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Background: Factors that may influence the recovery of patients with confirmed SARS-CoV-2 infection hospitalized in the Fangcang shelter were explored, and machine learning models were constructed to predict the duration of recovery during the Omicron BA. 2.2 pandemic.

Methods: A retrospective study was conducted at Hongqiao National Exhibition and Convention Center Fangcang shelter (Shanghai, China) from April 9, 2022 to April 25, 2022. The demographics, clinical data, inoculation history, and recovery information of the 13,162 enrolled participants were collected. A multivariable logistic regression model was used to identify independent factors associated with 7-day recovery and 14-day recovery. Machine learning algorithms (DT, SVM, RF, DT/AdaBoost, AdaBoost, SMOTEENN/DT, SMOTEENN/SVM, SMOTEENN/RF, SMOTEENN+DT/AdaBoost, and SMOTEENN/AdaBoost) were used to build models for predicting 7-day and 14-day recovery.

Results: Of the 13,162 patients in the study, the median duration of recovery was 8 days (interquartile range IQR, 6–10 d), 41.31% recovered within 7 days, and 94.83% recovered within 14 days. Univariate analysis showed that the administrative region, age, cough medicine, comorbidities, diabetes, coronary artery disease (CAD), hypertension, number of comorbidities, CT value of the ORF gene, CT value of the N gene, ratio of ORF/IC, and ratio of N/IC were associated with a duration of recovery within 7 days. Age, gender, vaccination dose, cough medicine, comorbidities, diabetes, CAD, hypertension, number of comorbidities, CT value of the ORF gene, CT value of the N gene, ratio of ORF/IC, and ratio of N/IC were related to a duration of recovery within 14 days. In the multivariable analysis, the receipt of two doses of the vaccination vs. unvaccinated (OR = 1.118, 95% CI = 1.003–1.248; p = 0.045), receipt of three doses of the vaccination vs. unvaccinated (OR = 1.114, 95% CI = 1.004–1.236; p = 0.043), diabetes (OR = 0.383, 95% CI = 0.194–0.749; p = 0.005), CAD (OR = 0.107, 95% CI = 0.016–0.421; p = 0.005), hypertension (OR = 0.371, 95% CI = 0.202–0.674; p = 0.001), and ratio of N/IC (OR = 3.686, 95% CI = 2.939–4.629; p < 0.001) were significantly and independently associated with a duration of recovery within 7 days. Gender (OR = 0.736, 95% CI = 0.63–0.861; p < 0.001), age (30–70) (OR = 0.738, 95% CI = 0.594–0.911; p < 0.001), age (>70) (OR = 0.38, 95% CI = 0292–0.494; p < 0.001), receipt of three doses of the vaccination vs. unvaccinated (OR = 1.391, 95% CI = 1.12–1.719; p = 0.0033), cough medicine (OR = 1.509, 95% CI = 1.075–2.19; p = 0.023), and symptoms (OR = 1.619, 95% CI = 1.306–2.028; p < 0.001) were significantly and independently associated with a duration of recovery within 14 days. The SMOTEEN/RF algorithm performed best, with an accuracy of 90.32%, sensitivity of 92.22%, specificity of 88.31%, F1 score of 90.71%, and AUC of 89.75% for the 7-day recovery prediction; and an accuracy of 93.81%, sensitivity of 93.40%, specificity of 93.81%, F1 score of 93.42%, and AUC of 93.53% for the 14-day recovery prediction.

Conclusion: Age and vaccination dose were factors robustly associated with accelerated recovery both on day 7 and day 14 from the onset of disease during the Omicron BA. 2.2 wave. The results suggest that the SMOTEEN/RF-based model could be used to predict the probability of 7-day and 14-day recovery from the Omicron variant of SARS-CoV-2 infection for COVID-19 prevention and control policy in other regions or countries. This may also help to generate external validation for the model.
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Introduction

Since the first case of the Omicron variant of the SARS-CoV-2 infection was detected in Shanghai, China on March 1, 2022, the epidemic has spread rapidly, with the largest number of daily new confirmed cases reaching 5,487 on April 28 and asymptomatic infections reaching 25,173 on April 10. To maximize the protection of people's health and embody the concept of people first and life first, Fangcang shelter hospitals were quickly built and put into use in Shanghai. The National Exhibition Center Fangcang shelter hospital was set up with the capacity to accommodate up to 50,000 asymptomatic carriers and patients with mild pneumonia. The hospital has admitted and discharged more than 170,000 patients with asymptomatic and mild Omicron infections since April 9, 2022.

