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Abstract
BACKGROUND 
The widespread coronavirus disease 2019 (COVID-19) has led to high morbidity 
and mortality. Therefore, early risk identification of critically ill patients remains 
crucial.

AIM 
To develop predictive rules at the time of admission to identify COVID-19 
patients who might require intensive care unit (ICU) care.

METHODS 
This retrospective study included a total of 361 patients with confirmed COVID-
19 by reverse transcription-polymerase chain reaction between January 19, 2020, 
and March 14, 2020 in Shenzhen Third People’s Hospital. Multivariate logistic 
regression was applied to develop the predictive model. The performance of the 
predictive model was externally validated and evaluated based on a dataset 
involving 126 patients from the Wuhan Asia General Hospital between December 
2019 and March 2020, by area under the receiver operating curve (AUROC), 
goodness-of-fit and the performance matrix including the sensitivity, specificity, 
and precision. A nomogram was also used to visualize the model.

RESULTS 
Among the patients in the derivation and validation datasets, 38 and 9 
participants (10.5% and 2.54%, respectively) developed severe COVID-19, 
respectively. In univariate analysis, 21 parameters such as age, sex (male), smoker, 
body mass index (BMI), time from onset to admission (> 5 d), asthenia, dry cough, 
expectoration, shortness of breath, asthenia, and Rox index < 18 (pulse oxygen 
saturation, SpO2)/(FiO2 × respiratory rate, RR) showed positive correlations with 
severe COVID-19. In multivariate logistic regression analysis, only six parameters 
including BMI [odds ratio (OR) 3.939; 95% confidence interval (CI): 1.409-11.015; P 
= 0.009], time from onset to admission (≥ 5 d) (OR 7.107; 95%CI: 1.449-34.849; P = 
0.016), fever (OR 6.794; 95%CI: 1.401-32.951; P = 0.017), Charlson index (OR 2.917; 
95%CI: 1.279-6.654; P = 0.011), PaO2/FiO2 ratio (OR 17.570; 95%CI: 1.117-276.383; P 
= 0.041), and neutrophil/lymphocyte ratio (OR 3.574; 95%CI: 1.048-12.191; P = 
0.042) were found to be independent predictors of COVID-19. These factors were 
found to be significant risk factors for severe patients confirmed with COVID-19. 
The AUROC was 0.941 (95%CI: 0.901-0.981) and 0.936 (95%CI: 0.886-0.987) in both 
datasets. The calibration properties were good.

CONCLUSION 
The proposed predictive model had great potential in severity prediction of 
COVID-19 in the ICU. It assisted the ICU clinicians in making timely decisions for 
the target population.

Key Words: COVID-19; Communicable diseases; Clinical decision rules; Prognosis; 
Nomograms

©The Author(s) 2021. Published by Baishideng Publishing Group Inc. All rights reserved.

Core Tip: This study established a risk-prediction model to estimate the prognosis of 
patients with coronavirus disease 2019 (COVID-19) for clinicians to more objectively 
calculate the severity of an individual patient and optimize the subsequent treatment. 
The model with the aforementioned six predictors could be used in clinical practice to 
identify high-risk dialysis patients for more investigations and interventions. This study 
provided a simple form of a probability prediction model to identify patients with 
severe COVID-19.
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Liu YX, Feng YW, Li JX, Liu Y. Clinical diagnosis of severe COVID-19: A derivation and 
validation of a prediction rule. World J Clin Cases 2021; 9(13): 2994-3007
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INTRODUCTION
In December 2019, an outbreak of coronavirus disease 2019 (COVID-19) occurred in 
Wuhan, China[1,2]. Up to April l8, 2020, there were 83251 cases reported in China[3] and 
1442312 internationally[4]. The estimated case-fatality rate associated with COVID-19 in 
Wuhan might be as high as 5.25% [95% confidence interval (CI): 4.98-5.51][5,6].

Most of the patients diagnosed with COVID-19 had mild disease[5,6]. For these 
patients, general isolation and symptomatic treatment are available, and intensive care 
unit (ICU) care is needed to reduce the number of deaths and alleviate the shortage of 
medical resources unless their condition worsened rapidly. In such a case, risk 
stratification of patients by severity of the illness at an early stage is necessary.

