered as disease onset.
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Measures

Age

FCV-195

GHQ-12

BAI

WHOQOL-BREF

PSQI total

Age

0.129¢
0.009*
0.408
0.136
~0.125
0631
0.093
0768
02374
0.009*

FCV-19S

0.129%
0.009%

GHQ-12

0408
0.136
0.028
0.061

0.116
0079
-0.361%
0.009%
0.133
0.058

BAI

—0.125
0631
0.107
0.102
0.116
0079

-0.195*
0.002*
0.209%
0.001%

‘WHOQOL-BREF

0.093
0.768
-0.141%
0.031%
-0.361%
0009
-0.195%
0.002°
1

—-0278
0.087

PSQI total

0.237%

0.009*
0326
0.063
0.133
0.058

0.200%

0.001*

—0278
0.087

1
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Samples 21-30 31-40 41-50 51-60 61-70 Total

Male HCWs, Iran 66 99 70 67 0 312
Female HCWs, Iran 55 79 %6 40 38 308
Male HCWs, European 81 68 65 52 23 291
Countries

Female HCWs, 31 93 89 70 16 29

European Countries

Male HCWs, Iran and 147 167 135 119 35 603
European Countries

Female HCWs, Iranand 86 172 185 10 54 607
European Countries

AIHCWs participated 233 339 320 229 89 1210

in this study
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AEs Ivermectin N Placebo N = 107
All AEs, no. (%) 29(27.1) 28(26.2)

AEs by severity (CTCAE grade), no. (%)

Grade 1 19(17.8) 17(159)
Grade 2 9(8.4) 9(84)
Grade 3, 1(0.9) 1(0.9)
Grade 4 0 109)
Serious AEs, no. (%) 109) 1(09)
AE that led to study discontinuation, 0 0
no. (%)
AlTEAES, no. (%) 6(56) 5(47)

TEAES by severity (CTCAE grade), no. (%)

Grade 1 3028 3(28)
Grade 2 2019) 0
Grade 3 109) 109)
Grade 4 0 1(09)
Serious TEAES, no. (%) 0 1(0.9)
TEAES that led to study discontinuation, 0 0
no. (%)
TEAE by SOC and PT Patients, No. (%) Events, No. Patients, No. (%) Events, No.
Gastrointestinal disorders 209 2 109) 1
Diarthea 2019 2 0 0
Loose stools 0 0 109) 1
Hepatobiliary system disorders 209 2 209) 2
Hepatic function abnormal 1009) 1 2019) 2
Liver disorders 1009) 1 0 0
Musculoskeletal and connective tissue 0 0 109) 1
disorders
Myalgia 0 0 109) 1
Skin and subcutaneous tissue dis 1009) 1 1(09) 1
Rash 1009) 1 109) 1
Investigations 1009) 1 109) 2
Aspartate aminotransferase increased 0 0 109) 1
Alanine aminotransferase increased 0 0 109) 1
Blood creatine phosphokinase increased 1009) 1 0 0
TEAE grade >3 by PT Patients, No. (%) Events, No Patients, No. (%) Events, No.
Hepatic function abnormal 0 0 209" 2
Blood creatine phosphokinase increased 1009) 1 0 0

AE, adverse event; CTCAE, Common Terminology Criteria for Adverse Events; PT, preferred term; SOC, system organ class; TEAE, treatment-emergent adverse eventOne grade 3 and one
grade 4.
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Variable Ivermectin Placebo

(N = 106) (N =106)

Age, years
Mean (SD) 47.9 (15.1) 475 (15.0)

Categories, no. (%)

<65 89(84.0) 91(85.8)
265 17 (16.0) 15(14.2)
Sex, male, no. (%) 73 (68.9) 66 (62.3)
BMI, mean (SD), kg/m* 25.1(53) 24.0(38)
Drug allergy, yes, no. (%) 7(66) 108)

Smoking status, no. (%)

Yes (current smoker) 33(3L.1) 28(26.4)
Yes (ex-smoker) 22(208) 28(26.4)
No 51(48.1) 50 (47.2)
Comorbidities, yes, no. (%) 77 (72.6) 68(642)
Chronic abstructive 209 209
pulmonary disease, yes,
no. (%)
Diabetes melltus, yes, 14(132) 15(142)
no. (%)
Pneumonia, yes, no. (%) 78(73.6) 77 (726)
Medical history of other 42(39.6) 418.7)

disorders, yes, no. (%)

Days from a positive RT-PCR test o study drug administration
Mean (SD) 27(L1) 27(11)
Median (range) 20(1-6) 20(1-6)

Days from the first onset of subective symptom or first positive RT-PCR test to

study drug administration

Mean (SD) 66(26) 69(28)

Median (range) 60(1-15) 7.0 (2-20)
SARS-CoV-2 vaccination, 9(83) 7(66)
no. (%)

BMI, body mass index; RT-PCR, reverse transcription-polymerase chain reaction; SD,
standard deviation.
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Hazard Ratio (95% Cl) Ivermectin vs. Placebo P Value for

Interaction

—— 0,96 (0.70-1.32)

| 0485
— 098/070-1.37)
—_——— 078 (0.30-2.04)

0589
—— 1.82 (0.67—4.96)
—. 0.90 (0.64-1.25)

i 0647
] 0.92 (0.63-1.34)
—— 1.06 (0.60-1.88)

0.149

0.81(0.52-1.26)

Number of
Subgroup e
212
Age, years
<65 180
265 32
Diabetes melitus
Yes 29
No 183
Pneumonia
Yes 155
No 57
Smoking
Yes m
No 101
o1

r—gh
—e—i 1.22(0.76-1.96)
1

Favors placebo Favors ivermectin
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——— ermeciin group.

Ivermectin vs. placebo
HR (95% CI) = 0.96 (0.70-1.32)
Two-sided stratified log-rank p value = 0.785

-+ Placebo group

2w
S
&
s
© 20
RL.CTTw
4
0 5 10 15 20 25 30 35 40 45
Time (days)
Number at risk
Ivermectin group 106 94 68 29 13 6 3 2 0 0
Placebo goup 106 96 69 29 1 4 1 1 0 0
Ivermectin group Placebo group
(N=106) (N=106)
Number of events, 1 (%) 87 (82.1) 89 (84.0)
14.0 (13.0-16.0) 14.0 (12.0-16.0)

Median time (95% Cl), days
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OR (95% CI) P-value OR (95% CI) Pvalue

univariable multivariable

Age (years) 221 (0.36-3.02) <0.0001 1.99 (0.04-3.19) 0.001
Hypertension 435 (225-8.14) 0.001 3.88 (245-6.28) 032
DM 136 (0.13-7.17) 0014 - -
Cerebrovascular diseases 1.97 (1.01-4.69) 0032 - -
CHD 339 (2.12-6.52) 0.001 017
CHF 5.62 (4.19-11.23) 0031 - -
Asthma 1.96 (0.16-3.33) 0062 - -
Neutrophilia (1 neutrophil count) 453 (3.33-10.14) 012 - -
Leukocytosis (1 WBC count) 0.64(0.14-2.65) 0.008 - -
Thrombocytopenia (4 platelets count) 1.32 (042-2.07) 0012 - -
Lymphopenia (4 lymphocytes count) 0.24 (0.09-2.45) 0.001 0.10(0.04-2.02) 029
NT-ProBNP > 600, pg/L. 247 (1.23-4.11) 0002 - -
Cardiac troponin I (above 99" percentile) 23.09 (12.66-28.09) <0.0001 18.64 (13.16-23.01) <0.0001
MYO, pg/l. 225 (0.31-3.47) 0.006 - -
CK-MB >185, U/L. 41(2.24-7.13) 0.001 342 (1.14-6.07) 0412
PCT > 0.5, ng/ml. 11.36 (7.47-16.04) 0.009 - -
IL-6 > 7 ng/L 18.36 (13.03-22.14) <0.0001 14.57 (10.62-18.55) 0071
CRP > 10.0, mg/L. 6.65 (4.60-11.14) 0014 - -
Serum ferritin 0.78 (0.55-2.45) 0.047 - =
D-dimer > 1, pg/L 16.37 (13.42-20.08) 0.001 1365 (11.23-16.61) 055
Sepsis 1167 0.001 1039 (7.41-13.39) 0.001
ARDS 7.07 0.001 6.65 (4.04-8.91) <0.0001
Respiratory failure 263 0.022 - -
Cardiac injury 842 <0.0001 7.55 (4.08-10.11) 0.001
Hyperglycemia 525 0012 - -

OR, odd ratio; CI, confidence interval; DM, diabetes mellitus; CHD, coronary heart disease; CHE, chronic heart failure; MYO, myoglobin; CK-MB, cre
yndrome. The bold shows significance at <0.01 and <0.05.

Kinase-myocardial band;
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Informed consent provided, N = 257

Assessed for elgibl

Excluded, n=9 (3.5%)

Randomized, N = 221 (86.0%)

ity I = 248 (96.

+ Withdrawal of consent,

5%)

Excluded,” =27 (10.5%)

«Indoor SpO, <95%, n =21 (8.2%)

« Prohibited concomitant medications, 1 = 6 (2.3%)
- Negative RT-PCR test result? n = 4 (1.6%)

« Investigator's discretion, n = 2 (0.6%)

« Withdrawal of consent, n = 1 (0.4%)

!

Allocated to ivermectin, n = 112 (43.6%)
Study drug ot administered, n = 5 (1.9%)
+ Withdrawal of consent, n = 4 (1.6%)

+ Inclusion citeria not met, n = 1 (0.4%)

Study drug administered, n = 107 (41.6%)
Discontinued, n = 20 (7.8%)

+ Rescue treatment initated, 1= 15 (5.8%)
« Withdrawal of consent, n = 4 (1.6%)

« Investigator's discretion, n = 1 (0.4%)

Completed observation on day 15, n = 87 (33.9%)

i

Allocated to placebo, n = 109 (42.4%)

, n =107 (41.6%)
Discontinued, n = 17 (6.6%)

« Rescue treatment initated,
« Withdrawal of consent,

14 (5.4%)
1.2%)

Completed observation on day 15, n = 90 (36.0%)
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Complications

Sepsis

ARDS

Respiratory failure

Septic shock

Bacteremia

Hyperglycemia

Electrolyte disturbance
Anemia

Hypoproteinemia
Coagulopathy

Acidosis

Acute kidney injury
In-hospital treatment
Antibiotic therapy

Antiviral therapy

Intravenous corticosteroids
High-flow nasal cannula oxygen therapy
Non-invasive mechanical ventilation
Invasive mechanical ventilation
ECMO

CRRT

Intravenous immunoglobin
Clinical outcomes

Recovered and discharged

In-hospital death

All
n (%)

1,271 (62%)
677 (33%)
642(31%)
594 (29%)
349 (17%)
329 (16%)
226 (11%)

144 (7%)
103 (5%)
83 (4%)
82 (4%)
4102%)

1,337 (65%)
1,932 (94%)
1,601 (78%)
1,436 (70%)
266 (13%)
169 (8%)
21(1%)
41(2%)
1,338 (65%)

1,717 (84%)
334 (16%)

Patients No. (%)

With
n (%)

411 (66%)
380 (61%)
388 (62%)
295 (47%)
225 (36%)
131 21%)
126 (20%)
81 (13%)
51(8%)
54.(9%)
27 (4%)
19 (3%)

549 (88%)
617 (99%)
561 (90%)
139 (22%)
237 (38%)
126 (20%)
21 (3%)
39 (6%)
534 (86%)

326 (52%)
297 (48%)

Cardiac injury

Without
(%)

860 (60%)
297 (21%)
254 (18%)
299 (21%)
124 (9%)
198 (14%)
100 (7%)
63 (4%)
52 (4%)
29(2%)
55 (4%)
22(1%)

788 (55%)
1,315 (929%)
1,040 (73%)
1,297 (91%)
29 2%)
43 (3%)
0
2(0.14%)
804 (56%)

1,391 (97%)
37 2%)

Pvalue

<0.0001
<0.0001
0.001
005
048
0.002
0.054
024
063
005
017
0.09

0.001
0.06
0.001
<0.0001
0.001
0.001
091
039
0.09

0.001
0.001

Extracorporeal membrane oxygenation; CRRT, Continuous renal replacement therapy. The significance threshold is at <0.05 and <0.01.
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Patients No. (%)

Cardiac injury
All n (%) With Without Pvalue
n (%) (%)

Radiological findings
Consolidation 524 (26%) 367 (59%) 157 (11%) 023
Ground-glass opacity 633 (31%) 512 (82%) 121 (8%) 0.04
Bilateral pulmonary infiltration 1,643 (80%) 567 (91%) 1,076 (75%) 0.001
Laboratory findings
Neutrophilia (1 neutrophil count) 739 (36%) 308 (49%) (51%) 0,001
Leukocytosis (1 WBC count) 780 (38%) 550 (88%) (75%) 0.002
‘Thrombocytopenia (4 platelets count) 1,028 (50%) (57%) (48%) 0.001
Lymphopenia (} lymphocytes count) 1,027 (50%) 568 (91%) 1,031 (72%) <0.0001
Elevation of cardiac injury biomarkers
NT-ProBNP > 600, pg/L. 1,256 (61%) 268 (43%) 243 (17%) 0.002
Cardiac troponin I (above 99™ percentile) 513 (25%) 567 (91%) 1,171 (82%) <0.0001
MYO, pg/L 353 (17%) 306 (49%) 430 (30%) 0.002
CK-MB >185, U/L 188 (9%) 132 (21%) 173 (12%) 0,001
LDH 841 (41%) 376 (60%) 501 (35%) 031
Elevation of infection-related biomarkers
PCT > 0.5, ng/mL 534 (26%) 243 (39%) 291 (20%) 0,001
ESR > 20 mm/h 1,191 (58%) 369 (59%) 822 (57%) 0.16
1L-6 > 7 ng/L 1,047 (51%) 556 (89%) 1,161 (81%) <0.0001
1L-8 > 62 ng/L 174 (8%) 151 (24%) 134 (9%) 0.051
1L-10 269 (13%) 388 (62%) 448 (31%) 0071
TNF- > 8.1 ng/L. 971 (47%) 506 (81%) (70%) o1
CRP > 100, mg/L 1211 (59%) 575 (92%) (81%) 0.001
Serum ferritin 1,192 (58%) 427 (68%) 765 (54%) 021
Elevation of liver and renal biomarkers
ALT > 45, U/L 476 (23%) 155 (25%) 321 (22%) 0.26
AST > 45, U/L 417 20%) 146 (23%) 271 (19%) 0.07
Albumin < 35, g/L 841 (41%) 199 (32%) 642 (45%) 0.14
Serum creatinine > 1.3, mg/dL 475 (23%) 204 (32%) 271 (19%) 0.002
Elevated Coagulation-related biomarkers
D-dimer > 1, pg/L 1,152 (56%) 526 (84%) 1,175 (829) 0.001
Fibrinogen 1,249 (60%) 412 (66%) 1,131 (79%) 039

CK, creati

ine kinase; ALT, alanine transami

LDH, Lactate
alymphocyte
The significance threshold is at <0.05 and <0.01

; AST, aspartate transamiy
dehydrogenase; p values comparing survivors and deaths of patients are obtai
Thrombocytopenia was defined as a platelet count of

P, coreactive protei
er exacttest, or May
than 150,000 per cubic millimet

count of less than 1,500 per cubic millimeter






OPS/images/fpubh-11-1138147/fpubh-11-1138147-t003.jpg
AELELIES

Breathlessness (outcome)

Adjusted OR (95% ClI)

Number of COVID-19 vaccination doses received (exposure variable)

3

2

1

0

Fatigue (outcome)

Depression (exposure variable)
Normal

Mild

Moderate/Moderately severe/Severe
Cognitive difficulty (outcome)
Gender (exposure variable)

Male

Female

284 (1.14,7.05)
160 (0.55, 4.66)
0.84(0.18,3.95)

1.98 (0.95,4.10)
2,97 (1.06,8.29)

231(1.12,4.79)

Overall severity of the three symptoms (outcome) (mild (1-5) vs. moderate-severe (6-10), n=155]

Anxiety (exposure variable)
Very mild
Mild

Moderate/Severe

* p-value <0.05. Factors with a value of p<0.1 as

1.38(0.59,3.22)

3.30 (116, 9.40)

p-valu

Ref
0.025%
0.388

0.825

Ref
0.067

0.038*

Ref

0.024*

Ref
0458

0.026*

dicated in Table 2 were entered into the multivariable models but not shown in that table f their value of p>0.05 afer adjusting with other covariates.
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Cognitive Overall severity
function (6-10)r

Variables Total Breathlessness Fatigue

<64 27 (13.0%) 7(113%) 19(15.1%) 20(17.1%) 16(20.0%)
65-74 129(62.3%) 44(71.0%) 75 (59.5%) 68 (58.1%) 44(55.0%)
>75 51(24.6%) 11(17.7%) 32 (25.4%) 29 (24.8%) 20(25.0%)
Female 158 (76.3%) 54(87.1%)** 102 (81.0%)* 97 (82.9%)** 67 (83.8%)

Number of COVID-19 vaccination doses received

0 16 (7.7%) 3(48%)%* 9(7.1%) 10(8.5%) 5(6.3%)
1 45 (21.7%) 13 (21.0%) 32(25.4%) 27 (23.1%) 21(26.3%)
2 95 (45.9%) 38 (61.3%) 57 (45.2%) 57 (48.7%) 37 (46.3%)
3 51(24.6%) 8(12.9%) 28 (22.2%) 23(19.7%) 17 (21.3%)
Social security’ 133 (66.2%) 39 (65.0%) 80/(66.1%) 70 (60.9%)" 46 (59.7%)
BMI (kgm-2)

Underweight (BMI <18.5) 9(4.3%) 1(1.6%) 7(5.6%) 7(6.0%) 4(5.0%)
Normal (BMI 18.5 - <23.0) 46 (22.2%) 10(16.1%) 28 (22.2%) 26 (22.2%) 17 (21.3%)
Overweight/Obese (BMI>23.0) 152 (73.4%) 51(82.3%) 91 (722%) 84(71.8%) 59 (73.8%)
Central Obesity* 147 (71.4%) 51(82.3%)** 92.(73.0%) 86(73.5%) 61(76.3%)
Risky drinker 5(2.4%) 1(1.6%) 2(1.6%) 1(09%) 103%)
Physical activity level 106.1453.2 97.4435.0% 10235509 105.0452.1 1018454