The dominant strain of the current epidemic wave was SARS-CoV-2 Omicron BA. 2.2, which represented a small sub-lineage of BA.2 worldwide seen in Hong Kong, the UK, and Australia previously. Omicron BA. 2.2 is more transmissible, but tends to be less virulent, with the majority of diseases observed in Shanghai being asymptomatic infection or mild illness. Despite this, the crude case fatality rate in people over 60 was 2.7% in Hong Kong (1). The dynamic model of SARS-CoV-2 transmission from the School of Public Health of Fudan University estimated that the Omicron epidemic spread in Shanghai would require 15.6 times the available capacity of the intensive care unit, and would cause −1.55 million deaths if the pandemic control strategies were lifted (2).

The pressure for the control of the omicron pandemic wave in China is still stressed until there is a comprehensive understanding of the clinical characteristics of the BA2.2 strain infections in the Chinese population. The duration of viral shedding is decisive in considering quarantine strategies and reducing transmission. For the original SARS-CoV-2, the medium duration of viral RNA shedding was 12 days after the onset of illness in hospitalized patients (3). In a recent study, researchers reported that the duration of viral RNA shedding for the Omicron variant was 7 days (IQR = 5–8 days) among fully vaccinated national football league players and staff members in the United States (3). However, there are few serial virus testing data available to analyze the viral clearance time for Omicron variants in the general population. Older age was reported to be a determinant of RNA persistence in nasopharyngeal samples (4). Treatment plans, including corticosteroid usage and Lopinavir/ritonavir administration, also led to prolonged viral RNA shedding (5). The Chinese government has enacted a COVID-19 vaccination program over the past 2 years, with booster shots for fully vaccinated people. However, whether vaccination is associated with the duration of virus clearance, specifically for the omicron variant, has not been reported.

In this study, we aim to describe factors that may influence the recovery of patients with confirmed SARS-CoV-2 Omincron BA. 2.2 infections hospitalized in the National Exhibition and Convention Center Fangcang hospital and to build machine learning models to predict the probability of recovery on day 7 and day 14 from the onset of disease during the Omicron BA. 2.2 wave. The findings provide a theoretical basis and reference for prevention and control strategies for the COVID-19 epidemic.



Materials and methods


Patients

Participants were retrospectively screened at the National Exhibition and Convention Center Fangcang shelter (Shanghai, China) from April 9, 2022 to April 25, 2022 during the Omicron BA. 2.2 strain pandemic period. This shelter is responsible for admitting confirmed COVID-19 patients classified as having an asymptomatic infection or mild illness based on the WHO COVID-19 treatment guidelines (6). The eligibility criteria required individuals to have a positive nucleic acid amplification test (NAAT) for COVID-19. The exclusion criteria included the following: (1) lack of key clinical data or inoculation information; and (2) moderate, severe, or critical illness. This study was approved by the Ethics Committee of Xinqiao Hospital (No. 2022-197-01). Informed consent was waived according to the retrospective nature of the study.



Data collection and outcome

Medical documents were recorded using a WeChat Mini Program that enables patients' self-reported information to be assembled under the guidance of medical staff. Data including age, gender, living districts, occupation, oral medication, comorbidities, SARS-CoV-2-related symptoms (fever, headache, cough, sputum, malaise, stuffy/running nose, scratchy throat, muscle pain, nausea, vomiting, diarrhea, and loss of taste and smell), vaccination history, rounds of NAAT tests, and Ct values of the ORF lab gene, N gene, and internal control (IC) in every round were collected. The primary outcome was recovery on day 7 and day 14 from disease onset. Recovery was defined as being allowed to leave quarantine or hospital with two consecutive negative tests (at least 24 h apart) or Ct values ≥35 according to the 9th edition of COVID-19 diagnosis and treatment guidance issued by the Nation Health Commission of China (7).



