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Background: The coronavirus disease 2019 (COVID-19) pandemic has lasted much longer than an influenza season, but the main signs, symptoms, and some imaging findings are similar in COVID-19 and influenza patients. The aim of the current study was to construct an accurate and robust model for initial screening and differential diagnosis of COVID-19 and influenza A.

Methods: All patients in the study were diagnosed at Fuyang No. 2 People's Hospital, and they included 151 with COVID-19 and 155 with influenza A. The patients were randomly assigned to training set or a testing set at a 4:1 ratio. Predictor variables were selected based on importance, assessed by random forest algorithms, and analyzed to develop classification and regression tree models.

Results: In the optimal model A, the best single predictor of COVID-19 patients was a normal or high level of low-density lipoprotein cholesterol, followed by low level of creatine kinase, then the presence of <3 respiratory symptoms, then a highest temperature on the first day of admission <38°C. In the suboptimal model B, the best single predictor of COVID-19 was a low eosinophil count, then a normal monocyte ratio, then a normal hematocrit value, then a highest temperature on the first day of admission of <37°C, then a complete lack of respiratory symptoms.

Conclusions: The two models provide clinicians with a rapid triage tool. The optimal model can be used to developed countries/regions and major hospitals, and the suboptimal model can be used in underdeveloped regions and small hospitals.
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INTRODUCTION

On March 11, 2020, the World Health Organization (WHO) announced that coronavirus disease 2019 (COVID-19) caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection had become a global pandemic (1, 2). With the growing number of SARS-CoV-2 infection and associated fatalities, the early diagnosis of COVID-19 has become a priority (3). A positive SARS-CoV-2 nucleic acid test is currently the gold standard for the diagnosis of COVID-19 (4–6), but nucleic acid testing is subject to false-negative and false-positive results (7, 8). Therefore, both the World Health Organization and National Health Commission of the People's Republic of China recommend comprehensive consideration of historical epidemiology, imaging results, clinical signs and symptoms, and laboratory evidence such as etiology or serology indicators for diagnosis (9). These methods are labor-intensive, however, and require substantial material and medical resources.

Seasonal influenza viruses can cause acute respiratory infection and a high rate of morbidity and mortality (10, 11). They are classified into four types: A, B, C, and D. Among them, H1N1 influenza A viruses are quite common and are associated with a high mortality rate, for example the H1N1 “swine flu” which caused an influenza pandemic in 2009 (11).

Distinguishing between influenza and COVID-19 can be problematic because their main signs and symptoms are similar (12, 13). Although some differentiation between COVID-19 and influenza patients is possible via chest computed tomography features, different radiologists, scanning parameters, image quality, and stages of disease may affect interpretations of certain imaging details (14–16).

Given that often only limited diagnostic and treatment resources are available, triage tools that enable rapid differential identification of COVID-19 and seasonal influenza are crucial to facilitate the allocation of appropriate medical resources and the application of prevention and control measures.

The current study included 151 COVID-19 patients and 155 patients with influenza A pneumonia from a hospital in Anhui Province in China. Based on symptoms (especially in the first 3 days), clinical signs, and physical and chemical laboratory test indicators a new model for the initial screening and differential diagnosis of COVID-19 and seasonal influenza pneumonia was constructed.



MATERIALS AND METHODS


Patients

All patients were adults with COVID-19 or influenza A confirmed at the Fuyang No. 2 People's Hospital, Anhui Province, China. The study was approved by the Ethics Committee of the Fuyang No. 2 People's Hospital. The inclusion criteria were age equal and above 18 years, hospitalization with complete medical history, temperature records, complete blood count and serum biochemical indicators, and a confirmed diagnosis via SARS-CoV-2 or influenza A virus detection.



Research Procedures and Data Collection

Respiratory tract samples including oropharyngeal swab, sputum, bronchial lavage, and blood and fecal specimens were obtained from COVID-19 patients at hospital admission, stored in viral transport medium, then sent to the Disease Control and Prevention Center of Fuyang for laboratory verification of SARS-CoV-2. Bilateral tonsils and posterior pharyngeal swabs collected from patients with influenza A were sent to the Influenza Surveillance Laboratory (National Influenza Surveillance Network Laboratory) of the Disease Control and Prevention Center of Fuyang for pathogen determination. The admission examination of patients included complete blood count, and blood biochemistry including renal function, liver function, creatine kinase (CK), lactate dehydrogenase, and electrolytes.