Predictive models or scoring systems have been developed to quantify the impact of 
risk factors. Complex statistical models were introduced during the model 
development step, and these could be used by clinicians for decision-making. Also, the 
risk of severity in patients could be easily estimated and monitored over time, thus 
motivating them to modify their behavior. Several scoring systems that targeted the 
severity prediction have already been developed. However, most of these proposed 
models did not include a description of the study population, and the calibration of 
predictions is rarely assessed[7]. Liang et al[8] developed a risk score based on the 
characteristics of COVID-19 patients at the time of admission to the hospital based on a 
nationwide cohort in China. However, this risk scoring system consisted of 10 items, 
which were relatively complex and time-consuming. Besides, hemoptysis occurred 
rarely. Moreover, this system was not compared with the other traditional acute 
respiratory distress syndrome (ARDS) scoring systems, and the calibration of this 
system has not been evaluated.

Hence, in this study, a total of 361 patients diagnosed with COVID-19 in the 
Shenzhen Third People’s Hospital were included and a rule-based on risk-prediction 
model for the severity of COVID-19 patients was developed. Moreover, the developed 
predicted model was also externally validated, and its performance was carefully 
calibrated.

MATERIALS AND METHODS
Patient recruitment and study design
This multicenter retrospective cohort study included 487 adult patients with COVID-
19 (aged ≥ 18 years) as confirmed by the reverse transcription-polymerase chain 
reaction (RT-PCR) between January 19, 2020, and March 14, 2020, in Shenzhen Third 
People’s Hospital and the Wuhan Asia General Hospital. Ethical approval was 
obtained from the institutional review board (study number: RC2020-102) of these two 
hospitals. The exclusion criteria were as follows: Patients aged less than 18 years, who 
have undergone surgeries recently, or had a cerebral hemorrhage, myocardial 
infarction, and other diseases. Also patients with incomplete medical data or who 
refused to participate in this study were excluded. All patients who presented with 
COVID-19 between December 2019 and March 2020 to the Wuhan Asia General 
Hospital were amalgamated to form an external validation dataset. The study design 
is shown in Figure 1.

Variables
Independent variables included sociodemographic factors, clinical symptoms, 
comorbidity, travel and contact history, and laboratory tests. The outcome variables 
were whether patients were defined as severe or critical. Patients were defined as 
severe if they met any of the following criteria[9]: (1) Shortness of breath, more than 30 
times/min; (2) Oxygen saturation at rest of less than 93%; and (3) Arterial partial 
pressure of oxygen/fraction of inspired oxygen (FiO2) ≤ 300 mmHg. Cases were 
defined as critical if they met any of the following criteria: (1) Respiratory failure and 
requiring mechanical ventilation; (2) Shock; and (3) With any other organ failure that 
required ICU care.

https://www.wjgnet.com/2307-8960/full/v9/i13/2994.htm
https://dx.doi.org/10.12998/wjcc.v9.i13.2994
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Figure 1 Flowchart of the study selection process.

Data analysis and predictive rule development
Logistic regression was applied to identify the independent factors that were 
associated with critical COVID-19 patients. The following parameters were included 
for analysis: Age ≥ 60 years, sex, body mass index (BMI), illness onset to admission, 
dry cough, upper respiratory tract symptoms (any sign of stuffy nose or sore throat), 
productive sputum, fever, shortness of breath, fatigue, and Charlson index. Laboratory 
results (presence or otherwise in the first 3 d), including thrombocytopenia platelet 
count, PaO2/FiO2 (P/F) ratio, neutrophil/lymphocyte ratio (NLR), and alanine 
aminotransferase/aspartate aminotransferase (ALT/AST) ratio, were also identified 
for each patient. Stepwise multivariate regression was used to select adjusted 
independent predictors (P < 0.05 was considered significant).