Pain severity score

No pain 87 (42.0%) 22(35.5%) 52 (41.3%) 45 (38.5%) 26 (32.5%)
Mild pain (<4) 41019.8%) 12(19.4%) 25 (19.8%) 24(20.5%) 15 (18.8%)
Moderate/Severe pain (>4) 79 (38.2%) 28 (45.2%) 49 (38.9%) 48 (41.0%) 39 (48.8%)
Sarcopenia 42(20.3%) 17 (27.4%)* 31(24.6%)* 29 (24.8%)* 24 (30.0%)*
Frailty

Robust (0) 42(20.3%) 8(12.9%)* 18 (14.3%)** 16 (13.7%)** 14 (17.5%)
Pre-frail (1-2) 112 (54.1%) 32(51.6%) 68 (54.0%) 63 (53.8%) 38 (47.5%)
Frail (3-5) 53 (25.6%) 22(35.5%) 40 (31.7%) 38(32.5%) 28(35.0%)
Cognitive function (MOCA total score) 24.7£38 252440 245£39 247437 243139
Depression

Normal (0-4) 82(39.6%) 17 (27.4%)* 37 (29.4%)** 34(29.1%)** 18 (22.5%)**
Mild (5-9) 75 (36.2%) 28 (45.2%) 50 (39.7%) 46 (39.3%) 30(37.5%)
Moderate/Moderately severe/Severe (10-27) 50 (24.2%) 17 (27.4%) 39 (31.0%) 37 (31.6%) 32(40.0%)
Anxiety

Very mild (0-4) 110 (53.1%) 26 (41.9%)** 59 (46.8%)** 55 (47.0%)** 29 (36.3%)**
Mild (5-9) 57 (27.5%) 25 (40.3%) 37 (29.4%) 32(27.4%) 25(31.3%)
Moderate/Severe (10-21) 40 (19.3%) 11(17.7%) 30 (23.8%) 30 (25.6%) 26 (32.5%)
Social Support (MSPSS total score) 53.2£19.7 5224208 524£195 523£19.7 514£19.3
Loneliness

Not lonely (0-1) 38 (18.4%) 12 (19.4%) 22(17.5%) 19(16.2%) 12 (15.0%)*
Moderately lonely (2-4) 85 (41.1%) 28 (45.2%) 52 (41.3%) 48 (41.0%) 29(36.3%)
Severely lonely (5-6) 84 (40.6%) 22(35.5%) 52 (41.3%) 50 (42.7%) 39 (48.8%)

T-tests and Chi-square tests were conducted for continuous and categorical variables, respectively. A= 155 * p-value <0.1, ** p-value <0.05; Missing: ‘6, 1.
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Age (years) (mean£5d) 708257
<65 27(13.0%)
65-74 129 (62.3%)
275 51(24.6%)
Female 158 (76.3%)
Received COVID-19 vaccination 191 (92.3%)

Number of doses received

0 16 (7.7%)

1 45(23.6%)

2 95 (49.7%)

3 51(26.7%)

Type of vaccine received

Sinovac 117 (61.3%)

BioNTech 68 (35.6%)

Mixed 6(3.1%)

Days since SARS-CoV-2 infection (mean £ sd)/median (IQR) 625+18.5/62 (20)

n(%) Severity score (mean sd)
Post-COVID-19 symptoms (5-24weeks since infection) 168 (81.2%) 54819
Breathlessness 62 (30.0%) 53:19
Fatigue 126 (60.9%) 56+20
Cognitive difficulty 117 (56.5%) 58+20°
Any of the three post-acute symptoms 155 (74.9%) 53819
Other new symptoms 95 (46.1%)" 582210
Respiratory system symptom (e.g, cough) 29 (14.0%)
Insomnia/poor sleep quality 29 (14.0%)

Ear, Nose and Throat (ENT) symptom (c.g, sore throat) 21 (10.1%)
Musculoskeletal symptom (e.g. bone pain) 9(4.3%)
Gastrointestinal symptom (€.g. poor appetite) 7(3.4%)
Neurological problem (e.g., dizziness/headache) 6(2:9%)

Eye symptoms (e.g., dry eye, blurred eye) 6(2.9%)
Heart-related problem 5(24%)
Ageusia/Anosmia 4(1.9%)

Skin problem 3(1.4%)

Loss of appetite 2(.0%)

Others 14(6.8%)

Post-COVID-19 symptoms included post-acute and long COVID-19 symptoms here. They were symptoms that lasted for 5-24 weeks after infection. Missing: 1, 4. A total of 22 (10.6%)
participants had breathlessness at rest (severity score: 4.5:£ 1.8); 13 (6.3%) had breathlessness at dressing (severity score: 3.7:+2.1); and 55 (26.6%) had breathlessness when climbing stairs
(severity score: 5.4+ 1.8). For cognitive dificulty, 111 (53.6%) reported short-term memory, 61 (29.5%) reported concentration difficulty, and 44 (21.3%) reported planning diffculty, with 105
(89.7%) reporting that short-term memory was the worst among the three cognitive difficulties.
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Iran
No. Measure Phs Nus
1 FCV-195 12367 12467
2 GHQ-12 12679 38911
3 BAI 31215 2357
4 WHOQOL-BREF 1218 72123
5 PSQI total 15822 281321

The numbers of the iten

OHS

1237
123811

27,12

18,1820
1,57,13,24

Studied European countries

Phs Nus OHS
1267 12347 12,67
123911 127911 12349,10

681517 23,1921 9,1221
L7811 37,1523 38,1821,23
69,1124 6131519 157.8,19

ures are reported in th

Phs

1237
69,11
2317
289,17
45,13

s table.

Full sample (Iran and the
studied European countries)

Nus

124,67
137811
217,21
37,1821
811,17,24

OHS

2345
279
3,1621
149,11
15,19

AllHCWs

124,67
1378911
23,6,12,17,21
7.8,11,1823
51324
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Iran Studied European countries Full sample (Iran and the studied European countries)

No. Measure Phs Nus OHS Phs Nus OHS Phs Nus OHS AllLHCWs Range
1 FCV-195 7-35
Yes N (n%) 126(70.39%) 239 (79.13%) 103 (74.10%) 105 (56.75%) 197 (70.86%) 73 (57.48%) 231 (63.46%) 436 (75.17%) 176 (66.16%) 843 (69.66%)
Min-Max 12-31 13-32 15-30 18-30 14-31 9-29 12-31 14-32 9-30 9-32
Mean % SD 17534526 22874698 2074583 14514487 18494599 1984607 1602863 2068727  2029%791 18994825
3 0,022 0,035 0.079
2 GHQ-12 0-12
Yes N (n%) 148 (82.68%) 253 (8377%)  95(68.34%)  112(60.54%) 171 (61.51%)  89(70.07%) 260 (71.42%) 424 (73.10%) 184 (69.17%) 868 (71.73%)
Min-Max 4-9 3-1 49 511 4-n 5-10 41 31 4-10 31
Mean D 6914274 886£319 7024255 5974340 753299  688£354 644487  819£311 695309 7194482
» 0,043 0.049° 0.047¢
3 BAI 0-63
Yes N (n%) 133 (7430%) 268 (88.74%)  91(6546%) 107 (57.83%)  195(70.14%)  81(63.77%) 240 (65.93%) 463 (79.82%) 172 (64.66%) 875 (72.31%)
Min-Max 9-51 8-52 10-51 8-53 9-50 9-52 8-53 8-52 9-52 8-53
Mean £ SD 12374629 22514895  1784£539  1L67£7.36 16994958 1786873 1202819 19752926  1785£673 1654796
P 0.069 0.041 0714
4 'WHOQOL-BREF 26-130
Poor N (%) 92(5139%) 279 (92.38%)  112(80.57%)  84(45.40%) 254 (91.36%) 107 (84.25%) 176 (48.35%) 533 (91.89%) 219 (82.33%) 928 (76.69%)
Min-Max 39-119 36-103 33-101 45-121 40-110 37-107 39-121 36-110 33-107 33-121
Mean£SD 86421175 79811538 82161379 93581300 88711243 89411454 90001294 84261369 8578+ 1398 86.68 % 13.47
P 0.061 0.052 0.046*
5 PSQI total 0-21
Poor N (n%) 147 (82.12%) 266 (80.07%) 108 (77.69%) 89 (48.10%) 253 (91.00%)  99(77.95%) 236 (64.83%)  519(89.48%) 207 (77.81%) 962 (79.50%)
Min-Max 3-16 6-18 5-15 3-15 7-18 5-16 3-16 6-18 5-16 3-18
Mean D 4234348 9974256 GO7£391 4394407 698384 728E417 431367 84TE35 667402 6484379
I3 0,037 0034 0.041%

Average values (Mean),

andard deviation (SD), Min-Max values, and significant le
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Characteristics

Number of participants
Age

Gender

Male

Female

Educational level
Primary school and high
school

University

Marital status

Single

Married

Chronic llness

Yes

No

‘Type of household
Family

Alone

Friends

Have children at home
Yes

No

Rotating work shifts
Yes

No

Record of COVID-19
diagnostic

Yes

No

COVID diagnosed in
close family/friends
Yes

No

Death (in immediate
family members due to
COVID)

Yes

No

Alcohol use

Yes

No

Tobacco use

Yes

No

Having a pregnant
family member at home
Yes

No

Having a family
member with a chronic
illness at home

Yes

No

Having a family
member at the age of or
older than 65 years at
home

Yes

No

Year of experience in
profession

<l year

1-10 years

>10 years

Workplace

Department

c

Department + Clinic

620

312 (50.3%)
308 (49.7%)

12(1.9%)

608 (98.1%)

221 (35.6%)
399 (64.3%)

121 (19.5%)
499 (80.5%)

402 (64.8%)
128 (20.6%)
90 (14.5%)

269 (43.3%)
351 (56.7%)

387 (62.4%)
233 (37.6%)

510 (82.3%)
110 (17.7%)

564 (90.9%)
56 (9.1%)

55 (8.8%)
565 (91.2%)

272 (43.8%)
348 (56.2%)

241 (38.8%)
379 (61.1%)

81 (13.0%)
539 (87.0%)

121 (19.5%)
499 (80.4%)

244 (39.3%)
376 (60.6%)

99 (15.9%)
373 (60.1%)
148 (23.8%)

122 (19.6%)
172 (27.7%)
326 (52.5%)

Phs

179 (28.9%)
41378

83 (46.3%)
96 (53.6%)

0(0%)

179 (100%)

54/(30.1%)
125 (69.9%)

23(12.8%)
156 (87.2%)

112 (62.6%)
38(21.2%)
29(16.2%)

132(73.7%)
47 (26.2%)

123 (68.7%)
56 (31.3%)

124 (69.3%)
55 (30.7%)

161 (89.9%)
18(10.1%)

13(7.2%)
166 (92.7%)

66 (36.8%)
113 (63.2%)

49 (27.3%)
130 (72.6%)

42 (23.4%)
137 (76.6%)

17(9.4%)
162 (90.6%)

74 (41.3%)
105 (58.7%)

39/(21.8%)
102 (56.9%)
38(21.2%)

25 (13.9%)
48 (26.8%)
106 (59.2%)

Iran

Nus

302 (48.7%)
369482

149 (49.3%)
153 (50.6%)

0(0%)

302 (100%)

119 (39.4%)
183 (60.6%)

61(202%)
241 (79.8%)

204 (67.5%)
53 (17.5%)
45 (14.9%)

92 (30.4%)
210 (69.5%)

237 (78.4%)
65 (21.6%)

268 (88.7%)
34 (11.3%)

284 (94.3%)
18 (5.9%)

29(9.6%)
273(90.3%)

139 (46.0%)
163 (54.0%)

96 (31.8%)
206 (68.2%)

13 (4.3%)
289 (95.7%)

86 (28.4%)
216 (71.5%)

134 (44.3%)
168 (55.7%)

46 (15.2%)
179 (59.2%)
77 (25.5%)

54 (17.8%)
85(28.1%)
163 (53.9%)

OHS

139 (22.4%)
378%76

80/(57.5%)
59 (42.4%)

12 (8.6%)

127 (91.4%)

48 (34.5%)
91(65.4%)

37 (26.6%)
102 (73.3%)

86 (61.8%)
37 (26.6%)
16 (11.5%)

45 (32.3%)
94 (67.6%)

27 (19.4%)
112 (80.6%)

118 (84.9%)
21 (15.1%)

119 (85.6%)
20 (14.3%)

13 (9.4%)
126 (90.6%)

67 (48.2%)
72(51.8%)

96 (69.0%)
43 (31.0%)

26 (18.7%)
113 (81.3%)

18 (12.9%)
121 (87.1%)

36 (25.9%)
103 (74.1%)

14/(10.0%)
92(66.2%)
33 (23.7%)

43 (30.9%)
39/(28.0%)
57 (41.0%)

The studied European Countries

590

301 (51.0%)
289 (49.0%)

51(8.7%)

539(91.3%)

229 (38.8%)
361 (61.2%)

71 (12.0%)
519 (88.0%)

364 (61.7%)
164 (27.8%)
62(10.5%)

260 (44.1%)
330 (55.9%)

319 (54.1%)
271 (45.9%)

418 (70.1%)
172(29.1%)

521 (88.3%)
69 (11.7%)

55(9.3%)
535 (90.7%)

348 (58.9%)
232(39.3%)

176 (29.8%)
414(70.2%)

87 (14.8%)
503 (85.2%)

61(10.3%)
529 (89.7%)

150 (25.4%)
440 (74.6%)

61(10.3%)
419 (71.0%)
110 (18.6%)

187 (31.7%)
154 (26.1%)
249 (42.3%)

Phs

185 (31.4%)
10.1£83

87 (47.0%)
98 (53.0%)

0(0%)

185 (100%)

27 (14.6%)
158 (85.4%)

13 (7.0%)
172 (93.0%)

136 (73.5%)
37 (200%)
12 (6.4%)

109 (58.9%)
76 (41.1%)

97 (52.4%)
88 (47.6%)

139 (75.2%)
46 (24.8%)

167 (90.2%)
18 (9.8%)

19 (10.2%)
166 (89.8%)

121 (65.4%)
54(292%)

53 (28.6%)
132 (71.4%)

49 (26.4%)
136 (73.6%)

21 (11.3%)
164 (88.7%)

51(27.5%)
134 (72.5%)

11(5.9%)
127 (68.6%)
47 (25.4%)

39/(21.1%)
47 (25.4%)
99(53.5%)

Nus

278 (47.1%)
384£79

149 (53.6%)
129 (46.4%)

20(7.2%)

258 (92.8%)

173 (62.29%)
105 (37.8%)

46 (16.5%)
232 (83.5%)

123 (44.2%)
114 (41.0%)
41(14.7%)

84/(30.2%)
194 (69.8%)

207 (74.4%)
71(25.5%)

186 (6.9%)
92/(33.19%)

253 (91.0%)
25 (9.0%)

17 (6.1%)
261 (93.9%)

170 (61.29%)
108 (38.8%)

69 (24.8%)
209 (75.29)

31(11.1%)
247 (88.9%)

29 (10.4%)
249 (89.5%)

63 (22.6%)
215 (77.4%)

29 (10.4%)
208 (74.8%)
41(147%)

105 (37.7%)
68 (24.4%)
105 (37.7%)

OHS

127 (21.5%)
379464

65 (51.1%)
62 (48.8%)

31(24.4%)

96 (75.6%)

29(22.9%)
98 (77.1%)

12 (9.4%)
115 (90.6%)

105 (82.6%)
13 (10.2%)
9(0.7%)

67(52.8%)
60 (47.2%)

15 (11.8%)
112 (88.1%)

93 (73.2%)
34 (26.8%)

101 (79.5%)
26 (20.5%)

19 (14.9%)
108 (85.1%)

57 (44.8%)
70 (55.1%)

54 (42.5%)
73(57.4%)

7(55%)
120 (94.5%)

11(8.6%)
116 (91.4%)

36 (28.4%)
91 (71.6%)

21 (16.5%)
84/(66.1%)
22 (17.3%)

43 (33.8%)
39 (30.7%)
45 (35.4%)
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Cluster name

Omicron and
vaccination status

Infection and
treatment

Vaccine effectiveness
and the need for
vaccine research

Increase in
confirmed cases and
deaths

Keywords

Omicron, proof of vaccination,
COVID-19, variant, immunity,
treatment, definite diagnosis,
vaccine, possibility, fatality,
inequality, government,
symptom, spread, cold,
worldwide, present, inoculation,
response, domestic, mask, Delta,
side effects, and influenza

Medical care, quarantine,
hospitalization, situation,
examination, breakthrough
infection, infection, risk, patient,
disease control, and unvaccinated
people

Prevention, need, consequence,
death, effect, Pfizer, research,
antibody, vaccine booster, and
severe symptom

Increase, occurrence, death (the
death toll), confirmed case, and
completion
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Topic

Topic name

Omicron

Vaccine

Vaccine Inequality

Breakthrough
Infection

Keywords

COVID-19, proof of
vaccination, influenza,
cold, government,
disease control, fear,
fatality, entry, and
quarantine

Effect, inoculation,
Pfizer, vaccine booster,
COVID-19, prevention,
antibody, research,
variant, and Delta

Research, worldwide,
symptom, treatment,
spread, COVID-19,
inequality, helplessness,
concern, and response

Vaccinated people,
infection, confirmed
case, spread, disease
control, COVID-19,
definite diagnosis,
unvaccinated people,
breakthrough infection,
and outbreak
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Keywords

Omicron
Vaccine
Inoculation
COVID-19
Infection
Effect
Vaccine booster
Spread
Proof of vaccination
Disease control
Pfizer
Confirmed case
Research
Delta
Prevention
Cold
Symptom
Unvaccinated people
Immunity
Government
Mask
Treatment
Antibody
Result
Confirmed case
Severe symptom
Examination
Response
Breakthrough infection
Death

Frequency

8,279
7,997
3,246
1,860
1,508
1,129
965
825
820
719
703
691
573
507
464
421
385
378
367
363
361
331
320
320
316
301
267
261
259
247

Keywords

Inoculation
COVID-19
Infection
Effect
Vaccine booster
Proof of vaccination
Spread
Disease control
Confirmed case
Pfizer
Research
Delta
Prevention
Cold
Symptom
Immunity
Unvaccinated people
Mask
Government
Treatment
Antibody
Confirmed case
Result
Severe symptom
Examination
Response
Breakthrough infection
Death
Completion

Occurrence

TF-IDF

3286.131
2777.284
2610.349
2197.277
1998.605
1890.749
1781.616
1757.968
1670.345
1640.591
1463.721
1361.974
1284.294
1253.636
1151.075
1126.171
1104.679
1093.829
1077.68
1045.194
1030.577
989.9985
989.3775
951.5444
911.4365
866.7388
859.0066
837.5117
827.4268
822.6
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(1) sentiment predict("#{Al17 B2 Astn EIT QICHAG| of Yt 33,7

/usr/local/lib/python3.7/dist-packages/transformers/tokenization 1
FutureWarning,

0.082832634

91.72% EEE BF 2FYULICEL.

