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Abstract

The outbreak of coronavirus disease 2019 (COVID‐19) has globally strained medical

resources and caused significant mortality. This study was aimed to develop and

validate a prediction model based on clinical features to estimate the risk of patients

with COVID‐19 at admission progressing to critical patients. Patients admitted to

the hospital between January 16, 2020, and March 10, 2020, were retrospectively

enrolled, and they were observed for at least 14 days after admission to determine

whether they developed into severe pneumonia. According to the clinical symptoms,

all patients were divided into four groups: mild, normal, severe, and critical. A total of

390 patients with COVID‐19 pneumonia were identified, including 212 severe

patients and 178 nonsevere patients. The least absolute shrinkage and selection

operator (LASSO) regression reduced the variables in the model to 6, which are age,

number of comorbidities, computed tomography severity score, lymphocyte count,

aspartate aminotransferase, and albumin. The area under curve of the model in the

training set is 0.898, and the specificity and sensitivity were 89.7% and 75.5%. The

prediction model, nomogram might be useful to access the onset of severe and

critical illness among COVID‐19 patients at admission, which is instructive for

clinical diagnosis.
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1 | INTRODUCTION

A novel coronavirus was first discovered in Wuhan, China in

December 2019, and has caused an unprecedented global health

emergency.1,2 As of December 25, 2020, the World Health Orga-

nization (WHO) counted more than 79.39 million confirmed cases

and more than 1.74 million deaths.3 Most patients with cor-

onavirus disease 2019 (COVID‐19) have mild clinical features,

some even show no obvious symptoms at the time of infection, but

then develop fatal complications, including severe pneumonia,

acute respiratory distress syndrome, and multiple organ failure.4 At

present, there is no specific anti‐coronavirus therapy for patients

with severe symptoms, and the case fatality rate is about 20 times

that of noncritically ill patients, which means the survival rate of

these patients is very low. Treatment of these patients usually

requires a large amount of medical resources.5 Therefore, it has

important clinical significance to identify severe patients with

COVID‐19 in the early.

The clinical classification of COVID‐19 patients ranged from

mild to severe, which is closely related to computed tomography

(CT) findings.6 A retrospective study showed that the probability

of COVID‐19 patients at admission developing severe disease

ranged from 15.7% to 26.1%. These cases are usually associated

with abnormal chest CT manifestations and clinical laboratory

data.7 Guan et al.8 showed that patients with severe COVID‐19

were more prone to ground‐glass opacity (GGO), local or bilateral

patchiness, and Interstitial lung abnormalities on CT, which can

reflect the clinical progress of the disease, and also provide op-

portunities for the research of CT clinical utility, as the risk

stratification of patients with a forecasting tool. In addition, CT

has predictive value in the prognosis of patients with COVID‐19

to ensure effective treatment and control the spread of disease.

From previous experience, higher CT scores in patients with

Middle East respiratory syndrome (MERS) lead to poor prog-

nosis.9 CT has been suggested as an auxiliary method, used for

screening individuals suspected of COVID‐19 pneumonia during

epidemics and monitoring treatment responses based on dynamic

radiological changes.10 In addition, the guidelines of the WHO

and the European Centre for Disease Control and Prevention

recommend that people aged 70 and over or who have basic

diseases (e.g., cardiovascular disease, hypertension, cancer,

chronic obstructive pulmonary disease (COPD), asthma, and dia-

betes) are thought to be at higher risk of developing severe

COVID‐19. It has become an inevitable trend to predict the

prognosis of patients with COVID‐19 pneumonia by combining

CT imaging results with epidemiological characteristics and la-

boratory examination results.

At present, some early prediction models using machine

learning have been reported to predict whether COVID‐19 pa-

tients may develop into severe or critical illnesses.11–13 These

models are usually evaluated by statistical methods for identifi-

cation and calibration. At the same time, decision curve analysis

(DCA) can evaluate the clinical utility of decision models, and the

risk models it identifies can help us make better clinical

decisions.14 The purpose of this study is to develop and validate a

prognostic machine learning model based on the clinical, labora-

tory, and imaging characteristics of COVID‐19 patients at the

time of admission to identify the risk of serious/critical compli-

cations in hospitalized COVID‐19 patients. We also use DCA and

clinical impact curve analysis (CICA) to evaluate the clinical utility

and net benefit of predictive models in supporting clinical

decision‐making. The model can be used as a tool for the early

identification of high‐risk patients with a poor prognosis for

COVID‐19 during hospitalization.