Nursing records and laboratory examination results of adults confirmed COVID-19 and influenza A patients at Fuyang No. 2 People's Hospital were retrospectively collated. Admission data from COVID-19 patients ranged from 20 January 2020 to 17 February 2020. Admission data from influenza A patients ranged from 08 April 2013 to 18 April 2019. A standardized data collection form was used to record patients' demographic characteristics, clinical symptoms, and laboratory results. COVID-19 patient data were acquired from the hospital's electronic medical records, whereas influenza A patient data were acquired from both printed and electronic medical records. All data were recorded and reviewed by 5 researchers to ensure that the data collected were authentic and valid.



Laboratory Findings

Complete blood counts were acquired using an XE-2100 automatic hematology analyzer (Sysmex Corporation, Japan). Serum biochemical tests (including renal and liver function, CK, lactate dehydrogenase, and electrolytes), myocardial enzymes, and C-reactive protein were analyzed using a Hitachi 7180 automatic analyzer (Hitachi, Tokyo, Japan).



Coronavirus and Influenza A Virus Testing

The local Center for Disease Control and Prevention performed SARS-CoV-2 detection in respiratory specimens by real-time fluorescent RT-PCR. The local Center for Disease Control and Prevention of Influenza surveillance laboratory (National influenza surveillance network laboratory) performed influenza A virus detection in pharyngeal swabs via RT-PCR methods with commercial assay kits provided by Beijing Kinghawk Pharmaceutical CO., Ltd. (Beijing, China).



Modeling and Verification

Because reference ranges of some indicators in laboratory examination results vary with different kits and other factors, some results could not be directly compared, thus they were converted into the following groups of indicators: (1) Lower than the reference, (2) normal, (3) higher than the reference. Continuous variables are presented as medians and interquartile ranges (IQRs), and categorical variables are presented as numbers and percentages. Odds ratios (ORs) and confidence intervals (CIs) were calculated, and logistic regression was used to compare the ORs of each variable in COVID-19 and influenza A patients. The random forest method was then used to determine the influence weighting of each variable and the risk factors with the greatest effects. Based on the results of random forest analysis three variables were selected, respectively, from the three groups of indicators, i.e., (1) demographic characteristics, clinical signs, and symptoms, (2) routine blood results, and (3) serum biochemistry results. A classification and regression tree (CART) model was then used to construct a decision tree. A training set (245 patients) and a testing set (61 patients) were created based on a ratio of 4:1. The training set was used for modeling and the testing set was used for verification.

Areas under the curve (AUCs) and a confusion matrix were used to evaluate the efficiency and robustness of the established models. Based on the characteristics of the models, sensitivity and specificity were calculated using the testing set. All statistical analyses were performed using R (version 3.6.3) with a significance level of p < 0.05.




RESULTS


Patient Characteristics

The demographic characteristics, clinical signs and symptoms, routine blood test results, and serum biochemistry results of the 306 patients included in the study are shown in Supplementary Table 1. There was no significant difference in age between the 151 COVID-19 patients (median 43 years, IQR 29–56 years) and the 155 influenza A patients (median 39 years, IQR 28–60). Men were at a 1.9 times greater risk of COVID-19 than women.

Both diseases tended to trigger fever at the onset of illness (94.2% of influenza A patients, 82.1% of COVID-19 patients), but the body temperature of influenza A patients on the first day of admission and the daily highest temperature in the first 3 days were higher than the corresponding medians in COVID-19 patients. COVID-19 patients were prone to diarrhea (OR 7.2, 95% CI 1.9–46.6), whereas influenza A patients showed more number of respiratory symptoms (OR 0.4, 95% CI 0.3–0.5); mainly coughing, expectoration, nasal discharge, pharyngalgia, chest congestion, and shortness of breath.