(2) sentiment predict("SAEAI0| QO|3ES FUFCZ ZAGYE £ U= EL AL, OM CHS a2 UOAIE")

/usr/local/lib/python3.7/dist-packages/transformers/tokenization utils base.py:2277: Fu
FutureWarning,

0.7124839

71.25% EEZ 33 2TYLICH.

(3) sentiment_ predict ("ZHZE")

/usr/local/lib/python3.7/dist-packages/transfor
FutureWarning,

0.041064203

95.89% &EZE B3 E2TQLICE.
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Number of sensory impairments Ever one B 2s
D t inte i
Without  Withone ~ Withtwo  Withthree  Withfour = TOreUD  trend interaction

ub ub UDs UDs or more
UDs

COVID-19 history

Age, years 0203
<65 100 [Reference] | 2.21[196-250]  290(254-331] | 350(299-4.10]  3.88(324-4.65]  136[131-141]  <0.001
>=65 100 [Reference] | 172[1.09-280) | 1.83(1.19-294]  233(152-374] | 3.09[202-495] | 1.22[114-129] <0001

Gender 0589
Male 100 [Reference] |~ 2.20(186-261]  253(210-305] | 3.07(248-381]  3.89(308-493]  132[126-138]  <0.001
Female 100 [Reference] 223 [1.90-2.63] | 306(259-364]  3.69(304-448]  423[3.45-520] | 134[128-139] <0001

Race, % 0222
Hispanic 100 [Reference] | 240 [190-304]  269(206-351] | 346(247-482]  438[306-627] ~ 137(128-147]  <0.001

Non-Hispanic | 1.00 [Reference]

i 203(174-237)  266[227-3.13] | 312[261-374]  378[3.12-460]  131[1.26-135]  <0.001
ite

Non-Hispanic 100 [Reference]
iac 253(175-370] | 331(222-499] | 391(246-622] | 425[260-695] | 133[122-146]  <0.001
ach
Otherraces 100 [Reference] | 261 [L.68-4.12] | 3.85(239-627] | 5.98[341-1048]  7.15(378-13.42]  151[134-171]  <0.001
Education 0582
Below college 1.0 [Reference] | 226 (1.84-277) = 284[229-353] | 3.15(247-402]  375(290-485]  127[121-134]  <0.001

Collegeand 100 [Reference]

N 219(189-253)  281[241-328]  352(295-421]  430(354-522] | 136[131-141]  <0.001
above

Family income-

0.163
poverty ratio, %
<15 100 [Reference] 166 (1.27-2.19] | 268(2.02-357) | 330(239-455] | 382[277-528] | 132(124-141] <0001
15-35 100 [Reference]  2.61(2.09-3.26] | 325[259-4.11]  420[324-545]  462[350-612]  134[127-141] <0001
535 100 [Reference] | 2.26(192-2.67)  275(230-328]  3.09[252-380] | 4.14[329-522]  134[128-140]  <0.001
Married/
Partnered oo
No 100 [Reference] | 1.95[1.64-233] | 238(1.97-288]  288(232-357) | 335(267-420]  1.27[121-133]  <0.001
Yes 100 [Reference] 244 [208-287]  320(271-380] | 385(3.17-4.66]  476(385-588]  138[132-144]  <0.001
Severe symptoms
Age, years 0.680
<65 100 [Reference] | 1.26(0.88-183] | 201(1.40-292]  213[143-321] | 277(1.80-430] 123 [L14-133]  <0.001
>=65 100 [Reference] | 1.21(036-494] | 107(033-427) | 148(048-583]  159(0.51-624]  110[0.95-128]  0.109
Gender 0578
Male 100 [Reference]  141[0.85-240) 218 [131-373]  181[102-326] | 260[145-476] | 119(1L07-133]  0.002
Female 100 [Reference] | 1.21(075-198]  164(1.03-266] | 220(135-365] | 254[153-430] | 121(L10-132]  <0.001
Race, % 0489
Hispanic 100 [Reference] 114 [0.62-2.16] | 148(0.76-292]  2.82[138-585] | 237[107-530] | 122(104-142] 0015
Non-Hispanic | 1.0 [Reference] | 148(0.89-254] = 226(139-383] = 237[142-411]  294[172-518] | 121[L11-133]  <0.001
White
Non-Hispanic 100 [Reference] | 142[053-4.15]  146(052-440] ~ 065[0.19-229] | 276(0.83-9.80]  116[092-1.45] 0214
Black
Otherraces 1.0 [Reference] | 068 [0.15-331]  245(0.62-1125] ~ 2.51(048-1442] | 380[0.7-21.28]  140[1.00-1.98] 0053
Education 0287
Belowcollege 1.0 [Reference] | 1.61[095-281]  173[101-3.03]  204[115-372] 308 (169-572]  123[110-137) <0001
Collegeand 100 [Reference] | 109[069-176] 197 [127-3.14]  204[126-336]  232(141-389]  L18[108-1.30]  <0.001
above
Family income- 0781
poverty ratio, %
<15 100 [Reference] | 213 [1.03-4.66] | 279(136-606]  331(155-746]  436(201-998]  123[L08-141] 0002
15-35 100 [Reference]  1.05[(0.58-193] | 154(0.86-283]  159(086-304] | 166[0.86-327]  L13(101-128]  0.004
535 100 [Reference] | 113[0.67-198]  169(1.00-296] | 186(1.04-340]  285[155-535]  127(L13-143]  <0.001
Married/ 0469
Partnered
No 100 [Reference] | 148[0.89-251] | 176[105-301]  224[130-394] | 226(1.29-405] | L14[103-127]  0.001
Yes 100 [Reference] | 118(073-193]  195(1.24-3.17) | 188(L14-316]  296(176-5.08] 126 (114-139]  <0.001
Loss of smell
Age, years 0021
<65 100 [Reference]  2.74[2.16-3.50] | 3.95(3.04-5.16]  432[316-593]  6.17[428-895]  145[135-156]  <0.001
>=65 100 [Reference] 395 (136~ 214(075-722] | 505(179-1698] | 423(150-1421]  L19(105-136]  0.008
1353
Gender 0.649
Male 100 [Reference] | 3.13[2.21-445] | 401[275-589]  4.44[289-690]  5.13[321-827]  134[122-148]  <0.001
Female 100 [Reference] 274 [1.98-3.80) | 347 (247-490] | 490(333-7.28]  553(3.65-843]  140(128-152)  <0.001
Race, % 0,808
Hispanic 100 [Reference] | 233(147-370] | 402(232-7.09] | 432[222-869] | 451(222-943]  143(1.23-167]  <0.001
Non-Hispanic | 1.00 [Reference] | 3.60 (2.61-499] = 400[288-561] | 544[375-7.94]  652[437-9.81]  138[1.27-149]  <0.001
White
Non-Hispanic 1.0 [Reference] | 269 [1.22-6.08] 410 [1.74-1000] | 4.24 [1.65-1136] 1089(3.64-  158[1.28-197]  <0.001
Black 3450]
Otherraces 100 [Reference] | 199[071-587)  3.92(1.36-1203] 458 [125-18.13] | 171(0.45-6.64] 117 (088-1.55] 0277
Education 0521
Belowcollege 100 [Reference] | 282[1.88-4.26]  292(191-449]  497[305-820]  482(288-8.16]  132[L19-147]  <0.001
Collegeand 100 [Reference] | 294[219-396]  407[2.98-5.60]  4.62[323-665]  578(391-860]  141[130-153]  <0.001
above
Family income- 0098
poverty ratio, %
<15 100 [Reference] | 207 [1.18-3.66) | 313[173-575]  273(143-529]  602(3.00-1234]  136[118-156]  <0.001
15-35 100 [Reference]  241[1.56-377] | 3.18[201-5.10]  482[287-821]  565[323-1001] 140 (1.25-157]  <0.001
535 100 [Reference] 372 (2.66-5.25) | 444(3.09-644] | 605(396-935]  570[358-9.15] | 141[129-156] <0001
Married/ 0907
Partnered
No 100 [Reference] | 2.94(2.08-4.20] | 344[236-503]  430[280-667) | 547[346-870]  136(1.24-1.50]  <0.001
Yes 100 [Reference] 280 (203-388] | 381(271-537)  517(351-768]  537[352-826] | 1.40(128-152]  <0.001
Loss of taste
Age, years 0492
<65 100 [Reference] 268 (211-341) | 373(2.87-485]  478(350-656] | 591[413-853] | 144[134-155] <0001
>=65 100 [Reference] | 549[161- | 414[124-1977) | 825(249-3930] | 822(248-39.17) 128(113-147)  <0.001
2647)
Gender 0870
Male 100 [Reference] 330 [233-471] | 422(289-620]  580(376-9.04]  6.60[4.12-1068] 1.43(130-158] <0001
Female 100 [Reference] 249 [1.80-3.45) | 327(233-460] ~ 450(3.06-665] | 506(335-7.68] | 136(125-148]  <0.001
Race, % 0.180
Hispanic 100 [Reference] 224 [143-3.54] | 415(243-721]  336[1.79-643] | 4.16[209-846] | 1.38[120-161] <0001
Non-Hispanic | 1.00 [Reference] | 3.41(247-4.73] | 465(333-653]  616[425-902]  8.06(539-1217]  145(134-157] <0001
White
Non-Hispanic 100 [Reference] = 273[125-6.10] | 154[067-358] | 465(178-12.68]  375[131-1105]  128(105-157) 0018
Black
Otherraces 1.0 [Reference] | 210 [069-6.68] 421 (138-1377) 1099 [276-48.92]  5.22[1.29-23.34]  150(L11-205)  0.001
Education 0.767
Belowcollege 1.0 [Reference] | 336 (223-5.10]  390[254-603]  617(378-1019]  588(350-998] | 137(123-152] <0001
Collegeand 100 [Reference] | 2.60 [195-3.49]  3.69[271-5.05]  474(332-680]  593(402-881) | 142(132-154] <0001
above
Family income- 0132
poverty ratio, %
<15 100 (Reference] | 219 (126-3.80] | 310 (174-5.58]  328[174-629]  5.17[264-1033]  135[L18-154]  <0.001
15-35 100 [Reference] | 225[146-3.49] | 293 [186-4.65] ~ 539[322-9.14]  523(3.02-9.17) | 138[124-154]  <0.001
535 100 [Reference] 350 (250-4.94] | 476(331-692] | 6.12[4.01-946] | 7.0 [463-1196] 150 (136-165]  <0.001
Married/ 0983
Partnered
No 100 [Reference] | 266 [1.88-3.80] | 331[227-4.86] ~ 459[298-713]  522(330-831] | 136[124-150]  <0.001
Yes 100 [Reference] 298 [216-4.12] | 407[291-573]  561(383-830]  670[439-1030]  1.44(133-157] <0001

NHIS: National Health Interview Survey, UD: underlying disease, Cl: confidence interval, OR: odds ratio.
All models were adjusted for age, gender, race, education, family income-poverty ratio, household region, health insurance hierarchy, marital status, smoking status, body mass index; history
il imsarannly shot kod flb veccios 1 the phet 12 month: kad ERarvies sianth.






OPS/images/fpubh-10-952363/math_1.gif
[0





OPS/images/fpubh-11-1210800/fpubh-11-1210800-t004.jpg
B Wald 2 R [95% CI] P-value
COVID-19 history
Multivariable adjusted model
Cardiovascular diseases 0223 0.047 4777 125 (1.14-1.37) <0.001
Cancer 0077 0.066 L172 1,08 [0.95-1.23] 0241
Endocrine diseases o118 0.016 2501 112 (1.03-1.23] o011
Respiratory diseases 0129 0.050 2563 1.14(1.03-1.25) 0.010
Neuropsychiatric diseases 0224 0.044 5.066 125 [1.15-1.36] <0.001
Liver and kidney diseases 0215 0.082 2.965 128 (1.08-1.50] 0.003
Fatigue Syndrome 0471 0141 3332 160 (1.20-2.10] 0.001
Sensory impairments 1327 0.041 3229 3.77[3.48-4.09] <0.001
Mutually adjusted model
Cardiovascular diseases 0122 0.049 2481 113 (1.03-1.24] 0.013
Cancer 0,003 0.067 0.047 1.00[0.88-1.14] 0.962
Endocrine diseases 0007 0049 ~0.137 099 (0.90-109] 0891
Respiratory diseases 0.002 0052 0039 1,00 (0.90-1.11] 0.969
Neuropsychiatric diseases 0007 0047 0.158 101 (092-1.10) 0.875
Liver and kidney diseases 0026 0.085 0303 103 [087-1.21] 0.762
Fatigue Syndrome 0.207 0.146 1416 1.23(0.92-1.63] 0.157
Sensory impairments 1317 0.012 31612 3.73[3.44-4.05] <0.001
Severe symptoms
Multivariable adjusted model
Cardiovascular diseases 0149 0107 1392 116 [094-143] 0.164
Cancer 0116 0.149 0779 112[0.84-1.50] 0.436
Endocrine diseases 0.252 106 2368 129 [1.04-1.58] 0.018
Respiratory diseases 0210 o116 2071 127 (1.01-1.59] 0.038
Neuropsychiatric diseases 0.419 0.102 4116 152 (1.24-1.85] <0.001
Liver and kidney diseases 0.383 0172 2229 147 [1.04-2.05] 0.026
Fatigue Syndrome -0077 0310 ~0.249 093 [0.49-1.6] 0.803
Sensory impairments 0362 0.099 3619 1.44(118-1.75] <0.001
Mutually adjusted model
Cardiovascular diseases 0041 012 0363 1.040.84-1.30] 077
Cancer 0073 0151 0.483 1.08 (0.80-1.44] 0629
Endocrine diseases 0171 [ 1545 119095-147) 0122
Respiratory diseases 0.164 ons 1385 118 0.93-1.48) 0.166
Neuropsychiatric diseases 0316 0.105 3289 141 [115-1.74] 0.001
Liver and kidney diseases 0.275 0178 1544 132[092-186) 0123
Fatigue Syndrome 0403 0321 -1.257 067(0.35-122] 0.209
Sensory impairments 0317 0.100 3164 137 (113-1.67) 0.002
Loss of smell
Multivariable adjusted model
Cardiovascular diseases 0091 0.089 1020 110[092-131] 0.308
Cancer 0212 0129 —1644 0.81(0.63-104] 0.100
Endocrine diseases 0.143 0.089 1602 115 [0.97-1.38] 0.109
Respiratory diseases ~0.21 0,098 —1241 0:89(0.73-107) 0215
Neuropsychiatric diseases 0010 0085 0114 101 (0.85-1.19] 0.909
Liver and kidney diseases 0.161 0.160 1006 118 0.86-161] 0314
Fatigue Syndrome 0.156 0.273 0572 117 [0.69-2.02] 0568
Sensory impairments 2,064 0.089 23277 7.88(6.63-9.39] <0.001
Mutually adjusted model
Cardiovascular diseases 0041 0.104 0394 1,04 [0.85-1.28] 0.694
Cancer ~0237 0144 —1L648 079 (0.59-1.05] 0,09
Endocrine diseases 0124 0103 1199 113092-1.39) 0.230
Respiratory diseases —0247 0110 —2234 0.78[0.63-0.97] 0.025
Neuropsychiatric diseases ~0226 0,098 ~2.298 0.80(0.66-097) 0022
Liver and kidney diseases ~0039 0182 ~0211 096 (0.67-1.38] 0833
Fatigue Syndrome 0070 0305 0.228 1.07(059-197) 0.820
Sensory impairments 2.100 0.090 23313 8.17(6.86-9.76] <0.001
Loss of taste
Multivariable adjusted model
Cardiovascular diseases 0.135 0.089 1516 1.14[096-1.36] 0.130
Cancer 0117 0128 ~0915 0.89(0.69-1.14] 0.360
Endocrine diseases 0.267 0.089 3.001 131 [1.10-1.56] 0.003
Respiratory diseases ~0089 009 0929 091(0.76-1.10] 0353
Neuropsychiatric diseases 0125 0,084 1484 113 (0.96-134] 0138
Liver and kidney diseases 0313 0.160 1.955 137 [1.00-1.88) 0.051
Fatigue Syndrome 0.285 0.273 1045 1.33(0.79-2.30) 0.296
Sensory impairments 1803 0.084 21412 6.07[5.15-7.16] <0.001
Mutually adjusted model
Cardiovascular diseases 0043 0.100 0.428 1,04 [0.86-1.27) 0.669
Cancer ~0.147 0139 ~1.057 086 (0.66-1.13] 0.291
Endocrine diseases 0215 0.100 2449 128 [1.05-1.56] 0.014
Respiratory diseases —o0215 0.107 —2.019 0.81(0.65-0.99] 0.043
Neuropsychiatric diseases ~0078 0095 ~0.822 093 (0.77-1.11] 0411
Liver and kidney diseases 0099 0178 0557 110 0.78-1.57) 0578
Fatigue Syndrome 018 0302 0391 113 0.63-2.06] 0.695
Sensory impairments 1813 0.085 21310 6.13(5.19-7.25] <0.001

OR, odds ratio; CI, confidence interval.
Multivariable adjusted models for associations of each disease with COVID-19 and its symptoms were adjusted for age, gender, race, education, family income-poverty ratio, household region,
health insurance hierarchy, marital status, smoking status, body mass index, history of pneumonia shot and flu vaccine n the past 12month, and interview month.