2 | METHODS

2.1 | Study design and participants

This was a retrospective study done at several centers, including

the First Affiliated Hospital of Zhejiang University School of

Medicine, Jiaxing First Hospital, and Tianyou Hospital Affiliated to

Wuhan University of Science and Technology. A total of 390 pa-

tients with confirmed COVID‐19 pneumonia between January 16,

2020, and March 10, 2020, were retrospectively enrolled (pre-

viously exclude patients younger than 18 years old). This study was

conducted in accordance with the guidelines of the Declaration of

Helsinki and the principles of good clinical practice. The study was

approved by the medical ethics committees of various hospitals.

For emerging infectious diseases, the Ethics Committee of hospi-

tals gave written informed consent.

2.2 | Diagnosis and clinical classification

All patients enrolled met the following diagnostic criteria: high‐

throughput sequencing of nasal cavity and throat swab specimens or

real‐time reverse transcription polymerase chain reaction test results

are positive.1 Patients are observed for at least 14 days after ad-

mission to determine whether they develop into severe pneumonia.

According to the clinical symptoms, such as pneumonia, respiratory

failure, shock, and other organ failures, all patients are divided into

four groups: mild, normal, severe, and critical.

(1) Mild type, with mild clinical symptoms, and no pneumonia

manifestations in imaging.

(2) Normal type, the patient has a fever, respiratory symptoms,

and other symptoms, and pneumonia can be seen on imaging.

(3) Severe type, the patient has one of the following symp-

toms: (a) respiratory distress (respiratory rate ≥30 breaths/min);

(b) hypoxia (oxygen saturation ≤93% in a resting state); (c) low

oxyemia (arterial blood oxygen partial pressure/inspired oxygen

concentration ≤300 mmHg).

(4) Critical type, have one of the following conditions: (a) re-

spiratory failure requires mechanical ventilation; (b) shock occurs; (c)

combined other organ failure requires intensive care unit.
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In this study, no mild patients and no patients developed into critical

illness, so all patients were divided into severe and nonsevere cases.

2.3 | Inclusion and evaluation criteria

The professional clinical team reviews, extracts, and cross‐checks

the data, and two clinicians check the recorded results

independently.

The data extracted from the electronic medical records are as fol-

lows: demographic information (age, gender), contact history (defined as a

contact in Wuhan within two weeks before the onset of the disease, or

contact with local residents diagnosed with SARS‐CoV‐2 infection),

smoking history, comorbidities (mainly including diabetes, hypertension,

cardiovascular disease, COPD, malignant tumors, and chronic liver dis-

ease, scored according to the number of comorbidities, the maximum is

not more than 5 points if there is no score, 0 points), clinical symptoms

and signs include categorical and continuous variables: body temperature

at admission, the main symptoms include fever, cough/sputum, he-

moptysis, chest tightness/shortness of breath, other symptoms include

fatigue, loss of appetite, dyspnea, malaise, diarrhea, headache, and so

forth (score based on the number of symptoms, up to 7 points). La-

boratory examination results are as follows: blood routine indicators in-

clude platelet, white blood cell, neutrophil, lymphocyte, hematocrit,

monocyte, eosinophil, hemoglobin, and red blood cell. Biochemical in-

dicators include alanine aminotransferase, aspartate aminotransferase,

albumin, creatinine, serum sodium, serum potassium, and C‐reactive

protein. Blood gas analysis includes PaO2, PaCO2, and pH. In addition,

erythrocyte sedimentation rate, fibrinogen, procalcitonin, and length of

hospital stay were also recorded. The imaging findings include abnorm-

alities in CT and its severity.

In this study, two radiologists with more than 10 years of experience

in chest imaging conducted an independent review of all CT images.

When the two radiologists diverged in interpreting the imaging results, a

third experienced radiologist gave his opinion. The CT recorded imaging

features included GGO, pulmonary consolidation, crazy paving, and air

bronchogram.15,16 GGO is defined as lung blur aggravating attenuation

and preservation of bronchi and blood vessel edges, while lung con-

solidation is defined as blurring and opacity of blood vessel edges and

airway walls. Crazy paving refers to the thickening of the lobular septum

and the appearance of thickened ground glass in the interlobular septum.

The distribution pattern of the lesions and the involvement of the lobes

and segments were also evaluated. The CT appearance of the outer third

of the lung is defined as the periphery, and the CT appearance of two‐

thirds of the lung is defined as the center. In addition, the presence of

discrete nodules, swollen lymph nodes, and pleural effusion was also

recorded.17 Each of the five lung lobes was examined, and the degree of

lesions in each lobe was evaluated semiquantitatively from 0 to 5 ac-

cording to the degree of involvement: score 0, no participation; score 1,

participation ≤5%; Score 2, participation rate 6%–25%; score 3, partici-

pation rate 26%–50%; score 4, participation 51%–75%; score 5, partici-

pation rate >75%.16 The total score is obtained by summing the scores of

all five leaves to provide a CT severity score between 0 and 25.