Complete blood count data on admission are shown in Supplementary Table 1. COVID-19 patients had lower white blood cell counts (OR 1.3, 95% CI 0.7–2.6), lymphocyte counts (OR 3.3, 95% CI 2.0–5.4), eosinophil counts (EO#s) (OR 79.0, 95% CI 28.2–330.3), and platelet counts (OR 5.4, 95% CI 2.2–16.4), and increased mean corpuscular hemoglobin concentration (OR 6.2, 95% CI 2.7–16.9).

Liver function remained normal in most patients, but elevated alanine aminotransferase (OR 2.5, 95% CI 1.2–5.5) and elevated aspartate aminotransferase (OR 2.6, 95% CI 1.4–5.3) were associated with a higher risk of COVID-19 infection. Increased low-density lipoprotein concentration was a protective factor in COVID-19 patients (OR 0.2, 95% CI 0.1–0.4). COVID-19 patients were more likely to exhibit abnormal cardiac enzymes than influenza A patients, as evidenced by a decrease in CK (OR 19.8, 95% CI 6.9–83.8) and an increase in lactate dehydrogenase (OR 1.7, 95% CI 1.1–2.7). Increased C-reactive protein concentration was evident in most patients (236/291, 81.1%), but it was more likely to be increased in influenza A patients (93.8%) than in COVID-19 patients (68.3%) (OR 0.1, 95% CI 0.0–0.3).



Random Forest Ranking

The results of random forest analysis are shown in Figure 1. The mean decrease accuracy plot and the mean decrease in Gini indicated that among clinical signs and symptoms, routine blood tests, and serum biochemistry results the most important variables were (1) highest temperature on the first day of admission, the number of respiratory symptoms, and coughing; (2) EO#, hematocrit, and monocyte ratio (MONO%); and (3) low-density lipoprotein cholesterol (LDL-c), C-reactive protein, and CK.


[image: Figure 1]
FIGURE 1. The importance of variables in the random forest algorithm. (A) The importance of variables was calculated by all patients. (B) The importance of variables was calculated by training set. A multi-indicator model was constructed by combining 61 variables (P < 0.05 in logistic regression analysis). Only Top 20 was shown. EO#, eosinophil count; LDL-c, Low-density lipoprotein cholesterol; HCT, Hematocrit; MONO%, monocyte ratio; CK, creatine kinase; T, Body temperature of the admission day; T.d1.max, Highest temperature on the first day of admission; T.d2.max, Highest temperature on the second day of admission; T.d1-3.max, Highest body temperature during the first 3 days of admission; RES., The number of respiratory symptoms; SP.P, Sputum production; CRP, C-reactive protein; EO%, Eosinophil ratio; MONO#, Monocyte count; MCHC#, Mean corpuscular hemoglobin concentration; NEUT%, Neutrophil ratio; LYMPH#, Lymphocyte count; Cys C, Cystatin C; UA, Uric acid; PALB, Prealbumin; TP, Total protein.




CART Model

The distributions of 9 important variables identified in the training set and the testing set were similar in the random forest plots (Table 1). CART modeling was then used to construct decision models (model A, Figure 2; model B, Figure 3) of clinical signs and symptoms and serum biochemistry, and clinical signs and symptoms and routine blood results of the 245 patients in the training set. Decision-making models C, D, and E were generated separately for the aforementioned three types of indicators, and an overall decision-making model (model F) was generated.


Table 1. Characteristics of factors included in CART modeling, between training set and testing set.
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FIGURE 2. Classification and regression tree analysis of variables that most distinguish COVID-19 from Influenza A in clinical signs and symptoms and in serum biochemistry (model A, optimal model). (A) 0, Influenza A; 1, COVID-19; N, the total number of patients; RES., The number of respiratory symptoms; T.day1.max, Highest temperature on the first day of admission; LDL-c, Low-density lipoprotein cholesterol; CK, creatine kinase. All factors are compared with the limit of the range of medical reference value. (B) Performance characteristics of the model validated by the testing set.
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FIGURE 3. Classification and regression tree analysis of variables that most distinguish COVID-19 from Influenza A in clinical signs and symptoms and in routine blood (model B, suboptimal model). (A) 0, Influenza A; 1, COVID-19; N, the total number of patients; RES., The number of respiratory symptoms; T.day1.max, Highest temperature on the first day of admission; EO#, eosinophil count; MONO%, monocyte ratio; HCT, Hematocrit. All factors are compared with the limit of the range of medical reference value. (B) Performance characteristics of the model validated by the testing set.