Mutually adjusted models were adjusted for al diseases simultaneously to allow for mutual adjustments. Bold values indicates that the association has statistical significance (P<0.05).
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Models for associations of number of diseases with COVID-19 and its symptoms were adjusted for age, gender, race, education, family income-poverty ratio, household region, health
insurance hierarchy, marital status, smoking status, body mass index; history of pneumonia shot and flu vaccine in the past 12month, and interview month. Bold values indicates that the

association has statistical significance (P<0.05).
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Sensory impairments, % 8307 1914 87657 <0.001 1485 426 2296 <0.001 480 1416 562,14 <0.001 502 1,366 47575 <0001
(332) (60.0) (579) (683) (359) (77.8) (387) @7.0)
Number of diseases, % 16167 <0001 99.62 <0.001 9031 <0.001 11006 <0001
0 6433 493 439 53(8.5) 302 187 320 17207
(25.7) (15.4) (17.1) (22.6) (10.3) (229)
1 6313 906 782 124 361 541 390 s12
(25.2) (28.4) (30.5) (199) (27.0) (297) (27.9) (288)
2 5372 791 626 165 305 181 318 470
(213) (248) (24.4) (2655) (228) (26.4) (227) (265)
3 369 527 397 129 194 325 194 328
(148) 165) 15.5) (207) (145) (7.8) (139) (18.5)
4or more 3202 474 321 151 176 287 178 203

(128) (149) (12.5) (243) (132) (15.8) (127) (165)
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Characteristics

Age (years)

Gender

Collection type

Length of admission (days)

Duration of wearable device use (days)

Number of video call

10-19
20-29
30-39
40-49
50-59
260
Male
Female
A
B

irable devices, video calls, and online questionnai

N (%)

2017
36 (30.0)
20 (16.7)
21(17.5)
30 (25.0)

11(92)
62(51.7)
58 (48.3)
99 (82.5)
21(17.5)

Total (N = 120)
Mean (SD)

4029 (13.93)

7.63(1.83)
6.10(203)
3.95 (1.28)
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Element

Recruitment

Informed consent

Data entry

Data collection Admission day

During quarantine

Atdischarge

1 month after discharge

esource locator; QR code, quick response code; OS, operati

‘Wearable devices Video calls Online questionnaires

Promotion: Offline using posters and brochures

Patients' engagement: Online through Google Form (URL or QR code were provided
on brochure)

Oral consent: Through a telephone call

nline through Google Form

Wearable sensors Online secure systems Online secure systems
(ZOOM) (Google Forms)

‘Telemedicine interview was conducted. Patient information such as name, admitted ward

and room number, admission date, confirmed date of COVID-19 diagnosis, and type of

mobile phone O was collected by mobile messenger.

URL link of user guideline for URL link of user guideline for URL link of online
wearable devices was sent to Zoom was sent to questionnaires for admission
participants. participants. day was sent to participants;
Wearable devices were participants voluntarily
delivered at the time of meal answered the online
serving. questionnaire.
Data was collected from Data collection was Participant answered the
participants conducted with the help of online questionnaire on the
research assistants. Research 7th day from admission.

assistants demonstrated the
word or sentence cards to
read to participants.
Completed data collection Completed data collection Participants answered the
online questionnaire.
Participants answered the
online questionnaire. Data

collection was completed.

n; COVID-19, coronavirus discase 2019.
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Sentiment polarity Precision Recall Fl-score

Positive 072 098 083
Neutral 068 044 053
Negative 0.66 072 0.69
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Characteristics
Age, years, mean=SD
Female, %
Race, %
Hispanic
Non-Hispanic White
Non-Hispanic Black
Other races
With college degree, %
Family income-poverty ratio, %
<15
15-35
535
Married/Partnered, %
Ever smoking, %
Body mass index, %
<25kg/m?
25 - <30kg/m’
>=30kg/m?
Interview month, %
January
February
March
April
May
June.
July
August
September
October
November

December

48.2¢18.5

517

167
632
116
85
627

187
313
199
60.2
346

32
341
327

82
80
87
84
83
83
87
86
76
86
82
82

racteristics
Household region, %

Northeast

Midwest

South

West
Health insurance hicrarchy, %

Private

Medicaid and other public

Other coverage

Uninsured
Flu vaccine in the past 12 months, %
‘Ever had pnewmonia shot, %
Sensory impairments, %
Cardiovascular diseases, %
Endocrine discases, %
Neuropsychiatric diseases, %
Respiratory diseases, %
Cancer, %
Liver and kidney diseases, %
Fatigue Syndrome, %
Number of diseases, %

0

1

2

3

4or more
History of COVID-19, %
Severe symptoms, n (%)
Loss of smell, n (%)
Loss of taste, n (%)

Mean and percentages presented are weighted according to the weight given by National Health Interview Survey.

173
209
379
239

623
28
50
99
489
29
344
339
307
245
166
99
49
13

281
272
210
130
108
128
185
59.1

57.0
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08
Cancer |1 %oq]

102 | 101 Reference: partcipants without any underlying diseases
Endocrine diseases |(1.01.1.04)(11.00-103 “Bonferroni corrected P<0.05

R — 108 [ 102 102
espiratory diseases |(4,6.1.0s}|[1.00-1.04][1.01-1.04]]

o 104 [ 104 | 103 | 103
Neuropsychiatric diseases |1.02-1.05)(1.02-1.061{1.02-1.0511.01-1.04]

i 104 [ 102 103 103 | 104
Liver and kidney diseases |(1.62.1.06)|(0.95-1.051{11.01-1.061 1.00-1.081|1.02-1.07)

107 | 108 | 106"
1

" 1.07
Fatigue syndrome 11.00-1.15] (1.01-1.111|11.03:1.10]

Sensory impairments
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Variables

Major laboratory values after treatment
Red blood cells 10°/L
White blood cells 10°/L
Neutrophil count 10°/L.
Neutrophil percent %
Lymphocyte count 10°/L.
Lymphocyte percent %
Monocyte count 10'/L
ALTU/L
ASTUIL
International normalized ratio (INR)
Complications, /N (%)

Bacterial pneumonia
Abnormal LFTs

Elevated AST

Elevated ALT
Electrolyte imbalance
Hyperfibrinogenemia
Anemia
Hypoalbuminemia
Abnormal blood coagulation
Renal insuffciency
Myocardial damage

No complications

4.05 (0.80)

5514138
299(1.49)
58494724
160 (0.63)
29984696
892(220)
23.00 (13.0)
23.00 (7.0

1.03 (0.09)

15/25 (60)
13/25(52)
7125 (28)
12/25 (48)
8/25(32)
11/25 (44)
8/25(32)
11725 (44)
2/25(8)
4125 (16)
1125 (4)

3/25(12)

LETs, liver function tests; AST, Aspartate Aminotransferase; ALT, Alanine Aminotransferase.

Control group (n

403 (0.62)
656£1.97
383 (159)
5855£9.37
179 097)
28794842
7.10 (1.15)
24.00 (16.0)
19.00 (10.0)

1.00 (0.06)

16/25 (64)
12/25 (48)
7125 (28)
12/25 (48)
11/25 (44)
12/25 (48)
13/25 (52)
6/25 (24)
2/25(8)
1725 (4)
1725 (4)

3/25(12)

0620

0035

0071

0980

0207

0589

0002

0771

0777

1000

1000

0382

0777

0152

0.136

1000

0349

1000

1000
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\ELELIES

Whole lung infection (%)
Whole lung infection V (cm’)

L lung infection (%)

Llung infection V (cm’)
L lung upper lobe infection (%)
L lung upper lobe infection V (cn’)

Llunglower lobe infection (%)

L lung lower lobe infection V (em’)

R lung infection (%)

R lung infection V (cm’)

Rlung upper lobe infection (%)
Rlung upper lobe infection V (cm’)
Rlung middle lobe infection (%)

R lung middle lobe infection V (cm’)

Rlung lower lobe infection (%)

R lung lower lobe infection V (cm’)

Before
82(8.1)

297.1(268.7)

68(75)

1142 (1189)

5.1(6.6)
49.4(69.8)

10.1(12.2)

617 (59.4)

9.9(10.0)

1829 (1629)

85(108)
58.0(6.7)
4.4 (64)
16.1(17.6)
158(175)

1106 (100.2)

Control group

After
68(8.1)

2509
(256.6)

56(7.0)
1002
iy
4.0 (64)
37.9.(56.7)
88(98)

665 (60.8)

7.8(9.4)

1488
(155.1)

63(9.1)
45.0 (60.7)
42(72)
152(206)
124 (16.0)

883 (91.5)

Change®

-14

-223

Before
12.8(1038)

395.0(2745)

105(92)

1547 (117.1)

6.6(7.5)
560 (52.9)
17.3(158)

98.7(78.7)

149 (13.3)

236.5(179.7)

110 (149)
68.6(79.1)
9.2(11.4)
269 (27.1)
24.1(196)

145.3(948)

USWD group
After
87(7.5)

3253
(312.0)

6.5(7.0)

1196
(141.5)

35(38)
38.0 (45.0)
122(15.7)

83
(104.6)

105(99)

2053
(191.5)

7.8(11.1)
57.2(74.8)
7.8(129)
19.6(27.4)
177 (16.0)

1306
(115

Change®

-38

-147

-229

~0.163

238

-12.45

-173
372

-3.07

-1453

~161

1760

~041

746

~0.67

—442

~200

1693

05243

0.9988

0.4607

0.7995

05107

0.8748

0.5839

0.6399

0.7158

0.7946

09332

0.7945

0.8691

0.6391

0.7769

0.6594

Table 3 depits the between groups comparison of ifferent CT scan parameters before and afte treatment, a= Average change in means before and afer treatment, D-in-D=Difference-in-

difference, V =volume, R .

ight, -
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Variables

Primary clinical outcomes

Viral nucleic acid negative rate, No./total (%)

Atday7

Atday 14
Atday21
Atday 28

SIRS scale (IQR)

Atday7

Atday 14
Atday21
Atday 28

Secondary outcomes.

Time to clinical recovery
(Mean £5D), d

7-point scale on day 28, No./total (%)

1. Not hospitalized with the

resumption of normal activties

2. Not hospitalized, but unable to

resume normal activities

3. Hospitalized, not requi

supplemental oxygen
4. Hospitalized, requiring
supplemental oxygen
5. Hospitalized, requiring high-

flow oxygen therapy or non-invasive

mechanical ventilation

6. Hospitalized, requiring ECMO

or invasive mechanical ventilation
7. Death

Patients of antiviral drugs used,
/N (%)

2/25(8)
14/25 (56)
22/25(88)
25/25(100)

1(05-3)
10-2)
0(0-1)

0(0-1)

3684£9.93

19/25 (76)

3/25(12)

3/25(12)

0/25(0)

0/25(0)

0/25(0)

0/25(0)

23/25(92)

Control

group
(n =25)

7/25 (28)
18125 (72)
19725 (76)
23/25(92)

3(2-4)
3(1-35)
20-3)

1(0-2)

4356+12.15

7125 (28)

13125 (52)

3/25(12)

225(8)

0725 (0)

0/25 (0)

0/25 (0)

22/25(88)

0.066

0239

0269

0490

0.030

0002

0.003

0011

0.037

0.003

0.637

Ultra shortwave diathermy (USWD), Systemic Inflammatory Response Scale (SIRS),
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Itel Overall USWD Control
cohort group group

Coexisting diseases n/N (%)

Cardiovascular 4150 (8) 1/25 (4) 3/25(12)
disease

Hypertension 10/50 (20) 4125 (16) 6/25(24)
Diabetes 11/50 (22) 4125 (16) 7125 (28)
Stroke sequelae 1/50(2) 0125 (0) 1725 (4)
Gout 2/50 (4) 1725 (4) 1125 (4)
arthritis 1/50 (2) 0/25 (0) 1125 (4)

Signs and symptoms /N (%)

Fever 45/50 (90) 24125 (96) 21125 (84)
Chills 4150 (8) 1/25 (4) 3/25(12)
Muscle ache 12/50 (24) 4125 (16) 8125 (32)
Chest Pain 5150 (10) 1/25 (4) 4125 (16)
Breathing difficulty 28/50 (56) 13/25 (52) 15/25 (60)
Dry Cough 25/50 (50) 14725 (56) 11725 (44)
Productive Cough 7150 (14) 2/25(8) 5/25 (20
Dyspnea 2/50 (4) 0/25 (0) 2025 (8)
Fatigue 12/50 (24) 4/25 (16) 8125 (32)
Headache 3/50 (6) 2/25(8) 1/25 (4)
Palpitation 1/50 2) 1/25 (4) 0/25 (0)
Diarrhea 17/50 (34) 7150 (14) 10725 (40)
Abdominal pain 1/50 2) 0725 (0) 1125 (4)

Vomiting 4/50 (8) 0/25(0) 4/25 (16)
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Items

Age (Mean £5D)
Gender (Male/Female)
Smoke, n/ N (%)
Severity of disease
Moderate, n/N (%)
Severe, n/N (%)
Interval between onset and admission, median (IQR), d
Comorbidities, n/N (%)
SIRS score. Median (IQR)
7-point ordinal scale, No. (%)
1. Not hospitalized with the resumption of normal activities

2. Not hospitalized, but unable to resume normal actvities

3. Hospitalized, not requiring supplemental oxygen
4. Hospitalized, requiring supplemental oxygen

5. Hospitalized, requiring high-flow oxygen therapy or non-inasive mechanical ventilation
6. Hospitalized, requiring ECMO, invasive mechanical ventilation, or both

7. Death

Overall cohort

53£10.69

22/28
7/50 (14)

30/50 (60)
20/50 (40)
21 (13-27.0)
17/50 (34)

25(1-5.0)

0
0
4(8)
46(92)
0(0)
0(0)
0

USWD group

(n =25)
534929
114

3/25(12)

12125 (48)
13125 (52)

18 (8-35.5)
8/25(32)

3(2-5)

00
0(0)
3(12)

22(88)
0(0)
0(0)
00

Control group

(n =25)

5421208

114

4/25 (16)

18125 (72)
7/25 (28)
13 (8-23.0)
9125 (36)

2(1-45)

0
0
1)
24(96)
0(0)
0(0)
0
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Normalized sum of sentiment  Concatenated
scores dataset

Unemployment Unemployment Unemployment

rate before rate during rate
COVID-19 COVID-19
pandemic pandemic

Correlation —0.6 ~0.86 072

P-value <0.001 <0.001 <0.001
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Rank

10

Institution Publications Citation
counts
Udice French 48 691

Research Universities
Institut National de la 37 633
Sante et dela

Recherche Medicale

Inserm
Harvard University 3 724
Assistance Publique 33 405

Hopitaux Paris Aphp

Egyptian Knowledge 31 527
Bank EKb

Huazhong University 31 694
of Science

Technology

Universite de Paris 2 396
Imperial College 2 892
London

Harvard Medical 2 573
School

Sorbonne Universite 20 329

H-
index

12

1

13
10

10
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Rank

W oe N W

Country/region Publications Citation

USA

Peoples R China
Ttaly

England
Germany

India

France

Spain

Canada

Japan

293
190
128

counts

3,857
3754
1,762
1,662
409
1,049
714
802
562
243

H-
index

30
30
19
18
10
16
12
15
10
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Rank  Author Reference title Source Study type Year Frequency Cluster

D
1 Huang CL Clinical features of patients infected with Lancet Prospective study 2020 170 0
2019 novel coronavirus in Wuhan, China.
2 Zhou B Clinical course and risk factors for mortality ~ Lancet Retrospective 2020 124 0
of adult inpatients with COVID-19 in cohort study
Wuhan, China: a retrospective cohort study
3 Guan W Clinical Characteristics of Coronavirus NewEngl] Med  Observational 2020 108 0
Disease 2019 in China study
4 Xuz Pathological findings of COVID-19 LancetResp Med  Case report 2020 100 0
associated with acute respiratory distress
syndrome
5 George PM Pulmonary fibrosis and COVID-19: the LancetResp Med  Review 2020 94 3

potential role for antifibrotic therapy
“oV-2 Cell Entry Depends on ACE2 Cell In vitro study 2020 89 4
and TMPRSS2 and Is Blocked by a Clinically

6 Hoffmann M SARS

Proven Protease Inhibitor

g ZhuN A Novel Coronavirus from Patients with New Engl] Med Invitro study 2020 82 0
Peumonia in China, 2019

8 Wuzy Characteristics of and Important Lessons JAMA View point 2020 66 0
from the Coronavirus Disease 2019
(COVID-19) Outbreak in China: Summary
ofa Report of 72 314 Cases from the Chinese
Center for Disease Control and Prevention

9 Wang DW Clinical Characteristics of 138 Hospitalized JAMA Retrospective case 2020 6 0
Patients With 2019 Novel series
Coronavirus-Infected Pneumonia in Wuhan,
China

10 Ackermann M Pulmonary Vascular Endothelialitis, New Engl ] Med Comparative 2020 58 0

Thrombosis, and Angiogenesis

n Covid-19 Study
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Rank

Keyword

COVID-19
SARS-CoV-2
Pulmonary fibrosis
Coronavirus
Fibrosis

Cystic fibrosis
ARDS

Pneumonia
Inflammation

Expression

Occurrences

636
242

Total link strength

1901
861
398
75
460
310
438
319
335
302
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Number of cases  Non-treatment Treatment Treatment-non-

(non-treatment/ (days) (days) treatment™®
treatment) (CEVA)]

4,965/1,169 1221+ 4.847 1110 £ 4.360 L1l <0.001
Sex
Female 1,587/270 1273 £ 4978 1243 £ 4.449 03 0351
Male 3,378/899 11.97 £ 4.766 1070 £ 4.255 127 <0.001
Age
<29 1,158/206 1109 £ 4.791 1052 £ 4.150 057 0.107
30-39 1,229/235 11.51 £4.359 10.61 £ 4.891 0.9 0.005
40-49 1,036/277 12.94 + 4.961 11.26 £ 4.089 1.68 <0.001
50-64 1,395/410 13.00 + 4.879 11.48 £ 4.261 1.52 <0.001
>65 147/41 143145225 12.04 £ 4.485 227 0.012
Chronic 464/122 13.80 £ 5.406 1153 £ 4.030 227 <0.001
non-communicable
diseases
Hypertension 384/101 13.90 £ 5.586 11.77 £3.789 22 <0.001
Type 2 diabetes mellitus 111/22 13.39 £ 4.074 11.26 £ 4.659 2.13 0.031
Cardiac-cerebral vascular 36/12 14.02 £ 5.576 10.00 £ 5.519 4.02 0035
disease
Occupation
‘Worker with no 302/57 13.81£5.126 12.02 £ 4.626 1.79 0.015
employment
Mental worker 965/159 12.19 £ 5.154 1133 £4.730 0.86 0.051
Manual worker 3,698/953 1209+ 4.718 1101 £ 4.276 1.08 <0.001