The predicted probabilities provided by the proposed predictive model were used 
to identify the patients’ risk of illness severity[10]. To ease the use of the model and 
retain the effects of each variable, the fitted regression coefficients were rescaled by 
dividing their values by the smallest fitted coefficient and rounded to the nearest 
integer. For each binary risk factor, the optimal condition was defined as the absence 
of the factor. Zero points were assigned to patients who were in good condition under 
the corresponding risk factor. The sum of these scores represented the overall risk of 
the patient.

The 10-fold cross-validations were included to internally validate the performance 
of the newly proposed predictive model. The data were randomly split into 10 
approximately equal sizes, in which 9 were used to develop the model and one was 
used for internal validation. Furthermore, the newly developed predictive model was 
externally validated by the data collected from the Wuhan Asia General Hospital.

Validation sample and model performance
In addition to area under the receiver operating curve (AUROC), the predictive 
performance of the proposed model was measured by its sensitivity, specificity, and 
precision. The goodness-of-fit test was applied by comparing the observed and 
predicted events of COVID-19 using the risk group deciles by the Hosmer-Lemeshow 
χ2 test.

RESULTS
Patient demographics
A total of 421 patients were admitted to the Shenzhen Third People’s Hospital during 
the study period. Sixty patients were excluded due to incomplete medical records at 
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the time of the study, and their age was less than 18 years. A population of 361 
patients was included in this analysis, and randomly separated into 4 groups. Three 
groups were used as the training set (262 patients), while the remaining 1 group was 
used as an internal testing set (99 patients). In the training set, 224 (62.0%) patients had 
mild and 38 (10.5%) had severe disease. The age of patients with mild disease was 48.5 
[interquartile range (IQR), 36.0-59.0] years; 54 (24.1%) were seniors (≥ 60 years); and 
106 (47.3%) were males. However, the median age of patients with severe disease was 
64 (IQR, 57.5-66.0) years; 26 (68.4%) were seniors; and 29 (76.3%) were males. Similarly, 
in the testing set, 90 (25.8%) patients had mild and 9 (2.5%) patients had severe 
disease. The median age of patients with mild disease was 43.0 (IQR, 34.0-54.8) years; 
14 (15.6%) were seniors (≥ 60 years); and 38 (42.2%) were males. However, the median 
age of patients with severe disease was 64.0 (IQR, 62.0-69.0) years; 8 (88.9%) were 
seniors; and 6 (66.7%) were males. More details of these patients are shown in Table 1.

Independent risk factor evaluation
In univariate analysis, 21 parameters such as age, sex (male), smoker, BMI, time from 
onset to admission (> 5 d), asthenia, dry cough, expectoration, shortness of breath, 
asthenia, and Rox index < 18 (pulse oxygen saturation, SpO2)/(FiO2 × respiratory rate, 
RR) showed positive correlations with severe COVID-19.

In multivariate logistic regression analysis, only six parameters including BMI [odds 
ratio (OR) 3.939; 95%CI: 1.409-11.015; P = 0.009], time from onset to admission (≥ 5 d) 
(OR 7.107; 95%CI: 1.449-34.849; P = 0.016), fever (OR 6.794; 95%CI: 1.401-32.951; P = 
0.017), Charlson index (OR 2.917; 95%CI: 1.279-6.654; P = 0.011), P/F ratio (OR 17.570; 
95%CI: 1.117-276.383; P = 0.041), and NLR (OR 3.574; 95%CI: 1.048-12.191; P = 0.042) 
were found to be independent predictors for COVID-19 (Table 2).

Final model
Based on the results of multivariable modeling, a final prediction rule was developed 
using the categorical versions of the retained variables. The clinical prediction rule 
points were assigned after standardization to the lowest regression coefficient. The 
nomogram was established based on the features selected by logistic regression, which 
were used for predicting severe COVID-19 (Figure 2). For easy application, the 
nomogram was further simplified by point scores. The following point scores were 
used to measure the magnitude of the association of each predictor with COVID-19: 
BMI, 1 point if more than 24 and 2 for 27; time from onset to admission (≥ 5 d), 2 
points; fever (≥ 37.3°C), 2 points; Charlson index, 1 point; P/F score ≤ 300 mmHg, 6 
points; and NLR, 1 point if more than 2 and 2 if more than 4 (Table 3). The maximum 
total risk score was 17, and this was most likely to be severe for any given COVID-19 
patient. The cutoff score was selected using the Youden index[11].