Figure 2A depicts decision tree model A constructed with 6 clinical signs and symptoms and serum biochemistry variables. The best indicator for distinguishing COVID-19 patients from influenza A patients was a decrease in LDL-c, which was associated with influenza A. When LDL-c was normal or elevated, a decrease in the secondary indicator CK contributed to the ability to identify COVID-19 patients. When LDL-c was normal or elevated and CK was normal or elevated, the third most important indicator was the number of respiratory symptoms present. When LDL-c was normal or elevated and CK was normal or elevated, the presence of ≥3 respiratory symptoms contributed to the ability to identify influenza A patients. When LDL-c was normal or elevated, CK was normal or elevated, and there were <3 respiratory symptoms, the highest body temperature on the first day of admission was the fourth most important indicator. When LDL-c was normal or elevated, CK was normal or elevated, and there were <3 respiratory symptoms, a highest temperature on the first day of admission of <38°C contributed to the ability to identify COVID-19 patients, whereas a highest body temperature of ≥38°C on the first day of admission contributed to the ability to identify influenza A patients.

Figure 3A depicts decision tree model B constructed with 6 clinical signs and symptoms and routine blood test variables. The best indicator for distinguishing COVID-19 patients from influenza A patients was a low EO#. When the EO# was normal, an increase or decrease in the MONO% contributed to the ability to identify influenza A patients. When the EO# and MONO% were both normal, the third most important indicator was hematocrit (HCT). When the EO# and MONO% were both normal, low HCT contributed to the ability to identify influenza A patients. When the EO#, MONO%, and HCT were all normal, the fourth most important indicator was the highest body temperature on the first day of admission. When the EO#, MONO%, and HCT were all normal, a highest body temperature of <37°C on the first day of admission contributed to the ability to identify COVID-19 patients. When the EO#, MONO%, and HCT were all normal and the highest body temperature on the first day of admission was ≥37°C, the fifth most important indicator was the number of respiratory symptoms present. When the EO#, MONO%, and hematocrit were all normal and the highest temperature on the first day of admission was ≥37°C, a complete lack of respiratory symptoms contributed to the ability to identify COVID-19 patients, whereas the presence of ≥1 respiratory symptom contributed to the ability to identify influenza A patients.



Model Validation

Model A (Figure 2B) correctly identified all COVID-19 patients, but it also incorrectly classified 4 influenza A patients as COVID-19 patients. Model A had a sensitivity of 1.00, a specificity of 0.87, a positive predictive value of 0.88, and a negative predictive value of 1.00. In a receiver operating characteristic curve of model A the AUC was 0.93.

Model B (Figure 3B) correctly identified all influenza A patients, but it also incorrectly classified 8 COVID-19 patients as influenza A patients. Model B had a sensitivity of 0.73, a specificity of 1.00, a positive predictive value of 1.00, and a negative predictive value of 0.79. In a receiver operating characteristic curve of model B the AUC was 0.87.

Confusion matrix analysis indicating the difference between the prediction results generated by models C–F and the real results among the testing set patients is shown in Supplementary Figures 2–5.

Model A demonstrated the best predictive capacity with respect to both COVID-19 patients and influenza A patients. Especially when it is necessary to predict and identify a COVID-19 patient, model A is able to minimize misdiagnosis and thus it is considered the optimal model. Model B also exhibited a favorable predictive performance in COVID-19 patients and influenza A patients, so it is regarded as a valid albeit suboptimal model.




DISCUSSION

In the current study differential diagnosis models of COVID-19 and influenza A patients were generated based on individual signs and symptoms, routine blood tests, and serum biochemistry results. The models were classified as optimal (model A) or suboptimal (model B) with respect to their capacity for differential diagnosis. Given that the routine blood testing required in the suboptimal model is a more economical and common laboratory tool, that model is more suitable for underdeveloped areas. Both models A and B were accurate, sensitive, and robust, so that they can offer technical support for rapid clinical triage.