Data are expressed as mean % SD.
*The difference of the viral shedding time before and after TCM treatment, that is, the absolute value of the mean of the Treatment group minus the mean of the Non-treatment group.
TCM, traditional Chinese medicine.
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Univariate analysis Multivariate analysis

95%Cl 2 95%Cl
Sex
female Ref - - Ref - -
male —0.982 —1.241t0 —0.723 <0.001 —0.764 —1.023 to —0.505 <0.001
Age, years
<29 Ref - - Ref - -
30-39 0.354 0.006 to 0.702 0.046 0.403 0.058-0.748 0.022
40-49 1.574 1.217 to 1.931 <0.001 1.689 1.326 0 2.052 <0.001
50-64 1.644 1.313t0 1.976 <0.001 1718 1.371 to 2.065 <0.001
=65 2.807 2.088 to 3.526 <0.001 2.389 1.622 t0 3.157 <0.001
Race
Other Ref - - - - -
Han 0.744 —0.027to 1.516 0.059 - - -
Comorbidities 1.467 1.062 to 1.872 <0.001 - - -
Hypertension 1.581 1.140 to 2.022 <0.001 0.872 0.414 to 1.330 <0.001
Type 2 diabetes mellitus 1.061 0.240 to 1.882 0.011 —0.067 —0.894 to 0.759 0.873
Cardiac-cerebral vascular 1.027 —0.330 t0 2.384 0.138 - - -
disease
TCM —1.109 —1.413 to —0.806 <0.001 —1.167 —1.466 to —0.868 <0.001
Occupation type
‘Worker with no employment Ref - - Ref - -
Mental worker —1.455 —2.021 to —0.899 <0.001 —0.146 —0.746 to 0.455 0.635
Manual worker —1.657 —2.168 to —1.145 <0.001 —0.753 —1.293 to —0.213 0.006

*adjusted sex, age, comorbidities, traditional Chinese medicinal, occupation type.
- data not applicable.
Ref, reference; Cl, confidence interval; TCM, traditional Chinese medicine.
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Duration
of viral
shedding

Hypertension

Type 2
diabetes
mellitus

Cardiac-
cerebral
vascular
disease

Occupation
type

Vaccination
status

Duration of viral shedding

1

Sex —0.103** 1

Age 0.170** —0.011 1

Race 0.020 0.005 0.098** 1

Hypertension 0.090** —0.012 0.266** 0.031% 1

Type 2 diabetes mellitus 0.044* —0.002 0.125* 0.009 0.214** 1

Cardiac-cerebral vascular disease 0.016 0.014 0.046™ —0.010 0.084** 0.025 1

TCM —0.096** 0.076** 0.086** —0.014 0.013 —0.010 0.013 1

Occupation type —0.053** —0.158* 0.101** —0.007 —0.028* —0.070 —0.024 0.063** 1.

Vaccination status 0.013 0.005 0.122" 0.016 0.009 —0.013 —0.013 0.006 0.083** 1

*P < 0.05,**P < 0.01.
TCM, traditional Chinese medicine.
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Short-duration Intermediate- Long-duration

(<7 days) duration (>16 days)
(8-15 days)

Sex <0.001
Female 353 (28.3%) 1,083 (28.3%) 421 (39.8%)*
Male 896 (71.7%) 2,743 (71.79%) 638 (60.2%)**
Age, years <0.001
<29 377 (30.2%) 827 (21.6%)* 160 (15.19%) *
30-39 343 (27.5%) 934 (24.4%) 187 (17.79%)*
40-49 221 (17.7%) 841 (22.0%)* 251 (23.7%)*
50-64 285 (22.8%) 1,119 (29.2%)* 401 (37.9%)*
>65 23 (1.8%) 105 (2.7%) 60 (5.7%)*
Race 0.232
Han 1,213 (97.1%) 3,730 (97.5%) 1,040 (98.2%)
other 36 (2.9%) 96 (2.5%) 19 (1.8%)
Chronic non-communicable diseases 78 (6.2%) 360 (9.4%)* 148 (14.9%)** <0.001
Hypertension 61 (4.9%) 300 (7.8%)* 124 (11.79%)* <0.001
Type 2 diabetes mellitus 17(1.4%) 86 (2.2%) 30 (2.8%)* 0.046
Cardiac-cerebral vascular disease 13 (1%) 18 (0.5%) 17 (1.6%) * 0.001
TCM 274 (21.9%) 767 (20.0%) 128 (12.19%)* <0.001
Occupation type <0.001
Worker with no employment 52 (4.2%) 195 (5.1%) 112 (10.6%)**
Mental worker 244 (19.5%) 690 (18.0%) 190 (17.9%)
Manual worker 953 (76.3%) 2,941 (76.9%) 757 (71.5%)*
Vaccination status 0.134
Unvaccinated 254 (20.3%) 702 (18.3%) 233 (22.0%)
Partially vaccinated 46 (3.7%) 130 (3.4%) 30 (2.8%)
Fully vaccinated 355 (28.4%) 1,083 (28.3%) 283 (26.7%)
Fully vaccinated plus booster dose 594 (47.6%) 1,911 (49.9%) 513 (48.4%)

*P < 0.05 vs. short-duration group; P < 0.05 vs. intermediate-duration group.
TCM, traditional Chinese medicine.
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Wearable devices
(n=86)

Video call
(n=102)

SD, Standard Devi:

ion.

Item

Perceived usefulness

Perceived ease of use

Perceived appropriateness of wearing duration

Willingness to use a wearable device for infectious discases management in the future
Overall satisfaction with wearable device

Perceived usefulness

Perceived ease of use
Perceived appropriateness of video call duration
Willingness to use a video call for infectious discases management in the future

Overall satisfaction with video call

Mean (SD)

331(169)

285 (1.61)
3.53(1.74)
339 (L71)
3.56 (1.66)
3.57 (1.09)

238 (1.34)
451(071)
423 (0.90)
4.33 (0.65)
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Collectable physiologic parameter

Form factor

Dataaccess

Data amount

Number of participants

HR, heart rate; HRV, heart rate variability; RR, res

application programming interface.

‘Wearable devices

Fitbit charge4 ~ Garmin Venu

sq
HR, HRV, RR, BE, HR, HRY, RR,
B, stress, activity, SpOy, activity, sleep
sleep
‘Wrist monitor ‘Wrist monitor
Download from Download via AWS
webpage AP
180 MB 47MB
40 59

Video call
mobiCARE+Temp
MT100D
BT Video and audio
Epidermal patch
Download from Download from
webpage ZOOM application
11.8MB 337GB
59 120

tory rate; SpOy, saturation of percutaneous oxygen; BP, blood pressure; BT, body temperature; AWS, Amazon web ser

Online questionnaire

Mental health-related data
(depression, anxiety, stress,

insomnia, resilience)

Download from Google Form
webpage

150 MB

120
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Pandemic World China Japan South Korea

variable
Number Number Share Number Share Number Share
Jul 16,2021 CNCC 190,042,343 | 58,627,144 | 3.08E-01 | 102275 538E-04 | 834,303 4.39E-03 | 176,500 9.29E-04
CND 4,076,664 839,769 2.06E-01 | 4,636 L14E-03 | 15,029 3.69E-03 | 2,055 5.04E-04
May 1,2022 CNCC 513,810,617 | 148996726 | 2.90E-01 | 1,002,919 1.95E-03 | 7,898,133 154E-02 | 17,295733 | 337E-02
CND 6,236,496 1,429,090 229E-01 | 5092 8.16E-04 | 29,601 475E-03 | 22,958 3.68E-03

CNCC, cumulative number of confirmed COVID-19 cases; CND, cumulative number of COVID-19 deaths.
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Games an Games
Games Tokyo 2020 Jakarta 2018
Number of 207 45
participating teams
Number of 65 28
gold-medal-winning
countries
Number of gold 340 465
medals
Number of 93 36
medal-winning
countries
Number of medals 1,001 1,552
COVID-19 pandemic Jul 16, 2021 May 1, 2022
data collection date
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Olympic Games Asian Games

Time interval 1996-2016 1994-2018
Number of sessions 6 7
Number of (197,207) [42,45)
participating teams®

Number of gold [271, 307] (310, 477]
medals®

Number of medals® [842,973) [1,004, 1,552]

2Data are presented as a range.
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Parameters All patients (15) Non-sputum (Group 2) p value
WBC 58151424 6243 <0.0001
Neutrophil 5526-1,153 4972 4119 <0.0001
Lymphocyte 96.97-424.9 1214 953.1 00027
NLR ~0.8581-0.2659 4634 4930 02915
CRP ~4692-2.192 85 6 05029
LDH ~56.96-30.29 3175 3025 05040

ESR ~14.09 t0 ~3.909 3150 2350 0.0009
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Variable
Male
Female
Age

Myalgia

NEU
LYM

Day |
83.3%
69.3%

136%

Sputum

52
Day3
416%
68.4%

15.7%

Days
16.66%
645%

194%

Day 1
66.6%
66.7%
12.9%

Non-sputum

6
6
55
Day3
333%
65.7%

211%

Days
16.66%
66.2%

16%
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Day 1 Day 3 Day 5

+ Sample collection, firstseries + Sample collection, second s + Sample collection, third series

+ Retrieval of lab test values: WBC, neutrophil, + Retrieval of ab test values: WBC, neutrophil and + Retrieval of ab test values: WBC, neutrophil and
lymphocyte, CRE, ESR (1st hour) and LDH lymphocyte lymphocyte

+ Subjective evaluation of myalgia, perceived by + Subjective evaluation of myalgia, perceived by + Subjective evaluation of myalgia, perceived by

patients as body pain patients as body pain patients as body pain
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Keyword Frequency Centrality Total link strength

Covid-19 1,058 0.07 3,005
SARS-CoV-2 156 0.08 1577
Coronavirus 26 002 932
Anosmia 100 003 186
Infection 90 0.09 397
Pneumonia 7 0.04 298
Children 6 005 273
Smell 6 003 08
Symptoms 59 0.08 253
Pandemic E 003 283
Epidemiology 51 0.09 195
Clinical characteristics B 001 188
Taste 50 001 209
Wuhan 47 001 219
Coronavirus disease 2019 2 0.07 142
Mortality 38 0.06 166
Hearing loss 37 0.06 212
Olfactory dysfunction 37 003 180
Outbreak 3 003 141

Tinnitus 30 001 136
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Category

General and Internal Medicine
Medicine, General and Internal We Science Citation Index Expanded (Sci-Expanded)
Otorhinolaryngology

Otorhinolaryngology We Science Citation Index Expanded (Sci- Expanded)
Infectious Diseases

Neurosciences and Neurology

Social Science Citation Index (SSCI)

Immunology

Infectious Diseases We Sc

nce Citation Index Expanded (Sci-Expanded)

Public, Environmental and Occupational Health

Frequency

244
216
192
169
163
151
132
99

95

89

Centrality

005
0
002

0.06
014
064
0.1

005

Degree

21
4
13
8
2
36
73
28
3
21

Half-Life

05
05
05
05
05
05
05
05
05
05
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Reasons for hesitancy

Adjusted OR (95% Cl)

Rural place of origin 1.47 (0.87-2.15) 0483
Below-average level income 2.13 (1.45-2.77) 0.122
Trusting rumors on social media 2.58 (2.09-3.22) 0.000
Not afraid of COVID-19 2.01(1.76-2.56) 0.010
Not believing in SARS-CoV-2 existence 2,53 (2.01-3.12) 0.000
Not believing in vaccines 4.25 (2.68-6.43) 0.000

Bold values represent significance at <0.05.
OR, odds ratio; CI, confidence interval.
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Rank Journal

1 European Archives of

Oto-Rhino-Laryngology

2 Plos One

3 American Journal of
Otolaryngology

4 BMC Infectious Diseases

5 Frontiers in Neurology

6 Journal of Clinical
Medicine

7 Ent-Ear Nose & Throat
Journal

8 International Journal of

Infectious Diseases

9 International Journal of
Environmental Research
And Public Health

10 Journal of Medical
Virology

Publications

3

30

28

27

21

20

19

19

18

Country

GERMANY
USA
USA
ENGLAND

SWITZERLAND
SWITZERLAND

USA
ENGLAND

SWITZERLAND

USA

IF (2020) Cited journal

2503

324

1.808

3.09

4.003
4242

1697

3.623

339

2327

‘The New England
Journal of Medicine
Lancet
Jama-Journal of The
American Medical
Association

Journal of Medical
Virology

Nature

Plos One

European Archives of
Oto-Rhino-Laryngology
Lancet Infectious
Diseases

Journal of Virology

International Journal of

Infectious Diseases

Citations

1,963

1,668

1,264

826

599
534

522

511

445

Country

United States

United Kingdom
United States

United States

United Kingdom

United States
GERMANY
United States

United States

United Kingdom

IF (2020)

91.253

79323

56.274

2327

49.962
324

2503

25.071

5.103

3.623
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Hesitancy against COVID-19 vaccination

Risk factors Pregnant p-Value Non-pregnant
OR (95% Cl) OR (95% Cl)

Age 0.96 (0.88-1.13) 0.604 0.99 (0.92-1.12) 0.623

Place of origin

Rural 1.89 (1.21-2.07) 0.010 1.72 (1.13-2.02) 0.021
Urban 1.28 (0.96-1.92) 1.10 (0.85-1.20)

Marital status

Married 0.76 (0.39-1.14) 0.365 0.93 (0.76-1.16) 0302
Single/widowed/divorced 0.99 (0.48-1.28) 0.87 (0.63-1.04)

Income level

Below average 2.68 (1.88-3.25) 0.001 2.99(2.01-3.86) 0.003

Above average 134 (1.01-1.76) 111 (0.87-1.73)

Educational attainment

Undergraduate 1.17 (0.91-1.67) 0.524 1.26 (0.89-1.92) 0.503
Graduate 1.23 (0.87-1.56) 1.34 (1.00-1.77)
Master and above 1.02 (0.72-1.54) 1.14 (0.82-1.87)

Occupational status

Employed 1.19 (0.92-1.54) 0.112 1.01(0.91-1.35) 0.124

Unemployed 1,52 (0.98-2.14) 149 (1.02-1.86)

Reasons for hesitancy

Trusting ramors on 3.29 (2.56-4.08) 0.001 2.89(2.19-3.96) 0.001
social media

Previous unpleasant side 1.46 (1.12-1.93) 0.051 1.56 (1.09-2.06) 0.031
effects

Insufficient information 2.16(1.87-2.87) 0.109 2.09 (1.92-2.68) 0.201
about vaccines

Not afraid of COVID-19 278 (2.01-3.33) 0.000 3.13(2.86-4.11) 0.000
Not believing in 3.64(2.64-5.21) 0.000 3.29 (2.82-5.01) 0.000

SARS-CoV-2 existence

Not believing in vaccines 5.18(3.31-7.29) 0.001 6.43 (4.21-9.36) 0.001

Trusting SARS-CoV-2 vaccine

Yes 0.55(0.31-1.46) 0.033 0.63 (0.23-2.01) 0.054

No 1.28 (0.91-2.98) 1.21 (0.95-2.86)

Trusting other vaccines

Yes 0.91(0.38-1.27) 0.062 1.13 (0.67-1.78) 0.043

No 166 (1.05-2.36) 1.83 (1.12-275)

p <0.05 is considered significant.
OR, odds ratio; CI, confidence interval.
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Authors

Huang etal. (12)

Guan etal. (13)

Mao etal. (14)

Lechien et al. (15)

Zhu etal. (1)

Chen etal. (16)

Zhou etal. (17)

Wang etal. (18)

Wu and McGoogan (19)

Giacomelli et al. (20)

Article title

Clinical features of patients infected with
2019 novel coronavirus in Wuhan, China
Clinical Characteristics of Coronavirus
Disease 2019 in China

Neurologic Manifestations of Hospitalized
Patients With Coronavirus Disease 2019 in
Wuhan, China

Olfactory and gustatory dysfunctions as a

cli

1 presentation of mild-to-moderate
forms of the coronavirus disease
(COVID-19): a multicenter European study
A Novel Coronavirus from Patients with
Pneumonia in China, 2019

Epidemiological and clinical characteristics
0f 99 cases of 2019 novel coronavirus
preumonia in Wuhan, China: a descriptive
study

Clinical course and risk factors for mortality
of adult inpatients with COVID-19 in
Wuhan, China: a retrospective cohort study
Clinical Characteristics of 138 Hospitalized
Patients With 2019 Novel
Coronavirus-Infected Pneumonia in Wuhan,
China.

Characteristics of and Important Lessons
From the Coronavirus Disease 2019
(COVID-19) Outbreak in China: Summary
of a Report of 72 314 Cases From the Chinese
Center for Disease Control and Prevention.
Self-reported Olfactory and Taste Disorders
in Patients With Severe Acute Respiratory
Coronavirus 2 Infection: A Cross-sectional
Study.