Statistics and model construction

Statistical analysis was performed using SPSS Statistics (IBM, version 26.0) and R (Version 4.1.1). Continuous variables were expressed as the median with IQR or mean ± SD, and categorical variables were expressed as the number and percent (%). Variables were compared using Fisher's exact tests, χ2 statistic, or Student's t-test. Variables with a p-value of <0.05 in the univariate test were included in the multivariable logistic regression model to screen out variables that had an independent impact on the recovery of Omicron infection on day 7 and day 14. Based on the variables screened using logistic regression, two consecutive negative rt-PCR results on 7-day or 14-day were used as outcome variables, and the dataset was randomly divided into a training set and test set in the ratio of 7:3. Predictive models were constructed to predict the 7-day and 14-day recovery rates of COVID-19 patients hospitalized in Fangcang shelter during the Omicron BA. 2.2 pandemic. Principal component analysis (PCA) was used to identify separate outcome groups with variables selected using logistic regression.

Python 3.7.6 was used to build machine learning predictive models. Five machine learning algorithms, that is, the decision tree (DT), support vector machine (SVM), random forest (RF), AdaBoost algorithm, and AdaBoost algorithm with DT as a classifier, were used. The outcomes of rehabilitation on day 7 and day 14 were used as dependent variables, and all the collected variables were included as independent variables. The dataset was divided into a training set, test set, and validation set in the ratio of 6:2:2. The training set was used to train different machine learning models and the test set was used to optimize the parameters of different machine learning models using a grid search method. Finally, the validation set was used to validate the efficacy of different machine learning models with optimal parameters. The prediction results were evaluated using the accepted accuracy, sensitivity, specificity, and F1 score, area under the curve (AUC), and Matthews correlation coefficient (MCC) as evaluation indicators. Finally, the SMOTEENN algorithm was used to balance the two datasets. The SMOTEENN algorithm is a combination of the SMOTE algorithm and the ENN algorithm. SMOTEENN is a balanced algorithm that combines oversampling and undersampling the dataset through the SMOTE algorithm and then uses the ENN algorithm to clean it. Batista et al. proposed it in 2004 (8). After the data were balanced, the prediction was made by the five aforementioned methods, and the prediction results before and after balancing were compared.




Results


Patients' characteristics

A total of 13,162 COVID-19 nucleic acid-positive cases from Hongqiao International Exhibition Center Fangcang shelter (Shanghai) were included (Figure 1). These patients came from 14 administrative regions of Shanghai. The geographic distribution of these Omicron-infected patients is visualized in Figure 1. Table 1 shows the details of the baseline characteristics of the enrolled patients. The median age of these patients was 43.0 (IQR, 31.0–53.0), 7,358 patients (57.27%) were male, and 12,575 patients (95.54%) and 587 (4.466%) patients were categorized as having asymptomatic and mild COVID-19, respectively. The common comorbidities included diabetes (357, 2.71%), CAD (20, 0.15%), hypertension (952, 7.23%), and cancer (7, 0.05%). The median CT value was 39.60 (IQR, 34.65–40.00) for the ORF gene and 38.59 (IQR, 33.19–40.00) for the N gene. The median ORF/IC ratio was 1.32 (IQR, 1.21–1.40) and median N/IC ratio was 1.30 (1.16–1.38). Among the patients, 11,167 cases (84.84%) had a history of SARS-CoV-2 vaccination, 6,324 (48.05%) participants received three doses, 4,352 (33.06%) cases received two doses, and 491 (3.73%) received one dose.


[image: Figure 1]
FIGURE 1
 Flow chart of participant selection and the study design.