Model calibration
The calibration curves showed that the predicted rates agreed with that of the actual 
results observed in the cohort. According to the Hosmer-Lemeshow χ2 test, the 
adequacy of this prediction model was shown to be good (P = 0.901) (Figure 3).

Performance of the predictive model and comparison with CURB-65
The predicted probability of severe COVID-19 was calculated as follows: LOGIT (p) = 
3.939 × BMI + 7.107 × Time from onset to admission + 6.794 × Fever + 2.917 × Charlson 
index + 17.547 × P/F + 3.574 × NL. Proposed score rules were also generated (Table 4).

The model showed high potential for predicting severe COVID-19 [area under the 
curve (AUC) 0.941 (95%CI: 0.901-0.981) for internal validation and 0.936 (0.886-0.987) 
for external validation]. The precision, sensitivity, and specificity for internal 
validation were 0.270 (0.234-0.307), 0.930 (0.896-0.964), and 0.622 (0.602-0.641), 
respectively. The values for external validation were 0.413 (0.261-0.565), 0.927 (0.873-
0.980), and 0.804 (0.728-0.880), respectively (Table 5). The proposed predictive model 
performed better when compared with the CURB-65 models.

Using the 10-fold cross-validation, the proposed model was further compared with 
the CURB-65 models. The results showed that the proposed model had higher AUC 
(0.941), and sensitivity and specificity when compared with that of the CURB-65 
models (AUC 0.704) (Table 5).
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Table 1 Patient demographics and clinical characteristics in the training and internal validation sets

Training sets Internal testing sets

Mild, n = 224 (62.0%) Severe, n = 38 (10.5%) P value Mild, n = 90 (25.8%) Severe, n = 9 (2.5%) P value

Age (yr) 48.5 (36.0-59.0) 64 (57.5-66.0) 43.0 (34.0-54.8) 64.0 (62.0-69.0)

≥ 60 yr 54 (24.1) 26 (68.4) 0.000 14 (15.6) 8 (88.9) 0.000

Sex 0.002 0.159

Male 106 (47.3) 29 (76.3) 38 (42.2) 6 (66.7)

Female 118 (52.7) 9 (23.7) 52 (57.8) 3 (33.3)

BMI > 24 57 (25.4) 11 (28.9) 0.000 22 (24.4) 4 (44.4) 0.024

BMI > 27 21 (9.4) 14 (36.8) 5 (5.6) 2 (22.2)

Onset to hospitalization (> 5 d) 62 (27.7) 25 (65.8) 0.000 34 (37.8) 5 (55.6) 0.000

Symptoms

Fever > 37.3°C 172 (76.8) 29 (76.3) 0.000 78 (86.7) 7 (77.8) 0.005

Fever > 39°C 8 (3.6) 7 (18.4) 1 (1.1) 2 (22.2)

Charlson index > 0 72 (32.2) 33 (86.8) 0.000 39 (43.3) 8 (88.9) 0.000

P/F 13 (5.8) 16 (42.1) 0.000 3 (3.3) 3 (33.3) 0.006

NLR > 2 80 (35.7) 15 (39.5) 0.000 39 (16.7) 3 (33.3) 0.009

NLR > 4 24 (10.7) 17 (44.7) 7 (7.8) 4 (44.4)

Score ≥ 7 31 (13.8) 35 (92.1) 0.000 13 (13.1) 9 (100) 0.000

BMI: Body mass index; P/F: PaO2/FiO2; NLR: Neutrophil/lymphocyte ratio.

DISCUSSION
With the ongoing COVID-19 pandemic and a severe shortage of ICU resources, it is 
critical for first-line clinicians to promptly predict the prognosis of patients with 
COVID-19 and optimize the undermined medical sources. As COVID-19 is a new 
pandemic and its clinical features are not yet fully illustrated, clinicians are more 
prone to estimate the severity of individual patients through their subjective 
experience. To solve this critical problem, our study established a risk-prediction 
model to estimate the prognosis of patients with severe COVID-19, in order that 
clinicians can more objectively calculate the severity of an individual patient and 
optimize the subsequent treatment. This risk-prediction model was based on the data 
obtained from 361 patients with severe COVID-19, in which 262 were in the derivation 
set, 99 in the internal validation set, and 126 in the external validation set. The model 
demonstrated high accuracy in predicting the severity of COVID-19 with an AUC of 
0.948 when compared with other models.