In the optimal model the frequency of respiratory symptoms and the highest temperature on the first day of admission were included as indicators. Patients with a greater number of respiratory symptoms were more likely to have influenza A than COVID-19. This is consistent with previous reports indicating that respiratory symptoms—especially upper respiratory symptoms—are not substantial in many COVID-19 patients (17). A high temperature on the first day of admission also indicated that influenza A was more likely than COVID-19. This is concordant with previous studies in which influenza A patients generally had high fever at the onset of illness (18, 19), whereas many COVID-19 patients exhibit no initial symptoms such as high fever (20).

With regard to routine blood tests, EO#, MONO%, and HCT were incorporated into model B (signs and symptoms + routine blood tests). Previous studies have not suggested changes or abnormalities in these three indicators in patients with influenza A or COVID-19 (21–25). However, in the present study model B indicated that combined with signs and symptoms and routine blood results, these three indicators can be used to distinguish between influenza A patients and COVID-19 patients. The pathophysiological basis underlying differences in these indicators in the two groups of patients warrants further research.

Although the incidence of decreased LDL-c did not differ significantly between COVID-19 patients and influenza A patients, most influenza A patients exhibited decreased LDL-c whereas no COVID-19 patients did. This indicator was well-distinguished in a subsequently generated CART algorithm. Lastly, in model A LDL-c was the most important indicator. It has previously been reported that C-reactive protein and CK may be elevated in influenza A patients (18, 26). Most COVID-19 patients have exhibited elevated C-reactive protein, and a few of them have exhibited elevated CK (22, 25, 27). In the current study model A indicated that increased CK suggested that influenza A was more likely than COVID-19, which was the same as previous studies (22, 28–30). C-reactive protein was excluded as an unimportant indicator. Although there is evidence that COVID-19 may lead to complications of heart disease (29), in the present study normal or reduced CK was more suggestive of COVID-19 than influenza A.

The initial classification model was not completely consistent with the preferred indicators applied alone for the diagnosis of COVID-19 or influenza A. According to the COVID-19 diagnosis and treatment plan published in China, in addition to a history of potential exposure the determination of suspected cases mainly involved the total number of white blood cells and lymphocyte counts with respect to clinical symptoms and laboratory examinations (12, 23, 28). Because the primary aim of the current study was to distinguish between influenza A and COVID-19 patients, there were differences between the laboratory indicators and the combinations of them used in the constructed models, and the indicators emphasized in the treatment plan. Notably, the model developed in the present study was designed to distinguish between patients with suspected influenza A or COVID-19 rather than simply identify COVID-19 patients.

The prevalence of COVID-19 in children is very low, and in one study a prevalence of just 2.1% among a group of people aged 0–18 years was reported (29). Conversely the prevalence of influenza A in children is higher, and can reportedly reach 25.7% (30). Therefore, inclusion of children in the current study could have introduced mixed effects caused by age. For this reason people under the age of 18 were excluded, and the diagnostic model tool was also constructed for adults. Diagnostic tools and models specifically designed for use in children can be developed in the future.

The current study had some limitations. The sample size was small. Although the models constructed were sensitive and robust, large numbers of COVID-19 and influenza A cases should be used in the future to further verify and develop the models. Another limitation was that due to yearly changes in influenza viral antigenic configuration, the conditions of historical cases may differ from those of current cases. With respect to influenza strains, the present study only involved H1N1. Lastly, the lack of anosmia data may affect the differentiation capacity of the model.

In the current study an optimal model for distinguishing between influenza A and COVID-19 patients was generated. Another tool for initial screening and identification based on individual signs and symptoms and routine blood indicators was also generated for use in underdeveloped areas where the economy, detection capacity, and medical resources may not be conducive to blood biochemistry examinations. In developing countries such as China, the cost of a routine blood test is only 1/6 of that of blood biochemistry examination, and in less developed regions it can cost merely 1/10. Therefore, a simplified identification tool is of high cost-benefit value, although it reduces the ability to identify COVID-19 patients, which may inevitably lead to a degree of misdiagnosis.
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