TABLE 1 Clinical characteristics of 13,162 cases of Omicron infection in Shanghai.
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Identifying prognostic factors associated with 7-day recovery and 14-day recovery

The univariate analysis results revealed the potential prognostic factors associated with 7-day and 14-day recovery, and are presented in Table 1. The analysis demonstrated that the administrative region, age, cough medicine, comorbidities, diabetes, CAD, hypertension, number of comorbidities, CT value of the ORF gene, CT value of the N gene, ratio of ORF/IC, and ratio of N/IC were potential prognostic factors that affected the 7-day recovery of COVID-19 patients. Data regarding age, gender, vaccination dose, cough medicine, comorbidities, diabetes, CAD, hypertension, number of comorbidities, CT value of the ORF gene, CT value of the N gene, ratio of ORF/IC, and ratio of N/IC were potential prognostic factors that affected 14-day recovery. The relationship between the duration of recovery and age was performed using Spearman correlation stratified by the vaccination dose. Regardless of the vaccination status, a positive correlation was observed in unvaccinated (p < 0.001), one-dose (p < 0.001), two-dose (p < 0.001) and three-dose (p < 0.001) participants (Figure 2).


[image: Figure 2]
FIGURE 2
 Correlation between age and recovery duration assessed using Spearman correlation.


To minimize the effect of confounders, these prognostic factors were subsequently included in the multivariate logistic regression analysis (Table 2). In the multivariable analysis, the receipt of two doses of the vaccination vs. unvaccinated (OR = 1.118, 95% CI = 1.003–1.248; p = 0.045), receipt of three doses of the vaccination vs. unvaccinated (OR = 1.114, 95% CI = 1.004–1.236; p = 0.043), diabetes (OR = 0.383, 95% CI = 0.194–0.749; p = 0.005), CAD (OR = 0.107, 95% CI = 0.016–0.421; p = 0.005), hypertension (OR = 0.371, 95% CI = 0.202–0.674; p = 0.001), and the ratio of N/IC (OR = 3.686, 95% CI = 2.939–4.629; p < 0.001) were significantly and independently associated with a duration of recovery within 7 days. Gender (OR = 0.736, 95% CI = 0.63–0.861; p < 0.001), age (30–70) (OR = 0.738, 95% CI = 0.594–0.911; p < 0.001), age (>70) (OR = 0.38, 95% CI = 0292–0.494; p < 0.001), receipt of three doses of the vaccination vs. unvaccinated (OR = 1.391, 95% CI = 1.12–1.719; p = 0.0033), cough medicine (OR = 1.509, 95% CI = 1.075–2.19; p = 0.023), and symptoms (OR = 1.619, 95% CI = 1.306–2.028; p < 0.001) were significantly and independently associated with a duration of recovery within 14 days. A forest plot was used to visualize the results of the multivariate logistic regression analysis (Figure 3).


TABLE 2 Multivariable logistic regression models for Omicron infection recovery.
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FIGURE 3
 Subgroup analysis of Omicron infection recovery. An odds ratio of <1 implies a lower risk of recovery on the indicated day.




Logistic regression model and PCA

According to the variables screened above, first, a logistic regression model was constructed to predict recovery on day 7, with variables including vaccination doses, diabetes, CAD, hypertension, number of comorbidities, and ratio of N/IC. However, the predictive value of the model was not acceptable, and had an AUC of 56.8% for the test set. Similarly, when variables including vaccination dose, gender, age, cough medicine, and symptoms were used to construct the 14-day predictive model, this yielded an AUC of 63.01% for the test set. Then PCA showed there was a large degree of overlap between the two groups for the 7-day and 14-day recovery outcomes based on the selected variables in the logistic regression. Some sample points were scattered in other areas, which indicates that there were discrete recovered patients and isolated patients or outliers (Figure 2).



Machine learning models

To build a more robust predictive model, five machine learning-based prediction models were established (DT, RF, SVM, AdaBoost, and DT+AdaBoost) for 7-day recovery and 14-day recovery from Omicron infection. Table 3 shows the accuracy, sensitivity, specificity, F-measure, AUC, and MCC of each model evaluated on the validation set. The five models performed poorly, with AUC <60% for both 7-day and 14-day recovery models based on the original dataset.