Among dozens of clinical parameters affecting the prognosis of patients with 
COVID-19, many indices were shown to be significantly correlated with the severity of 
the disease. However, only six clinical and laboratory characteristics were identified as 
independent factors that could distinguish patients with severe COVID-19 from those 
with mild and moderate COVID-19. Older age (> 60 years) alone could not predict the 
prognosis independently, whereas comorbidity together with older age led to a worse 
prognosis.

The present model demonstrated that the P/F ratio was the highest risk factor for 
predicting the worst prognosis. Patients with lower oxygenation index at the time of 
admission had 16 times higher risk of developing severe COVID-19. Previously, the 
guidelines have recommended early identification of patients with severe pneumonia 
based on a lower oxygenation index[9,12]. As the clinical classification is primarily based 
on the oxygenation index, it is not surprising that the oxygenation index is predictive 
for the development of severe COVID-19. The P/F ratio showed a close relationship 
with the Qsp/Qt index, and a low P/F ratio indicates pulmonary parenchymal injury 
caused by COVID virus infection or a subsequent immunological response[13,14].
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Table 2 Demographic clinical characteristics of external validation sets

Mild, n = 110 (%) Severe, n = 16 P value

Age (yr) 49.0 (35.0-57.8) 70.0 (64.0-78.0)

> 60 27 (24.6) 12 (75.0) 0.000

Sex 0.007

Male 51 (46.4) 13 (81.3)

Female 59 (53.6) 3 (18.7)

BMI > 24 30 (27.3) 8 (50.0) 0.021

> 27 15 (13.6) 4 (25.0)

Onset to hospitalization (> 5 d) 37 (33.6) 15 (94.0) 0.000

Symptoms

Fever > 37.3°C 87 (79.1) 12 (75.0) 0.025

Fever > 39°C 4 (3.6) 3 (18.8)

Charlson index > 0 54 (49.1) 15 (93.8) 0.000

P/F 1 (0.9) 6 (37.5) 0.000

NLR > 2 44 (40.0) 2 (12.5) 0.000

NLR > 4 6 (5.5) 14 (87.5)

Score ≥ 7 23 (20.9) 15 (93.8) 0.000

BMI: Body mass index; P/F: PaO2/FiO2; NLR: Neutrophil/lymphocyte ratio.

Another important finding of the present study was the benefit of timely admission 
after the onset of COVID-19 symptoms, which was associated with a six times higher 
risk of COVID-19 infection. This finding was in agreement with the China Ministry of 
Health Guidelines[12] which advocate early hospitalization, but different from the other 
practices in many other countries which did not mention early admission at all or 
emphasize home quarantine[15,16]. Patients with, mild and moderate COVID-19 were 
encouraged to stay at home to prevent the surge of COVID-19 and hospital collapse 
until they were critically ill[17-20]. The present study indicated that early admission could 
not only help avoid local transmission but also reduce the incidence of severity and 
criticality of COVID-19.

Patients with fever (> 37.3ºC) are more likely to progress to severe COVID-19 when 
compared with those without fever. Fever generally implies an ongoing 
immunological response to severe acute respiratory syndrome CoV-2 (SARS-CoV-2) 
virus. Higher body temperature might indicate a stronger response due to severe 
pathogenic infection or overreaction to the SARS-CoV-2 virus in some individual 
cases. As indicated by the research in China and Europe, the infection storm induced 
by cytokines and other immune molecules might cause deterioration of clinical 
symptoms and pulmonary damage. Unfortunately, the exact role of immunological 
response in the etiology of SARS-CoV-2 virus, whose pathological features are 
sometimes unpredictable and novel to clinicians, is currently unclear. Although SARS-
CoV-2 and SARS are both caused by coronavirus, the implication of fever in patients 
with COVID-19 was not in concordance with that in patients with SARS. Patients who 
did not have fever during admission were more likely to die from SARS (44% vs 7%, P 
= 0.045)[21]. The physiological mechanism still remains unclear, and further studies are 
warranted to elucidate this mechanism. Nevertheless, the aforementioned finding is 
important as fever can easily be screened and assist in the early identification of severe 
COVID-19.