Citation Publication

count

28

221

197

183

169

142

139

120

17

109

date

February 15,
2020
April 30,2020

June 1, 2020

April6,2020

February 20,
2020
February 15,
2020

March 28,

2020

March 17,

2020

April 7, 2020

July 28,2020

Quartile in
category

Q1

Q1

Q

Q

Q1

Q

Q1

Q1

Impact factor
(IF) (2020)

79323
91253

18.302

2503

91253

79323

79323

2743

2743

9.079

Journal

Lancet

New Engl | Med

Jama Neurol

European Archives
of Oto-Rhino-
Laryngology

New Engl ] Med

Lancet

Lancet

Jama-] Am Med

Assoc

Jama-] Am Med

Assoc

Clin Infect Dis
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Decision factors

Overall n

Confident n

nsure n

Trusting rumors on 195 (52.42%) 87 (57.24%) 17 (58.62%) 121 (63.35%) 0.001
social media

Previous unpleasant side 28 (7.52%) 11 (7.24%) 3(10.34%) 5(2.62%) 0.000
effects

Insufficient information 57 (15.32%) 21 (13.82%) 5(17.24%) 28 (14.66%) 0.349
about vaccines

Not afraid of COVID-19 31 (8.33%) 10 (6.58%) 2(6.90%) 19 (9.95%) 0.653
Not believing in 28 (7.53%) 11 (7.24%) 1(3.45%) 7 (3.66%) 0.408
SARS-CoV-2 existence

Not believing in vaccines 33 (8.87%) 12 (7.89) 1(3.45%) 11 (5.76%) 0.307

Bold values represent significance at <0.05.
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Rank Author Country Publications Centrality Co-cited Author Country Co-citations Centrality

1 CLAIRE HOPKINS United Kingdom 15 001 Huang CL China 273 0.08
2 Jerome R. Lechien France 9 0 Guan W China 262 0.05
3 Sven Saussez Belgium 7 0 Lechien JR Belgium 246 01
4 Paolo Boscolorizzo Italy 7 0 MaoL China 24 022
5 Carlos M. Chiesa-Estomba  Spain 6 0 ZhuN China 23 0

6 Cristoforo Fabbris Ttaly 6 0 Wang DW China 175 0.02
7 Cosimo De Filippis Italy 6 001 World Health Organization N/A 161 4

8 Giacomo Spinato Italy 5 0 Chen NS United Kingdom 159 001
9 Anna Menegaldo Italy 5 0 Zhou F China 142 0.01
10 Vinaya Manchaiah United States 5 0 Chan JEW China 139 001
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Pregnant women

VAX items score, Median (IQR) 32(9) 28 (10) 0.001
VAX items# 1-3 (mistrust of vaccine benefit) 8(4) 6(4) 0.001
VAX items# 4-6 (worries over unforeseen future effects) 12(7) 10 (6) 0.012
VAX item# 7-9 (concerns about commercial profit) 7(4) 5(3) 0.001
VAX item# 10-12 (preference to natural immunity) 9(5) 3(5) 0011
COVID-19 vaccination feeling

Confident 152 (40.86%) 104 (29.46%) 0.001
Unsure 29 (7.80%) 114 (32.29%)

Hesitant 191 (51.34%) 135 (38.24%)

Other reasons for hesitancy

Trusting rumors on social media 147 (39.52%) 110 (31.16%) 0.029
Previous unpleasant side effects 87 (23.39%) 75 (21.25%) 0.403
Insufficient information about vaccines 56 (15.05%) 70 (19.83%) 0.663
Not afraid of COVID-19 46 (12.37%) 51 (14.45%) 0322
Not believing in SARS-CoV-2 existence 20 (5.38%) 19 (5.38%) 0.022
Not believing in vaccines 16 (4.30%) 28 (7.93%) 0.054

Bold values represent significance at <0.05.
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Rank Institution Publications Centrality Country

1 Huazhong University of Science and Technology 3 on China

2 Harvard Medical School 28 022 United States

3 University of Oxford 2 007 United Kingdom
1 University College London 2 on United Kingdom
L3 ‘Wuhan University 22 0.05 China

6 Johns Hopkins University 21 0.14 United States

7 University of Padua 20 001 Italy

8 Public Health England 17 0 United Kingdom
9 University of Manchester 16 0.15 United States

10 University of Texas Health Science Center in Houston 14 0.01 United States
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Characteristics

Pregnant women

pregnant women

Age 325486 29689 0.073
Place of origin

Rural 161 (43.28) 146 (41.36) 0.652
Urban 211(56.72) 207 (58.64)

Marital status

Married 349 (93.82) 319 (90.37) 0.164
Single/widowed/divorced 23(6.18) 34(9.63)

Income level

Below average 217 (58.33) 180 (50.01) 0.011
Above average 155 (41.66) 173 (49.01)

Educational attainment

Undergraduate 96 (25.81) 103 (29.18) 0.707
Graduate 192 (51.61) 197 (55.81)

Master and above 84/(22.58) 53 (15.01)

Occupational status

Employed 284 (76.34) 308 (87.25) 0.013
Unemployed 88 (23.66) 45(12.75)

Trusting SARS-CoV-2 vaccine

Yes 124 (33.33) 107 (30.31) 0.401
No 248 (66.67) 246 (69.69)

Trusting other vaccines

Yes 307 (82.53) 316 (89.52) 0.421
No 65 (17.47) 37(10.48)

p <0.05 is considered significant.
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Country Publications Total  Total Centrality H-index
citations  link

strength

Usa 348 12,123 1,863 014 38
China 210 27,030 1,196 001 34
Italy 147 4,569 1335 003 2

ngland 146 5311 1247 0.14 28
Germany 91 3,145 636 005 16
Turkey 87 642 498 0 1
India 77 2322 547 0.09 13
France 64 3,020 869 012 17
Brazil 58 833 275 001 1

Iran 57 1,068 379 005 9
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ude OR (95% Cl)

Adjusted OR (9!

Sex

Male Ref

Female 1.32 (0.54-1.09) 023

Age (years) 1.09 (0.85-2.11) 050

Marital status

Married 281 (0.96-3.33) 0.11

Divorced/widowed 0.78 (0.23-1.65) 0.53

Unmarried Ref

Educational attainment

Undergraduate Ref Ref

Graduate 3.88 (1.66-5.43) 0.001 6.45 (4.94-12.10) 0.000
Masters and above 7.19 (5.06-10.72) 0.000 11.01 (9.52-22.39) 0.000
Adherence to a gluten-free diet

Yes 5.87 (3.99-12.30) 071

No Ref

Healthcare worker

Yes 0.41 (0.11-2.63) 0.12

No Ref

Smoking

Yes 0.98 (0.55-2.09) 0.64

No Ref

Self-reported physical activity

Yes 433 (2.61-6.04) 082

No Ref

Alcoholic

Yes 274 (1.50-5.88) 075

No Ref

Practicing complementary or alternative medication (before/currently)

Yes 8.43 (5.09-20.64) 0.000 559 (3.28-8.41) 0.001
No Ref

Adherence to other preventive measures

Yes 059 (0.09-2.28) 035

No Ref

Willingness to get vaccinated again in the future

Yes 18.61 (16.16-31.74) 0.000 15.59 (11.04-20.36) 0.000
No Ref

Considering the possible recurrence of VPDs in light of declining vaccination coverage

Yes 9.92 (6.71-16.28) 0.000 13.36 (9.98-17.05) 0.000
No Ref Ref

The prior negative perspective of vaccination (personally/family members/relatives reported/referred)

Yes 1.23 (0.95-4.73) 0.000 1.01 (0.53-2.19) 0.000
No Ref Ref

Increased confidence in vaccines from healthcare experts compared to electronic media

Yes 5.39 (3.39-8.64) 0.001 8.41 (6.93-12.05) 0.000
No Ref Ref

Bold shows significant p-values (P < 0.01).
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n (%) 95% Confidence

nterval
Attitude toward the vaccination
Positive 174 (76.99%) 70.01-82.56
Negative 7 (3.1%) 1.81-6.39
Neutral 45 (19.91%) 13.02-28.73
Willingness to get vaccinated again in the future
Yes 176 (77.88%) 69.13-86.99
No 50 (22.12%) 19.11-33.32

Willingness to get your children vaccinated in the future

Yes 176 (77.88%) 72.73-80.54
No 10 (4.42%) 1.12-5.00
Neutral 40 (17.70%) 14.07-20.25

Considering the possible

recurrence of VPDs in light of
declining vaccination coverage

Yes 205 (90.71%) 86.99-93.14
No 21(9.29%) 4.45-11.99
The best strategy to prevent VPDs

Vaccination 57 (25.22%) 19.20-29.73
Vaccination + other 165 (73.00%) 70.16-77.64
preventive strategies

Other (diet, physical activity, 4(1.77%) 0.26-2.93

homeopathy, etc.)

Celiac disease/ongoing therapy as motivation for previous

vaccination done

Agreed 21(9.29%) 5.63-13.38
Not agreed 205 (90.71%) 87.11-94.35
The prior negative perspective of vaccination
(personally/family members/relatives reported/referred)
Yes 34 (15.04%) 10.19-19.43
No 192 (84.96%) 79.15-86.01

Increased confidence in vaccines from health care experts
compared to electronic media

Yes

220 (97.35%)

No

90.90-99.18

0.79-3.10

6(2.65%)
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APAC affected eyes (n = 192)

COVID-19 (+) eyes COVID-19 (-) eyes
(n = 156) (n = 36)

Slit lamp examinations

Conjunctival/ciliary congestion (+/=) 122/34 2818
Cornea edema (+/-) 128/28 2017
Dilated/unreactive pupil 143/13 3006
KP (+/-) 47109 5/31
Anterior chamber cell (+/~) 150/6 3501
Anterior chamber Tyndall effect (+/-) 119/37 324
10P maximum (mmHg) 47.24£9.16 47.69877

UBM of affected eyes

Pupil diameter (mm) 475117 4242103
Anterior chamber depth (mm) 1664025 1574025
Plateau iris
None 55 12
Mild 10 6
severe 91 18
Forward iris attachment location 153/3 3412

ry process pronation

none 2 2
mild 51 1
severe. 103 23

Exaggerated lens vault (+/-) 29127 6130

Loose ciliary zonule (+/-) 491107 9127

Datas are expressed as mean  SD or number of patients.
APAC, acute primary angle closure; KP, Keratic precipitates; IOP, intraocular pressure; UBM, ultrasound biomicroscope.
p<005.

The bold values were emphasized because these were statistically significant (p value < 0.05).

0955
0.834
0131

0.048%
0.758
0.096
0405

0.009%

0.028%

0.626

0217

0.687

0.788

0450
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Contralateral eyes (n = 143)

COVID-19 (+) eyes COVID-19 (-) eyes
(n = 115) (n=28)

UBM of affected eyes

Pupil diameter (mm) 2674096 286076 0325
Anterior chamber depth (mm) 178 (1.64,1.95) 1.65(1.53, 1.88) 0.062
Plateau iris. 0.828
none 17 3
mild 9 3
severe 89 2
Forward iris attachment point 1213 26/2 0243

Ciliary process pronation

none 1 0 0.682
mild 39 n
severe 75 17
Exaggerated lens vault (+/-) 15/100 5/23 0510
Loose ciliary zonule (+/-) 28/87 5/23 0.465

Datas are expressed as mean & SD, median (P25, P75) or number of patients.
UBM, ultrasound biomicroscope.
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COVID-19  COVID-19

(+) patients  (-) patients
(n=139) (n=32)

Demographic Characteristics

Age (years) 6350828 66315764 0.040%
Sex (Male/Female) 47/92 10/22 0782
Affected eye 0749
oD 60 16
0s 53 12
ou 17 4
Past history of APAC 217 10/22 0.044%
(/=)
Family history of w2 705 0754

glaucoma (+/-)

Systematic use of medication before APAC onset

NSAIDs 60/139 /

Antiviral treatment 71139 /

Antibiotics 4139 /
Final required treatment 0692
solution

Antiglaucoma eyedrops 5 0

Laser 23 9

Surgery 106 2

Datas are expressed as mean  SD or number of patients.
APAC, acute primary angle closure; OD, oculus dexter; OS, oculus seminar; OU, oculus
uterques NSAIDs, non-steroidal anti-inflammatory drugs.

<0,
The bold values were emphasized because these were stz

ically significant (p value < 0.05).
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Patients diagnosed
of APAC (n=215)

Patients excluded due to

the following reasons:

- Lack of UBM report
in our hospital (n=34)

- Unclear COVID-19
infection history due
to death (n=1) or
lost-to-follow-up (n=9)

APAC patients
included (n=171)

!—k—l

COVID-19 positive
APAC patients (n=139)

COVID-19 negative
APAC patients (n=32)
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Various phases of outbreaks The definition Method based on Method based on epidemic

method (R.) next-generation matrix curve and serial interval
: (Rep)
Region H Phase 1 (d1 ~ d10) 120 430 15-3
Phase 2 (d11 ~ d26) 044 <1
Region P Phase 1 (d1 ~ d6) 114 651 5-6
Phase 2 (d7 ~ d11) 139 1-5
Phase 3 (d12 ~ d20) 0 <1
Region X Phase 1 (d1 ~ d5) 1.66 6.82 >1.5
Phase 2 (d6 ~ d12) 151 <15
Phase 3 (d13 ~ d24) 0 <1
Region Z Phase 1 (d1 ~ d3) 112 399 >15
Phase 2 (d4 ~ d9) 065 08-1.8
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Characteristics Region H Region P Region X Region Z Statistical tests
N N N N 3
Total number of cases | 129 471 236 38
Gender Male 58 450 88 421 116 492 13 342 | (x> =2480,p=03501
Female 71 55.0 121 57.8 120 50.8 25 658
Age 0-9 19 14.7 60 287 15 64 14 368
10-19 23 17.8 23 11.0 17 72 4 10.5
20-29 7 54 13 6.2 20 8.5 5 132
30-39 35 27.1 50 239 73 309 10 263
40-49 15 116 26 124 30 297 3 7.9
50-59 19 147 24 115 28 119 2 53
60-69 10 7.8 8 38 6 25 0 0.0
=70 1 0.8 5 24 7 3.0 0 0.0
Median age (IQR) 34 (15-48.5) 32 (9-46) 39 (31-47) 21.5 (4-35) (H =40.9, p < 0.05)
Vaccination Unvaccinated 60 46.5 96 45.9 30 127 5 132 (x* =128.907, p < 0.05)
1 Dose 23 178 10 48 11 47 4 105
2 Doses 45 349 103 493 195 826 17 447
3 Doses 1 0.8 0 0.0 0 0.0 12 316
Disease severity Asymptomatic 19 147 3 14 0 0 3 7.9 (x* = 10907, p < 0.05)
Minor 31 240 84 40.2 50 212 26 68.4
Ordinary 78 60.5 116 55.5 176 74.6 9 237
Heavy 1 08 3 14 9 38 0 0
Severe 0 0 1 05 1 04 0 0
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Value Source
B Infection coefficient Curve fitting
K Infection coefficient of asymptomatic infections compared to symptomatic infections obed 0.7 (18)
® Incubation coefficient in symptomatic infections 38be, 2,54 (9,17,20)
! Incubation coefficient in asymptomatic infections obed, 5 9,18)
P Proportion of asymptomatic infections obed, 0,15 Actual data
y Recovery or removal rate for symptomatic infections 580 454 (20)
yr Recovery or removal rate for asymptomatic infections 10 (19)
f Fatality of the disease 0 Actual data

as for region H, Yis for region P, is for region X, is for region Z.
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Characteristics Sample 95%
size (n %) Confidence
interval

Sex

Male 55 (24.35%) 19.76-28.26
Female 171 (75.66%) 70.78-79.15
Age (years)

Mean (range) 42 (32-59%)

Marital status

Married 163 (72.12%) 69.11-75.94
Divorced/widowed 42 (18.58%) 15.53-21.19
Unmarried 21 (9.29%) 6.87-13.07
Educational attainment

Undergraduate 45 (19.91%) 1632
Graduate 136 (60.18%) 52.39
Masters and above 45 (19.91%) 16.72
No. of family members

=<2 24 (10.62%) 598
>2 201 (88.94%) 78.15
Disease

Celiac 226 (100%)

Healthcare worker

Yes 21 (9.29%) 591
No 205 (90.71%) 76.18
Profession

Manager/entrepreneur/freelancer 53 (23.45%) 17.65
Employee/technical work 130 (57.52%) 47.19
Manual/crafting work 11 (4.87%) 117
Student/older adults/unemployed/ 32 (14.16%) 8.76
housewife

Self-reported comorbidities

Yes 212 (93.81%) 68.15
No 14 (6.19%) 3.17
Alcoholic

Yes 23 (10.18%) 7.15
No 203 (89.82%) 71.16
Smoking

Yes 52 (23.00%) 18.55
No 174 (76.99%) 59.13
Self-reported active lifestyle

Yes 132 (58.41%) 39.76
No 94 (41.59%) 30.16
Vegetarian

Yes 30 (13.27%) 9.64
No 196 (86.72%) 71.19
Practicing complementary or alternative medication
(before/currently)

Yes 25 (11.06%) 8.80
No 201 (88.94%) 73.19
No. of years since diagnosed

<5 42 (18.58%) 14.78
5-10 48 (12.24%) 10.01
=10 136 (60.18%) 51.09
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Vaccination history n (%) 95% Confidence
interval
Influenza 156 (69.03%) 61.11-70.78
Measles, mumps, and rubella 92 (40.71%) 38.76-43.94
(MMR)
Dengue 88 (38.94%) 32.78-41.43
Polio 52 (23.00%) 19.56-24.08
Tetanus 38 (16.81%) 12.70-19.44
Meningitis 25 (11.06%) 8.89-13.66
Pneumococcus 17 (7.52%) 5.01-8.98
Participants unable to 90 (39.82%) 31.90-44.62
remember previous
vaccination record
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RGET INGREDIEN DRUG RGET INGREDIENT
AKT1 Apigenin, Naringenin, Paeonol, Solamargine, AR, HSL, SLR NFKBIA Resveratrol, Oridonin, Celastrol, Diallyl SLR
Higenamine, Farnesol Curcumin, Calycosin, trisulfide, Ellipticine, Dioscin, Sesamol,
Zerumbone, Protocatechuic acid, Salvianolic acid Ursolic acid, Wedelolactone, Betanin
a, Ursolic acid, Albiflorin, Refeldin a, Salvianolic Butein, Cantharidin
acid b
TNF Rutin, Scutellarin, Paconiflorin, Cinnamaldehyde, ASR, HSL, SLR | TLR4 Stigmasterol, Cinnamaldehyde, Curcumin, SLR
Farnesol, Curcumin, Salvianolic acid a, Wogonin, Salvianolic acid b
Wogonoside, Physostigmine, Ursolic acid,
Baicalein, Rhein, Salvianolic acid b
BECN1 Curcumin ASR STAT3 Apigenin, Lupeol, Cryptotanshinone, SLR
Farnesol, Curcumin, Calycosin, Coumarin,
Ursolic acid, Capillarisin, Rhein
EDN1 Resveratrol, Osthole, Emodin HSL TGFB1 Apigenin, Cryptotanshinone, Scutellarin, SLR
Dihydrotanshinone i, Curcumin, Calycosin,
Carnosol
HIF1A Dihydrotanshinone i, Curcumin, Salvianolicacidb | HSL HMOX1 Curcumin, Calycosin, Salvianolic acid a, SBH, CR
Baicalein, Salvianolic acid b
AVP Acetylcholine HSL MPO Rutin SBH, CR
MIE HSL 12 Apigenin, Naringenin, Curcumin SBH
EGFR Calycosin, Ursolic acid, Rhein HSL IENG Apigenin, Rutin, Naringenin SBH
FASN Curcumin HSL, CR IL10 Curcumin, Protocatechuic acid, Salvianolic SBH
acid b
SELP Curcumin HSL, CR F3 Adenosine, Cinnamic acid, Curcumin, SBH
Curcumine, Hexanal, Quercetin
NOS3 Resveratrol, Nuciferine, Diallyl trisulfide, SLR, SBH, CR GSTM1 Acetic acid, Curcumin, Curcumine, CR
Tauroursodeoxycholic acid, Boldine, Cannabidiol Kaempferol, Quercetin
NOS2 Neocryptotanshinone, Cryptotanshinone, SLR CAT Apigenin, Scopoletin CR
Curcumin, Salvianolic acid a, Wogonin
L6 Lupeol, curcumin, Calycosin, Salvianolic acid SLR, SBH MMP3 Succinic acid CR
a, Wogonin Ursolic acid, Brefeldin a, Rhein Wogonin
IL1B Rutin, Paeoniflorin, Cinnamaldehyde, Curcumin, SLR, CR CD274 Apigenin CR
Calycosin, Protocatechuic acid, Wogonin, Curcumin
Baicalein, Rhein
NFKB1 Apigenin, Naringenin, Neocryptotanshinone, SLR