TABLE 3 Evaluation indices of the classification models for full variables.

[image: Table 3]

Patients were sampled from a single Fangcang shelter. The selection bias and data imbalance contributed to the low accuracy of the 7-day recovery models and falsely high accuracy of the 14-day recovery models for the above algorithms. Therefore, the SMOTEENN algorithm was used to perform the balance process for the original dataset. The balanced sample size of the recovered vs. unrecovered cohort was 835 vs. 1,996 for the 7-day recovery dataset, and 10,599 vs. 435 for the 14-day recovery dataset. Then five machine learning algorithms were applied to develop prediction models based on the balanced dataset. The SMOTEENN+RF algorithm achieved the best prediction results for both the 7-day and 14-day recovery models, that is, AUCs of 89.75% and 93.53% for the validation set, respectively (Figure 4).


[image: Figure 4]
FIGURE 4
 ROC-AUC of the 7-day (A) and 14-day (B) recovery models based on the SMOTEENN/RF algorithm.





Discussion

During the Omicron BA. 2.2 pandemic wave in Shanghai, over 100 Fangcang shelter hospitals were developed and served to isolate patients with mild to moderate COVID-19. However, no detailed published reports have investigated the demographic and clinical information, viral load shedding time, or factors that influenced the recovery of patients with confirmed SARS-CoV-2 infection hospitalized in the Fangcang shelter.

In the present study, 13,162 COVID-19 patients composed of asymptomatic carriers and mild cases were enrolled from the National Exhibition Center Fangcang shelter in Shanghai. The collected data, including age, gender, comorbidities, vital signs, therapeutic drugs, results of nucleic acid detection, and viral load shedding time, were analyzed to identify risk factors that may influence SARS-CoV-2 RNA shedding. The results showed that the median duration of disease recovery was 8 days (IQR 6–10 d). At 7 days, the rate of recovery from omicron infection was 41.31%. Vaccination, diabetes, CAD, hypertension, ratio of N/IC were independent factors associated with the 7-day recovery of patients with confirmed SARS-CoV-2 infection hospitalized at the Fangcang shelter. At 14 days, the rate of recovery was 94.83%. Gender, age, three doses of the vaccination, cough medicine, and symptoms were observed to be independently associated with 14-day recovery. Machine learning models were constructed to predict the recovery of COVID-19 on day 7 and day 14.

The Omicron variant was first found in South Africa at the end of November 2021. As of May 2022, the Omicron variant of concern became the dominant variant circulating globally, and evolved into many distinct sub-lineages: BA.1, BA.2, BA.3, BA.4, and BA.5 (9). According to WHO epidemiological update reports, BA.2 and its descendent lineages (i.e., BA.2.X) were the dominant variants from the 1st week of May 2022, comprising 97% of all sequences submitted to GISAID. The prevalence of BA.1 and its descendent lineages (i.e., BA.1.X), BA.3, and the B.1.617.2 (Delta) variant significantly decreased, falling below a global prevalence of <1% (9).

In several studies, researchers reported that Omicron variants had 70-fold higher replication competence in the human bronchus, but low viral replication in the lungs compared with the original COVID-19 strain or Delta strain 24 h post-infection (10). The BA.2 variant, with eight unique spike alterations compared with the BA.1 variant (11), has a higher effective reproduction number, higher fusogenicity, and higher pathogenic potential than the BA.1 variant (12). This evidence reasoned the rapid spread of Omicron BA. 2.2 in Shanghai with most infected victims being asymptomatic or having mild illness. In our study, 95.59% of the included patients had asymptomatic infections (12,911/13,508). Of the remaining 597 cases with mild illness, only 240 cases presented with fever.