The proposed model suggested that the prognosis was partially determined by the 
patients’ general condition, such as the Charlson index and BMI. The Charlson index 
has been used to predict the long-term prognosis of patients with comorbidities. It has 
a specific scoring system that can also include age when predicting the lethality, and 
compare with other indices of comorbid disease[22]. This might give Charlson index a 
better predictive power, as advancing age is usually associated with chronological 
deterioration of physical functions. In contrast, the proposed model suggested that 
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Table 3 Risk factors of severe patients with coronavirus disease 2019

Univariate analysis Multivariate analysis
Variable

OR P value OR P value

Age ≥ 60 yr 6.821 (3.224-14.431) 0.000 - -

Sex 3.587 (1.624-7.924) 0.002 - -

BMI 2.701 (1.727-4.224) 0.000 3.939 (1.409-11.015) 0.009

Illness onset at admission 5.025 (2.418-10.441) 0.000 7.107 (1.449-34.849) 0.016

Smoker 4.060 (1.912-8.621) 0.000 - -

Dry cough 3.395 (1.604-7.184) - -

Productive sputum 2.612 (1.284-5.312) 0.008 - -

Fever 4.615 (1.948-10.935) 0.001 6.794(1.401-32.951) 0.017

Shortness of breath 3.312 (1.161-9.448) 0.025 - -

Fatigue 3.450 (1.661-7.164) 0.001 - -

Charlson index 2.371 (1.813-3.100) 0.000 2.917 (1.279-6.654) 0.011

PaO2/FiO2 11.804 (5.028-27.714) 0.000 17.570 (1.117-276.832) 0.041

Platelet count 0.423 (0.180-0.992) 0.048 - -

NLR 3.766 (2.271-6.245) 0.000 3.574 (1.048-12.191) 0.042

D-Dimer 4.385 (2.102-9.148) 0.000 - -

ESR 11.023 (2.583-47.048) 0.001 - -

hs-CRP 4.314 (2.359-7.887) 0.000 - -

AST 6.332 (2.753-14.563) 0.000 - -

Cr 16.258 (3.994-66.188) 0.000 - -

IL-6 2.346 (1.224-4.494) 0.010 - -

PCT 3.961 (1.062-14.772) 0.040 - -

ROX 0.237 (0.111-0.505) 0.000 - -

BMI: Body mass index; NLR: Neutrophil/lymphocyte ratio; ESR: Erythrocyte sedimentation rate; CRP: C-reactive protein; AST: Aspartate 
aminotransferase; IL: Interleukin; PCT: Procalcitonin.

advanced age (> 60 years) alone was not enough to independently predict the 
prognosis of COVID-19, but the existing comorbidity might better predict the 
development of severe COVID-19 according to the data in the present study. This 
finding was consistent with that of previous reports which showed that comorbidity is 
an important independent predictor of mortality in COVID-19[6,23-25]. However, the 
study did not define the role of comorbidity quantitatively. Our study findings are 
novel in evaluating the relationship of comorbidity in patients with severe COVID-19 
with Charlson index.

BMI (> 24) was associated with a 2.94 times higher risk of severe COVID-19. Higher 
BMI increases the risk of a variety of diseases, including cardiovascular diseases, 
diabetes, and other metabolism disorders, subsequently increasing the mortality rate, 
according to several large-cohort studies[26,27]. This was in agreement with that of a 
previous study, which reported on the role of obesity in predicting patients’ COVID-19 
severity[28]. A retrospective study proved that obesity was a risk factor for the severity 
of infections caused by other respiratory viruses including influenza[29] and Middle 
East respiratory syndrome coronavirus[30].

According to the proposed model, D-dimer had poor predictive ability, which 
contradicted previous findings[25]. However, prospective studies are needed to further 
explore the link between abnormal D-dimer levels and the severity and mortality of 
patients with COVID-19[9,12].