Cryptotanshinone, Solamargine, Paconiflorin,
Cinnamaldehyde, Curcumin, Protocatechuic acid,
Salvianolic acid a, wogonin, Wogonoside, Ursolic
acid, Baicalein
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References Gender Intervention ( Treatment Outcomes
(M/F) Duration (
Chen etal. (19) 25/23 24/24 NE NE The Zilongjin tablets + chemotherapy Chemotherapy 42 6O
Dingetal. (20) 2022 30/12 NE NE The Zilongjin tablets + chemotherapy Chemotherapy 42 ook
Liand Ma (21) 39/39 37/41 63+8 60%5 The Zilongjin tablets + chemotherapy Chemotherapy 42 olele)
Lietal. (22) 40/40 48/32 604428 60.4+2.8 The Zilongjin tablets + chemotherapy Chemotherapy 42 @@
Liu (23) 37/33 40/30 58457 56462 The Zilongjin tablets + chemotherapy Chemotherapy 12 o)
Ma etal. (24) 39/39 NE NE NE The Zilongjin tablets + chemotherapy Chemotherapy 14 olee0)
Sun etal. (25) 64/64 85/43 56.545.6 55349 The Zilongjin tablets + chemotherapy Chemotherapy 12 o)
Shang (26) 30/30 35/25 66812 658+ 18 The Zilongjin tablets + chemotherapy Chemotherapy 84 [olo0)
Shen etal. (27) 43/43 55/41 572473 568475 The Zilongjin tablets + chemotherapy Chemotherapy 84 @
Wang and Tan (28) 3231 37/26 NE NE The Zilongjin tablets + chemotherapy Chemotherapy 36 ©26@
Wangetal. (29) 40/38 48/30 NE NE The Zilongjin tablets + chemotherapy Chemotherapy 12 2
Yu and Jiang (30) 40/40 44/36 618+77 60479 The Zilongjin tablets + chemotherapy Chemotherapy 28 [olee0)
Yangetal. (31) 62/62 82/42 613+ 134 613+ 134 The Zilongjin tablets +Chemotherapy Chemotherapy 42 o)
Yang etal. (32) 25124 29/20 48.65 £ 16.12 4830 £16.24 The Zilongjin tablets + chemotherapy Chemotherapy 42 20

T, treatment group; C, control group; NE, No Explanation. Observation index: @ Objective remission rate (ORR), @ Disease control rate (DCR), ® Quality of life improvement rate, @ Adverse reaction.
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of node of edge degree oefficie ber o p-value
AR 20 31 3.1 0.74 20 0.0119
ASR 19 38 4 0875 2 0.00482
HSL 23 66 5.74 0.846 45 0.00162
SNL 21 38 3.62 076 27 0.0246
SLR 18 45 -] 0.734 27 0.000822
SBH L 10 4 1 4 0.00538
CR 7 15 429 1 5 0.000555
DI 20 31 il 0.755 20 0.0158

AR, Astragali Radix (Huangqi in Chinese); ASR, Angelicae Sinensis Radix (Danggui in Chinese); HSL, Herba Solani Lyrati (Baimaoteng in Chinese); SNL, Solanum Nigrum Linn (Longkui
in Chinese); SLR, Salviac liguliobae Radix (Danshen in Chinese); SBH, Scutellariae Barbatae Herba (Banzhilian in Chinese); CR, Curcumae Radix (Yujin in Chinese); DI, Duchesnea indica
(Shemei in Chineses).
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Variable

Educational status

Knowledge

Attitude

Practice

Bold values indicate that the variables are si

18-30

31-40

>41

Diploma

First degree
Second degree
PhD (Assistant Professor)
Good

Poor
Favorable
Unfavorable
Good

Poor

Nu

91
104

Good

ificantly associated with the comy

Compliance
% Nu
65 9

638 59
52 36

453 47

656 53

644 37

79.4 7

67.8 92

435 52

767 51

a5 9

765 2

487 102

Poor

%

35
362
48
547
344
356
206
322
565
23
585
235
513

COR (95% CI)

171(097,3.03)
163 (094,2.83)
1.00
1.00
229(1.34,3.94)
218 (1.22,3.91)
4.65(1.83,11.8)
274(1.69,4.45)
1.00
4.64(2.98,7.24)
1.00
343(22,5.39)
1.00

liance towards COVID-19 preventive measures.

AOR (95%CI)

2.23 (113, 4.41)
167 (0.8, 3.16)
1.00
100
1,59 (0.84,3.01)
079 (0.37, 1.68)
135 (0.4, 4.21)
2.64 (146, 4.78)
1.00
45(263,7.71)
100
2.9 (1.82,4.89)
100

P-value

0.001

0.003

0.004

0.001
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Preventive practices of COVID-19 characteristics

In order to prevent contracting and spreading COVID-19, I avoid going out of my home

In order to prevent contracting and spreading COVID-19, I avoid unnecessary vacations

In order to prevent contracting and spreading COVID-19, I avoid consuming outdoor food

In order to prevent contracting and spreading COVID-19 I avoid handshaking, hugging, and kissing

In order to prevent contracting and spreading COVID-19, I avoid public transportations (taxi, bus, plane, train)
In order to prevent contracting and spreading COVID-19, I avoid going to work

In order to prevent contracting and spreading COVID-19, 1 frequently wash my hands

In order to prevent contracting and spreading COVID-19, I pay more attention to my personal hygiene than usual

In order to prevent contracting and spreading COVID-19, T use disinfectant and solutions

In order to prevent contracting COVID-19, T use herbal products and traditional medicine

In order to prevent contracting COVID-19,  take vitamin supplements

In order to prevent contracting and spreading COVID-19, T use facial masks frequently

Category

Yes
No
Yes
No
Yes

Yes
No

Yes

Yes
No

Yes

Frequency

183

Percent

484
516
474
526
635
365
495
505
537
463
505
495
558
442
508
492
513
487
577
23
577
423
48.1
519
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Variables Category Frequency Percent

Sex Male 194 513
Female 184 186
Age 18-30 140 37.0
31-40 163 43.1
=41 75 198
Ethnicity Oromo. 211 558
Amhara 152 102
Tigre 10 26
Gurage 5 13
Religious Orthodox 165 43.7
Protestant 192 508
Muslim 10 26
Catholic 11 29
Averagely monthly income 1,200-3,000 89 25
4,000-9,000 215 569
10,000-15,000 74 196
Educational level Diploma 86 28
First degree 154 407
Second degree 104 275
PhD/Assistant professor 34 90
Marital status Single 117 31
Married 148 392
Divorced 76 201
Widow 37 9.8
Family size 14 215 569
5-8 126 333

9-15 37 98
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Urinary
lipids
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PGE,

15-keto-
PGEy

LTE4

12,13-
DiHOME

9,10-
DiHOME

Lyso-PAF
9-HODE
OEA
DHA

AA

CRP

0.42
(p <0.01)

0.65
(p <0.01)

0.28
(p =0.04)

0.68
(p <0.01)

0.39
(p <0.01)

0.38
(p <0.01)

0.48
(p <0.01)

Plasma biomarkers

D-dimer

0.44
(p <0.01)

0.48
(p <0.01)

Procalcitonin

Ferritin

0.70
(p <0.01)
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Lipids

Tetranor-PGFM
Tetranor-PGEM
Tetranor-PGDM
20-hydroxy-PGF,
20-hydroxy-PGE,
2,3-dinor-8-iso-PGF;
8-is0-PGF,
5-iPFpq —VI
PGFq
8-iso-PGE;

PGE,
11-dehydro-TXB,
15-keto-PGE,;
LTE4
12,13-DiIHOME
9,10-DIHOME
Lyso-PAF
9-HODE

OEA

DHA

AA

Ratio to IS

Healthy subjects
(Mean & SEM)

0.20 £ 0.01
0.87 £ 0.10
0.43 £ 0.05
0.09 £ 0.01
3.38+1.58
0.36 £+ 0.03
0.031 + 0.003
0.15+0.01
0.14 £ 0.02
0.017 + 0.004
0.060 + 0.009
0.034 + 0.003
0.35+0.13
0.019 + 0.004
0.10 £ 0.02
2.49 £ 0.87
0.08 £ 0.04
0.011 £ 0.001
0.16 £ 0.03
0.029 =+ 0.007
0.09 £ 0.04

COVID-19 patients

(Mean & SEM)

0.44 + 0.07
417 +£1.25
0.38 + 0.07
0.11+0.03
1.03 £ 0.32
0.43 +0.16
0.035 + 0.004
0.14 + 0.01
0.17 £ 0.02
0.015 + 0.005
0.055 + 0.009
0.059 + 0.007
0.09 + 0.02
0.022 + 0.005
0.10 + 0.02
125+ 0.22
0.05+ 0.03
0.03 + 0.01
0.36 £+ 0.16
0.09 + 0.01
0.23 + 0.06

Increase ratio
(vs. healthy)

2.18
4.77
0.88
1.24
0.30
1.18
1.12;
0.92
1.16
0.86
0.90
1.76
0.26
112
0.97
0.50
0.64
2.80
2.16
337
245

p-value

0.007
0.01
0.59
0.53
0.15
0.68
0.48
0.60
0.44
0.71
0.75

0.002
0.05
0.74
0.94
0.17
0.57
0.24
0.24

0.002
0.07
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No CRP (mg/dl) D-dimer (pg/dl) Procalcitonin (ng/ml) Ferritin (ng/ml)
1 14.59 n.d. n.d. n.d.
2 0.28 0.67 0.04 448
3 401 071 0.04 1183
4 0.82 04 0.06 199
5 1.08 1.22 0.02 404
6 3.84 138 0.2 318
7 35 1.94 0.06 541
8 0.83 0.62 0.03 322
9 0.82 04 0.03 143
10 03 0.75 0.03 502
11 1.25 3.02 0.02 227
12 0.44 142 0.04 935
13 1.08 0.88 0.05 79
14 0.58 041 0.04 292
15 4.89 0.55 0.05 310
16 1.99 2.12 0.13 1282

Mean + SEM 2.51 +0.88 1.09 £0.19 0.05 4 0.01 479.00 £ 94.82
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Sex (No)
Age (year)

Symptom

Healthy subjects

Male 5, Female 11, Total 16
Mean 51.6 & 3.2, Range 33-76

None

COVID-19 patients

Male 12, Female 4, Total 16
Mean 50.1 = 13.2, Range 26-75
Fever 15, Cough 12, Taste
disorder 2, Smell disorder 1,
Headache 3, Fatigue 6, Dyspnea
2, Diarrhea 3, Chest pain 2,
Vomiting 1.
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White blood cells (1000/j.1)
Neutrophil (%)
Lymphocyte (%)
Monocyte (%)
Eosinophil (%)
Basophil (%)
Hemoglobin (g/dL)
Platelet (*1000/j11)
MDW

D-dimer (ng/ml)
Creatinine (mg/dL)
GER (ml/min/1.73 m?)
Total bilirubin (mg/dL)
AST (IU/L)

ALT (IU/L)

LDH (1U/L)

CPK (U/L)

Troponin I (ng/mL)
hsCRP (mg/dL)
Albumin (g/dL)
Sodium (mmol/L)

Potassium (mmol/L)

Continuous variables are shown as median [IQR] and evaluated by the Ma

sensitivity

reactive protein.

Day 0

7.25[5.15-9.65]
77.45 67.48-83.90]
10.80 [8.23-15.10)
1160 [7.80-14.50]
0.00 [0.00-2.03]
0.20 [0.03-0.90]
14.95 [13.98-15.25)
240.00 [200.50-278.75)
26.81(23.51-33.43]
7069.30 [917.45-12956.78]
0.86 [0.69-1.01]
91.00 [76.50-119.75]
0.52[0.43-0.83]
32.50 (25.50-44.75)
39.50 [18.50-65.75]
473.50 [254.00-608.25)
185.50 [44.25-334.25)
0.01[0.01-0.03]
632(0.63-11.73]
3.30 (3.00-4.13)
140.00 (135.25-141.00]
440 [3.75-4.98]

Non-hUC-MSC group (N =

Day 3

6.05[5.15-7.70]
68.95[61.23-81.48]
19.15 [8.85-24.95]
4.60 (0.00-9.20]
0.10(0.03-0.33]
0.35 [0.23-0.40]
14.85 [14.50-14.90]
246.50 [46.50-346.00]
23.60 22.57-30.91]
684150 [1240.23-40656.95]
0.79 [0.65-0.92]
10250 [83.75-127.25)
0.68 [0.50-0.87)
28.50 (24.25-40.25)
39.00 [28.25-40.25)
356.00 [284.25-427.00]
52,00 [22.50-535.25]
0.02(0.01-0.09]
2.18(0.63-5.14]
3.30 [2.93-3.75]
14150 [138.00-145.75]
435 [3.98-4.73]

4)
Day 7

10.15 [6.95-12.68]
59.25 [14.15-77.50]
15.75 [1.20-29.55)
10.00 [8.85-11.90]
0.55[0.00-1.48)
050 [0.15-0.85]
15.10 [14.08-15.75]
271.00 [147.50-359.25]
18.91[17.96-24.71]
3095.60 [1061.08-5694.43]
0.78(0.75-0.83)
103.00 [94.50-107.00]
0.92(0.60-1.21]
35.50 [26.00-44.25]
47.50 [24.25-60.25)
265.50 [241.75-405.50]
52.00 [40.00-137.50]
0.01[0.01-0.02]
0.26(0.06-0.98)
3.40 (3.30-3.58)
140.00 [137.75-143.00)
420 [4.13-4.28)

P-value

0.087
0.383
0.598
0.076
0.710
0.821
0.762
0.710
0.202
0.334
0.597
0.728
0.093
0.820
0.838
0.197
0.529
0.357
0.196
0.732
0.280
0.819

Whitney U-test, and category variables are shown as n (%) and analyzed by Fisher's exact test. MDW,
‘monocyte distribution width; GER, glomerular filtration rate; AST, aspartate aminotransferase; ALT, aminotransferase; LDH, lactate dehydrogenase; CPK, creatine kinase; hsCRP, high-
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White blood cells (1000/j1)
Neutrophil (%)
Lymphocyte (%)
Monocyte (%)
Eosinophil (%)
Basophil (%)
Hemoglobin (g/dL)
Platelet (*1000/p.1)
MDW

D-dimer (ng/ml)
Creatinine (mg/dL)
GER (ml/min/1.73 m?)
Total bilirubin (mg/dL)
AST (1U/L)

ALT (IU/L)

LDH (IU/L)
CPK(1U/L)

Troponin I (ng/mL)
hsCRP (mg/dL)
Albumin (g/dL)
Sodium (mmol/L)
Potassium (mmol/L)

Day 0
445[3.08-7.18)
71.00 (63.98-82.60)
16.90 [8.40-25.70]
925 (7.65-12.13]
0.15 [0.00-0.60]
0.35[0.30-1.00]
14.25 [11.68-15.48)
1725 [94.75-252.50]
25.78 [5.31-28.96)
824.80 (483.38-1141.93]
0.90 (0.69-1.08]
79.50 (62.00-115.75]
0.43[0.32-044]
36.5[23.75-107.75)
2.0 [18.5-66.5]
348 [236.75-476.50]
2345 (11650-777.00]
0.01[0.01-0.05]
7.25 [3.35-13.16]
370 [3.38-3.95]
134 [132.25-135.75]
4.5 [3.85-4.85)

hUC-MSC group (N =4)

Day 3
7.75 [3.53-1145]
80.65 (77.88-83.20]
9.55[7.68-12.10]
7.65 [6.15-11.63]
0.70 [0.15-1.78]
020 (0.10-0.60]
13.90 [10.33-15.08]
227.00 (117.00-312.25]
22.88[16.51-24.50]
6378.80 [4615.70-19212.65]
0.84 [0.77-0.98]
95.50 (63.25-100.00]
094 [0.61-141]
3050 [24.25-33.75)
25.50 [19.00-44.00]
367.50 [249.25-569.00]
65.50 [43.25-129.00]
003 [0.01-0.06]
0330.10-2.49)
340 (3.23-3.80]
136.00 [132.25-142.75]
435[4.13-4.58)

Day7
625 3.68-9.20]
70.30 (62.20-78.03]
1620 [2.73-25.10]
975 [7.28-14.40]
1.20 (0.28-2.20)
050(0.25-0.90]
13.35 [12.13-13.90]
197.00 [132.25-294.75]
18.21 [15.53-18.65)
3348.95 [2524.90-4345.88]
0.74(0.68-0.91]
9750 (75.50-118.75]
068 [0.40-0.94]
26.00 [18.25-33.00]
24.00 [18.00-44.25)
284.00 [249.25-464.25]
6550 [29.25-135.50]
0.1 [0.00-0.05]
005 [0.03-0.11]
345 [3.33-3.80]
139.00 [135.50-144.00]
4.30 (3.80-4.65]

P-value

0.086
0315
0534
0.073
0312
0515
0.600
0.248
0.003
0.176
0.406
0.488
0.037
0.300
0344
0.812
0220
0315
0.014
0.285
0.068
0.883

Continuous variables are shown as median [IQR] and evaluated by the Mann-Whitney U-test, and category variables are shown as n (%) and analyzed by Fisher’s exact test. MDW,

stribution widt

monocyte
sensitivity

reactive protein.