As reported by Maslo et al., a significantly decreased demand in oxygen therapy was observed during the Omicron wave compared with the oxygen need during the Delta wave in South Africa (17.6 vs. 74%; P < 0.001); this was also the case for the percentage of mechanical ventilation requirement (1.6 vs. 12.4%; P < 0.001) (13). Maslo et al. suggested that the decreased severity of Omicron infection may be associated with vaccination. Now, this new sub-lineage of BA.2 is causing mayhem in many countries, such as the UK, Australia, and China (14). Previously, the outbreak of Omicron BA. 2.2 in Hong Kong claimed 6,356 lives, and 90% of these deceased people had not received the COVID-19 vaccination (15).

In many studies, researchers have shown that Omicron variants have substantial immunologic escape ability from neutralizing antibodies induced by vaccination (16–19). However, a booster dose of mRNA vaccines, either Moderna or Pfizer, can still induct consistent neutralizing antibody titers against either BA.1 or BA.2 (19, 20). In a recent study, researchers also suggested that promoting the booster shot is an effective means to prevent the transmission of SARS-CoV-2, particularly to withstand the transmission of the Omicron strain. Moreover, a retrospective study in which 23,391 COVID-19 cases and 46,64 controls from a nationwide pharmacy-based testing program in the US were analyzed and showed that the prior receipt of three mRNA vaccine doses prevented the development of symptomatic SARS-CoV-2 for both Omicron and Delta. In the present study, it was first confirmed that two doses of SARS-CoV-2 vaccine (BBIBP-CorV or CoronaVac) increased the probability of SARS-CoV-2 nucleic acid negative conversion within 14 days after infection. Three doses of CoronaVac or a booster dose of BBIBP-CorV shortened the duration of virus clearance within 7 days and 14 days after infection. Hence, it makes sense to devise different vaccination rollouts optimally (21).

In the present study, the median duration of RNA shedding was 8 days, which is shorter than the 2 weeks of RNA shedding of the original SARS-CoV-2 strain reported previously (4). Nationwide vaccination may contribute to the accelerated viral clearance of the Omicron BA. 2.2 wave. It was noticed that age is associated with prolonged viral RNA shedding, which is consistent with a previous report (4). This can also be attributed to the age-dependent impairment of innate and adaptive immunity, which could make it more difficult for older patients to eradicate pathogens. In contrast to earlier findings, however, in this study, the results showed that female patients tended to have prolonged RNA shedding compared with male patients at day 14, but tended to become negative at day 7 compared with male patients. This contradictory finding may involve an underlying mechanism for sex-related differences in SARS-CoV-2 clearance related to the presence of sex hormones, which influence different components of the immune system.

Understanding the recovery of COVID-19 during Omicron BA. 2.2 is of great importance in terms of enabling the government to set up a quarantine and lockdown policy to inform public health guidance. Fangcang shelter hospitals provide isolation for asymptomatic infection or mild illness, and are characterized by rapid construction, massive scale, and low cost (2). In the present study, it was noticed that cough medicine increased the probability of recovery on day 7, which reinforces the importance of oral prescription during quarantine in Fangcang shelter Hospitals. At the summit of the Shanghai pandemic, the average number of new cases was >20,000 per day, and the timely turnover of Fangcang shelter Hospitals was important for preventing panic caused by medical shortages. Using the 7-day and 14-day recovery machine learning-based predictive model (SMOTEENN/RF), the recovery of patients was predicted and it was possible to prepare for available beds within the subsequent 1 or 2 weeks. Machine learning-based models have been used in the screening, diagnosis, severity assessment, prognosis, epidemiology, and even dietary guidance of COVID-19 (21–26) (Table 2). In the present study, a machine learning-based model was used to predict the recovery of Omicron BA. 2.2 infected COVID-19 patients, and the results can be used as a reference to guide quarantine or isolation policy.

The study has several limitations. First, although it has been reported that the virus strains detected in Shanghai were all Omicron BA. 2.2, personalized genotyping of the virus was not available. Second, information about the vaccination type was not accessible because clinical data were collected using a self-report WeChat Mini Program. Third, external validation is required to test the accuracy of the proposed models.
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