The present study demonstrated that the NLR indicated a 2.57 times higher risk of 
the development of severe COVID-19. The NLR acts as a biomarker for assessing the 
severity of bacterial infections and the prognosis of patients with pneumonia and 
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Table 4 The proposed score rules for clinical diagnosis of severe coronavirus disease 2019

Variables Description Score

BMI ≥ 24 1

≥ 27 2

Time from onset to admission ≥ 5 d 2

Fever ≥ 37.3 °C 2

≥ 39 °C 4

Charlson index 1

P/F score < 300 6

NLR ≥ 2 1

≥ 4 2

BMI: Body mass index; P/F: PaO2/FiO2; NLR: Neutrophil/lymphocyte ratio.

Table 5 Comparison of predictive performance between the proposed method and CURB-65

Proposed model CURB-65

Internal validation

AUROC 0.941 (0.901-0.981) 0.704 (0.564-0.863)

Precision 0.270 (0.234-0.307) 1.000

Sensitivity 0.930 (0.896-0.964) 0.156 (0.085-0.228)

Specificity 0.622 (0.602-0.641) 1.000

External validation

AUROC 0.936 (0.886-0.987) 0.654 (0.518-0.791)

Precision 0.413 (0.261-0.565) 0.481 (0.254-0.708)

Sensitivity 0.927 (0.873-0.980) 0.292 (0.186-0.399)

Specificity 0.804 (0.728-0.880) 0.954 (0.925-0.983)

AUROC: Area under the receiver operating curve.

tumors[31,32]. An increase in the NLR indicates a poor clinical prognosis[33]. These results 
indicate that COVID-19 might affect a series of immune responses, including changes 
in T lymphocytes, serving as an important factor for predicting clinical deterioration. 
In addition, patients with severe illness might be associated with bacterial infection 
due to deteriorated immune function. The results of the present study were consistent 
with those of previous findings. For example, the study by Wang et al[23] followed up 
the laboratory test results of patients with COVID-19 and found that 5 patients had an 
increased neutrophil count and reduced lymphocyte count before their death[23]. Liu 
et al[34] suggested that patients aged ≥ 50 years and a NLR ≥ 3.13 were at high risk and 
should be promptly transferred to the ICU for invasive respiratory support[34].

The model with the aforementioned six predictors could be used in clinical practice 
to identify high-risk dialysis patients. A simple form of a probability prediction model 
was put forward to identify patients with severe COVID-19. The cutoff values of the 
probabilities that discriminated between patients with mild and severe COVID-19 are 
provided in Table 3. According to the Youden index, a cutoff value of (P = 0.439) 
yielded a sensitivity and a specificity of 0.950 and 0.259, respectively, which was 
optimal to identify patients with severe COVID-19 when compared with other 
potential models.

Several models have previously been developed for predicting the prognosis of 
pneumonia. CURB-65 is a relatively widely accepted model[35]. The CURB-65 score is 
comprised of 5 separate elements: Confusion, uremia, respiratory rate, blood pressure, 
and age ≥ 65 years. This was initially developed by the British Thoracic Society in 1987 
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Figure 2 Nomogram. BMI: Body mass index; PF: PaO2/FiO2; NL: Neutrophil/lymphocyte.

Figure 3 Calibration and discrimination plot of the coronavirus disease 2019 critical prediction model.

as the CRB criteria[36], and was later modified to CURB-65 and validated by Lim et al[37] 
in an international, multicenter, derivation/validation study. This score was evaluated 
for predicting mortality if the case was identified as having severe pneumonia. On the 
contrary, CURB-65 is not exclusively designed for COVID-19 patients. Thus, some 
features in CURB-65 were invaluable for stratifying COVID-19. For example, 
confusion, urea level > 7 mmol/L, and low blood pressure were rarely observed at the 
time of admission, contributing little to the identification of severe COVID-19. The risk 
score developed by Liang et al[8] based on the characteristics of patients with COVID-19 
at the time of admission consisted of 10 items, which is relatively complex and time-
consuming. Besides, hemoptysis rarely occurs. Moreover, our model did not compare 
with the other traditional ARDS score systems, and the calibration of this system was 
not evaluated. Based on the clinical data, the proposed model calculated not only the 
factors of comorbidity information and BMI, but also special factors associated with 
COVID-19, such as the NLR, showing significantly improved performance.