FR, glomerular filtration rate; AST, aspartate aminotransferase; ALT, aminotransferase; LDH, lactate dehydrogenase;

CPK, creatine kinase; hsCRP, high-





OPS/images/fmed-10-1121465/email.jpg





OPS/images/fmed-09-1001979/fmed-09-1001979-t001.jpg
All patients Mild/moderate Severe/critical P-value

(N=21) disease (N =13) disease (N =8)
Age 51.00 [19.00-62.00] 20.00 [19.00-53.50] 59.50 [54.00-63.75] 0.016
Male 13.00 (61.90) 600 (46.15) 7.00 (87.50) 0085
Body mass index 23.40 [21.25-27.45] 22.80 [20.10-26.95] 24.95 [22.80-28.65] 0238
Smoking 7(33.33) 4(30.77) 3(37.50) 1.000
Comorbidities
Diabetes mellitus 3.00 (14.29) 1.00(7.69) 2,00 (25.00) 0531
Hypertension 3.00 (14.29) 1.00 (7.69) 2.00 (25.00) 0.531
Hyperlipidemia 3.00 (14.29) 1.00 (7.69) 2.00 (25.00) 0.531
Coronary artery disease 3.00 (14.29) 2.00(15.38) 1.00 (12.50) 1.000
Solid-organ malignancy* 200 (9.52) 100 (7.69) 100 (12.50) 1.000
Chronic obstructive pulmonary 0 0 0 -
disease
Chronic kidney disease 0 0 0 -
Chronic liver disease** 0 0 0 -
Symptoms
Fever*** 10.00 (47.62) 5.00 (38.46) 5.00 (62.50) 0.387
Myalgia 200 (9.52) 1.00 (7.69) 1.00 (12.50) 1.000
Respiratory symptoms™**** 18.00 (85.71) 10.00 (76.92) 8.00 (100.00) 0.257
Gastrointestinal 6.00 (28.57) 1.00 (7.69) 1.00 (12.50) 0.146
Symptoms**+**
Smell or taste dysfunction 1.00 (4.76) 1.00 (7.69) 0 1.000
Vital signs
Body temperature (°C) 37.30 [37.10-37.80] 37.40 (37.25-37.85] 37.15 [36.58-37.28] 0053
Pulse rate (/minute) 8100 [73.00-107.50] 91.00 [77.50-114.00] 73.50 [70.00-79.50] 0.025
Respiratory rate (/minute) 20.00 [18.00-22.00] 19.00 [18.00-20.00] 25.00 [20.00-31.00] 0.005
$p0O; (%) 98.00 [96.00-99.00] 99.00 [96.50-99.00] 96.00 [96.00-97.50] 0.045
Medications
ACEI/ARB 2.00(9.52) 1.00 (7.69) 1.00 (12.50) 1.000
Other anti-hypertensive agents 0 0 0
Beta-blockers 0 0 0 -
Oral anti-diabetes agents 2,00 (9.52) 1.00 (7.69) 1.00 (12.50) 1.000
Lipid lowering agents 4.00 (19.04) 2.00(15.38) 2.00 (25.00) 0.618
Corticosteroid 0 0 0
COVID-19 vaccination 0 0 0 -

Continuous variables are shown as median [IQR] and evaluated by the Mann-Whitney U-test, and category variables are shown as n (%) and analyzed by Fisher’s exact test. IQR,
interquartile range; SpO;, oxyhemoglobin saturation by pulse oximetry; ACEL angiotensin-converting enzyme inhibitors; ARB, angiotensin receptor blocker.

“Including prostate cancer.

““Including chronic hepatitis B, chronic hepatiti
“**Defined central temperature equal or greater than 38.3°CC.

“***Including headache, thinorrhea, sore o itchy throat, cough, hemoptysis, and shortness of breath.
“+4++Poor appetite, nausea, vomiting, diarrhea, and abdominal pain.

>, and liver cirrhosis.
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Variables Number = Proportion

(%)
Gender Male 681 34.1
Female 1,319 66.0
Age (year) <18 11 0.5
18-21 997 49.9
22-25 842 42.1
26-29 106 53
>30 44 22
Academic degree Undergraduate 1,543 774
Postgraduate 392 19.6
Doctors 65 3.3
Major Medical 963 48.2
Non-medical 1,037 51.8
Whether a graduate Yes 574 28.7
No 1,426 71.3
The risk level of the High-risk area 11 0.5
epidemic at the school
location
Medium-risk 31 1.6
area
Low-risk area 1,958 97.9
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Region Date NoaSy* Nosy® No. Region Date NoaSy* Nosy®

1 BJ 2020/6/11 1 0 56 XJ 2020/7/26 78 52
2 BJ 2020/6/12 3 1 57 XJ 2020/7/27 81 54
3 BJ 2020/6/13 6 1 58 XJ 2020/7/28 81 55
4 BJ 2020/6/14 12 3 59 XJ 2020/7129 80 54
5 BJ 2020/6/15 19 4 60 XJ 2020/7/30 77 52
6 BJ 2020/6/16 30 6 61 XJ 2020/7/31 72 48
7 BJ 2020/6/17 39 9 62 XJ 2020/8/1 66 a5
s BJ 2020/6/18 a8 10 6 XJ 2020/8/2 60 40
9 BJ 2020/6/19 55 12 64 XJ 2020/8/3 53 36
10 BJ 2020/6/20 60 13 65 XJ 2020/8/4 46 31
1 BJ 2020/6/21 61 13 66 XJ 2020/8/5 40 27
12 BJ 2020/6/22 59 13 67 XJ 2020/8/6 34 23
13 BJ 2020/6/23 55 12 68 XJ 2020/8/7 29 19
14 BJ 2020/6/24 49 10 69 XJ 2020/8/8 2 16
15 BJ 2020/6/25 42 9 70 XJ 2020/8/9 20 13
16 BJ 2020/6/26 36 8 71 XJ 2020/8/10 16 11
17 BJ 2020/6/27 29 6 72 XJ 2020/8/11 13 9
18 BJ 2020/6/28 24 5 73 XJ 2020/8/12 11 2

19 BJ 2020/6/29 19 4 74 XJ 2020/8/13 9 6
20 BJ 2020/6/30 14 3 75 XJ 2020/8/14 2 5

21 BJ 2020/7/1 11 2 76 XJ 2020/8/15 5 4

2 BJ 2020/7/2 8 2 77 XJ 2020/8/16 4 3

23 BJ 2020/7/3 6 1 78 XJ 2020/8/17 3 2

£ BJ 2020/7/4 5 1 79 XJ 2020/8/18 3 2

25 BJ 2020/7/5 3 1 80 GZ 2021/5/21 1 0
2 BJ 2020/7/6 2 1 81 GZ 2021/5/22 1 1

27 BJ 20207717 2 0 82 GZ 2021/5/23 1 1

28 BJ 2020/7/8 1 1 83 GZ 2021/5/24 2 1

29 BJ 2020/7/9 1 0 84 GZ 2021/5/25 3 2

30 BJ 2020/7/10 1 0 85 GZ 2021/5/26 4 2

31 DL 2020/7/22 1 0 86 GZ 2021/5/27 5 3

32 DL 2020/7/23 3 1 87 GZ 2021/5/28 6 3

33 DL 2020/7/24 7 1 88 GZ 2021/5/29 6 4

34 DL 2020/7/25 12 2 89 GZ 2021/5/30 7 4

35 DL 2020/7/26 18 3 9% GZ 2021/5/31 s 4

36 DL 2020/7/27 23 4 91 GZ 2021/6/1 8 5

37 DL 2020/7/28 2 4 92 GZ 2021/6/2 9 5

38 DL 2020/7/29 27 4 9 GZ 2021/6/3 8 5

39 DL 2020/7/30 26 4 9% GZ 2021/6/4 s 5

40 DL 2020/7/31 24 4 9 GZ 2021/6/5 8 4

41 DL 2020/8/1 21 3 9% GZ 2021/6/6 7 4

42 DL 2020/8/2 17 3 97 GZ 2021/6/7 7 4

3 DL 2020/8/3 13 2 9% GZ 2021/6/8 6 3

44 DL 2020/8/4 10 2 9 GZ 2021/6/9 3 3

a5 DL 2020/8/5 1 100 GZ 2021/6/10 5 2

46 DL 2020/8/6 6 1 101 GZ 2021/6/11 4 2

47 XJ 2020/7/17 5 102 GZ 2021/6/12 3 2

a8 XJ 2020/7/18 13 9 103 GZ 2021/6/13 3 2

49 XJ 2020/7/19 19 13 104 GZ 2021/6/14 2 1

50 XJ 2020/7/20 27 18 105 GZ 2021/6/15 2 1

51 XJ 2020/7/21 36 24 106 GZ 2021/6/16 2 1

52 XJ 2020/7/22 46 31 107 GZ 2021/6/17 1 1

53 XJ 2020/7/23 56 38 108 GZ 2021/6/18 1 1

54 XJ 2020/7/24 65 44 109 GZ 2021/6/19 1 0
55 XJ 2020/7/25 72 19

BJ, Beijing: DL, Dalian; XJ, Xinjiang; and GZ, Guangzhou.
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No Region FitASym® FitSym®

1 B 93.36% 97.15%
2 DL 86.93% 97.79%
3 X 91.54% 98.15%
4 G7. 80.11% 99.37%
B, Beijing: DL, Dalian; XJ, Xinjiang; and GZ, Guangzhou; FitASym®, R? of asympton

infections; FitSym®, R? of
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No  Subject Ss DF MS F SIG

1 BJ-F-ASyma 0384 1.000 0384 0002 0.969
2 BJ-F-Syma 121166 1000 121166 0013 0910
DL-F-Asyma 1511 1.000 1511 0020 0.890
DL-F-Syma 12,139 1.000 12139 0012 0914
XJ-F-Asyma 10712 1.000 10712 0010 0921
XJ-F-Syma 346763 1000 346763 0004 0953
GZ-F-Asyma 2977 1.000 2977 0190 0.665
GZ-F-Syma 11515 1.000 11515 0009 0927

Syma, The “F-Test” for asymptomatic infections in B
mptomatic infectio
Dalias

" for asymptomatic infections in
nfections in Xin

Guangzhou; GZ

for symptomati
ymptomati
infections in Guangzhou;

infections.
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Name <1 = P; B (% o Y1 y2 No Decays

Lower 0 09 02 01 0.16 0.16 0.06 0.06 1e3 0
Upper 06 4 08 08 03 03 01 o1 1e7 oo
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v

Decays

Implication

C, i the average daily number of contacts for each
person in EL.

C; is the average daily number of contacts for each
person in E2.

‘The infection rate of symptomatic and asymptomatic
infections. If on average, an infected person is exposed
to N persons, and the probability of infection after

exposureis P (0-1), p = NP

The conversion ratio from E to E1.
Conversion parameters from E, to I [Countdown of the
incubation period (5.2 days) for symptomatic
infections).

Conversion parameters from E; to A [Countdown of
the incubation period (5.2 days) for asymptomatic
infections).

The proportion of recovered persons among,
symptomatic infected persons [Countdown of recovery
time (14 days) for symptomatic infections).

‘The proportion of recovered persons among
asymptomatic infected persons [Countdown of
recovery time (14 days) for asymptomatic infections).
Decay constants for transmission parameters.

Days.
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Participants

Patients with COVID-19 N:
1818

ntervention/Control

Intervention/Control

Masculine gender:
= 9/10 Age (years), mean (SD):
Intervention/Control = 39.0 (11.7)/41.3
(12.1) Comorbidities: not mentioned

Patients with COVID-19 N:

Intervention/Control = 19/19
Masculine gender: Intervention/Control
= 10/11 Age (years), mean (SD):
Intervention/Control = 40.8 (9.8)/40.3
(12.5) Comorbidities: not mentioned
Patients with COVID-19 N:
Intervention/Control = (29/26)/22
Masculine gender: Intervention/Control
= (13/14)/10 Age (years), mean (SD):
Intervention/Control = [41.9

(10.2)/34.8 (11.8))/42.4 (11.8)

Comorbidities: not mentioned
Survivors of COVID-19 N:
Intervention/Control = 52/60
Masculine gender:
Intervention/Control= not mentioned

Age (years), mean (SD):

Intervention/Control:

9.2 (10.8)/52.

(11.1) Comorbidities: Intervention

(3.4% heart disease, 13.6% hypertension,
13.6% diabetes, 15.3% obesity, 6.8% lung
disease, and 27.1% other)/Control
(11.7% heart disease, 30% hypertension,
15% diabetes, 13.33% obesity, 5% lung
disease, and 20% other)
Survivors of COVID-19

Intervention/Control=58/71 Masculine
gender: Intervention/Control = 14/12
Age (years), mean (SD):
Intervention/Control = 49 (12)/50 (12)
Comorbidities: The median (quartile)
number of comorbidities was 1 (0-1) for

the two groups

Patients with COVID-19 N:
Intervention/Control = 13/13

Masculine gender: Intervention/Control

=9/7 Age (years), mean (SD):
Intervention/Control = 40.8
(13.5)/48.5(9.5) Comorbidities:
Intervention (38.5% any, 23.1%
hypertension, 7.79% liver disease, and
7.7% heart disease)/Control (30.8% any,
7.7% hypertension, 7.7% liver disease,
7.7% gastric ulcer, and 7.7% acquired
immune deficiency syndrome

Patients with COVID-19 N:
Intervention/Control = 126/126

Masculine gender: Intervention/Control

=70/80 Age (years), mean (SD):
438 (14.3)/41.5

Intervention/Control

(11.5) Comorbidities: not mentioned

Intervention

Web-based Non-Specific Conditioning
Exercise Program: 10 exercises based on
non-specific toning exercises of

resistance and strength

Web-based Breathing exercise program:
10 exercises based on the active cycle of

breathing techniques

Group 1: Web-based Breathing exercise
program: 10 exercises based on the
active cycle of breathing techniques.
Group 2: Web-based strength exercise
program: 10 exercises based on strength

exercises

App-based exercise prograr

unsupervised breathing control and
thoracic expansion, aerobic exercise,
and lower limb muscle strength
exercises specified in a three-tiered
exercise plan with difficulty and

intensity scheduled to increase over time

Online breathing and wellbeing

program

Internet-based integrated program: a
self-help intervention including breath
relaxation training, mindfulness (body
scan), “refuge” skills, and butterfly hug

method

Computerized cognitive behavioral
therapy: relaxation mental imagery

trai

ing, mindfulness meditation, and

counting meditation

Control

Wait without

any therapy

Wait without

any therapy

Wait without

any therapy

Short
educational
instructions at

baseline

Usual care

Daily

supportive care

Treatas usual:
periodic
psychological
assessments,
general
psychological
support, and
consultations
discussing
overall
wellbeing and

disease activity

Protocol

Once a day for
seven days, at

patients’ home

Once a day for
seven days, at

patients’ home

Once a day for
14 days, at

patients’ home

Three to four
per week for 6
weeks, at

patients’ home

Weekly for 6

weeks

A fixed time
every day for 2
weeks, at

isolation ward

Once a day for
1 week, at each

trial center

Outcome

Borg scale; Six-min walking

test; 30-s sit-to-stand test

Borg scale;
Multidimensional
dyspnoea-12; Six-min
walking test; 30-s

sit-to-stand test

Borg scale;
Multidimensional
dyspnoea-12; Visual analog
fatigue scale; Six-min
walking test; 30-s

sit-to-stand test

Six-min walking test; Squat
time; Pulmonary function;
Short Form Health
Survey-12; Modified

Medical Research Council

RAND 36-item short form;
Chronic obstructive
pulmonary disease
assessment tool score;
Visual analog scale for
breathlessness; Dyspnea-12;
Generalized anxiety
disorder 7-item scale; Short
form-6D

Hamilton Depression
Rating Scale; Hamilton

Anxiety Rating Scale

Hamilton Depression
Rating Scale; Hamilton
Anxiety Rating Scale;

Self-Rat

g Depress

n

Scale; Self-Rating Anxiety
Scale; Athens Insomnia

Scale

Timing of Adverse events
measurement
Post- Not mentioned

intervention

Post- Not mentioned

intervention

Post- Not mentioned

intervention

Post- No serious adverse events

intervention; 28 were observed throughout
weeks after the study period, except
intervention cight patients were
hospitalized for
non-life-threatening
reasons unrelated to
COVID-19 or
telerehabilitation in the

follow-up period

Post- No serious adverse events

intervention were observed, except one

participant withdrew due to
dizziness that they
attributed to looking at the
computer screen for too

long

Post- Not mentioned

intervention

Post- Not mentioned
intervention;

One month

after

intervention
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= L0810 (28)
S Probability of vaccinated cases having mild symptoms 5 -
SHY Probabiliy of vaccinated hospitalization without intensive care o @)
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i Recovery period of asymptomatic cases 35 0
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. Mortality rate of unvaccinated hospitalization with intensive #0.000,0.250,0.143, 0,333, 0.333, 0.404, 0,362, 0490 Estimated
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cases ©9)
Relative infectiousness of early release patients ®
or 4 a 052, when1/7? =5
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iy Average duration of infectious antibodies 180 62

* For cells with an asterisk (*), values from left to right are for age groups: 0-9, 10-19, 20-29, 30-39,40-49, 5059, 60-69, and 70+. The description of estimation of ;7,67 x;! , and i/ is
given n Supplementary materal Section 1.2 In aditon, we have performed the sensitvity analyss for the parameters such as B, 72,73, 74, .87, 5 » K and K. and the result i given in

Supplementary material Section 7.
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