The proposed predictive model, including the aforementioned 6 factors, assists in 
predicting the prognosis with high accuracy. It was promising in clinical decision-
making to identify patients in the early stage with severe COVID-19. The model had 
high accuracy when tested using internal and external data from different places. 
However, the fitness of the model in other ethnicities has not yet been validated and is 
subjective to adjustment according to local data.

However, the present study had several limitations that undermine the prediction 
of the proposed prognostic model. The study included two of the largest hospitals in 
China, yet the model might not be generalizable to patients with COVID-19 in other 
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hospitals. This was the largest COVID-19 study so far. Still, the findings were limited 
by the small sample size and unequal distribution of COVID-19 patients between the 
hospitals.

CONCLUSION
In summary, the proposed risk-prediction model for COVID-19 in this study showed 
significant association with the presence of obesity, delayed admission, fever, existing 
comorbidities, hypoxemia, and higher NLR. The model accurately predicted the 
severity of patients with COVID-19. This could practically help clinicians to perform 
timely interventions and control measures to prevent overcrowding or delayed 
diagnosis of severe COVID-19 in hospital settings. The predictive utility of the model 
warrants further validation and improvement. Other prospective studies can assist in 
developing a better model based on the present findings.

ARTICLE HIGHLIGHTS
Research background
The outbreak of coronavirus disease 2019 (COVID-19) led to high mortality and the 
intensive care unit (ICU) is needed to reduce the number of deaths. This causes a 
shortage of medical resources, especially in ICU settings.

Research motivation
The goal of this study was to develop and externally validate prediction rules to risk 
stratify patients by severity at an early stage.

Research objectives
The study aimed to risk stratify patients by severity of the illness at an early stage to 
better microallocate limited medical resources.

Research methods
This multicenter retrospective cohort study included 487 adult patients with 
confirmed COVID-19 between January 19, 2020, and March 14, 2020, in Shenzhen 
Third People’s Hospital and the Wuhan Asia General Hospital. Independent variables 
included sociodemographic factors, clinical symptoms, comorbidity, travel and contact 
history, and laboratory tests. The outcome variables were whether patients were 
defined as severe or critical. Logistic regression was applied to identify the 
independent factors that were associated with critical COVID-19 patients. Stepwise 
multivariate regression was used to select adjusted independent predictors (P < 0.05 
was considered significant). The 10-fold cross-validations were included to internally 
validate the performance of the newly proposed predictive model. The data were 
randomly split into 10 approximately equal sizes, in which 9 were used to develop the 
model and one was used for internal validation. Furthermore, the newly developed 
predictive model was externally validated by the data collected from the Wuhan Asia 
General Hospital. In addition to area under the receiver operating curve, the predictive 
performance of the proposed model was measured by its sensitivity, specificity, and 
precision. The goodness-of-fit test was applied by comparing the observed and 
predicted events of COVID-19 using the risk group deciles by the Hosmer-Lemeshow 
χ2 test.

Research results
The model with the aforementioned six predictors could be used in clinical practice to 
identify high-risk dialysis patients. A simple form of a probability prediction model 
was put forward to identify patients with severe COVID-19. The proposed predictive 
model, including the aforementioned 6 factors, assists in predicting the prognosis with 
high accuracy.

Research conclusions
The proposed risk-prediction model for COVID-19 in this study showed significant 
association with the presence of obesity, delayed admission, fever, existing 
comorbidities, hypoxemia, and higher neutrophil/lymphocyte ratio. The model 
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accurately predicted the severity of patients with COVID-19. This could practically 
help clinicians perform timely interventions and control measures to prevent 
overcrowding or delayed diagnosis of severe COVID-19 in hospital settings.

Research perspectives
The proposed predictive model had great potential in severity prediction of COVID-19 
in the ICU. It assisted the ICU clinicians in making timely decisions for the target 
population.
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