2.4 | Variable selection and model construction

Use least absolute shrinkage and selection operator (LASSO) re-

gression analysis to filter the variables we need. Using the R

“caret” package, 390 patients were randomly divided into training

sets and validation sets at a ratio of 1:1. Apply LASSO regression

to minimize the potential collinearity between different variables

and variable overfitting. If the missing value is <20%, consider

filling in the missing variable. We use predictive mean matching to

estimate numerical features, logistic regression to estimate binary

variables, and Bayesian polymorphic regression to estimate factor

features. We use L1 minimized LASSO regression for multivariate

analysis, and use 10‐fold cross‐validation for internal validation.

This is a logistic regression model, which penalizes the absolute

size of the regression model's coefficients based on the value of λ.

When the penalty is greater, the estimate of the weaker factor

will approach zero, so only the strongest predictor variable re-

mains in the model. The best variable is selected by the smallest λ

value. The R software package “glmnet” statistical software (R

Foundation) was used to perform LASSO regression. Subse-

quently, the variables determined by the LASSO regression ana-

lysis were subjected to logistic regression analysis to construct

our risk prediction model.

2.5 | Model validation

The calibration of the nomogram is evaluated by the calibration

curve, and the Hosmer‐Lemeshow test is performed to evaluate

the goodness of fit. The area under the ROC curve (AUC) is

used to quantify the discriminant performance of the nomogram.

The external verification of the nomogram is carried out through

the verification queue. DCA can estimate the net benefit of the

model based on the difference between true positive and false‐

positive results, weighted by the probability of the selected

threshold risk probability. If within a reasonable risk threshold,

the predictive model's net profit curve is higher than “full treat-

ment” or “no treatment,” then the model has clinical utility. On

this basis, we further drew the CICA of the model. CICA will

display the estimated number of people declared high‐risk for

each risk threshold, and visually display the proportion of cases

(true positives).

2.6 | Statistical analysis

All statistical analysis was performed with R statistical software

(version 4.0.1). Continuous variables are expressed as averages

and ranges, categorical variables are expressed as counts

and percentages, and nonparametric rank‐sum tests are used.

Factors with significant differences are used in LASSO

regression analysis. p < 0.05 is considered to have a significant

difference.
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3 | RESULTS

3.1 | Baseline of patients

According to the inclusion criteria, a total of 390 patients with

COVID‐19 pneumonia were identified, including 212 severe pa-

tients and 178 nonsevere patients. Compared with nonsevere

patients, the age of severe patients is significantly older (average

age, 61.4 vs. 52.1, p = 0.003). Significant differences were also

found in gender, comorbidities, exposure history, clinical symp-

toms, CT score, oxygen saturation at admission, WBC count,

neutrophil count, lymphocyte count, AST, ALT, ALB, Na+, CRP,

PaO2, PaCO2, pH, ESR, FIB, and PCT (p < 0.05) (Table 1).

3.2 | Risk factor screening and model construction

A total of 32 independent variables were collected from the ori-

ginal data, and 11 insignificant factors were eliminated through

the nonparametric rank‐sum test. We used 1:1 nonrepetitive

random sampling on the original data and divided it into a training

set and a validation set (Figure 1). The remaining 21 independent

variables were used for LASSO regression analysis. Finally, six

independent variables were selected for multivariate logistic re-

gression analysis (Figure 2). The results showed that age, number

of comorbidities, CT severity score, lymphocyte count, aspartate

aminotransferase, and albumin are risk factors for the progression

of COVID‐19 disease (Table 2). The constructed nomogram of

COVID‐19 disease progression risk prediction is shown in

Figure 3. Based on the above factors, the basic characteristics of

severe and noncritical patients in the training set and validation

set were compared (Table 3).

3.3 | Model verification

The ROC curve shows the accuracy of the nomogram for COVID‐

19 disease progression risk prediction. The AUC of the nomogram

in the training set is as high as 0.898, which can distinguish severe

COVID‐19 patients from nonsevere patients, and the specificity

and sensitivity were 89.7% and 75.5%, respectively. Consistent

with the training set, the AUC of the nomogram in the validation

set was 0.903, and the specificity and sensitivity were 84.0% and

86.0%, respectively (Figure 4). The calibration curve of the no-

mogram for the risk prediction of COVID‐19 disease progression

shows that there is good agreement between the prediction and

actual observation in the training set and the validation set. The

Hosmer‐Lemeshow test shows that there is no statistical differ-

ence between the training set and the validation set (training set,

p = 0.995; validation set, p = 0.886), which proves that the diag-

nostic accuracy of the nomogram is high (Figure 5).

To evaluate the clinical applicability of our risk prediction

nomogram, we conducted DCA and CICA. DCA and CICA

intuitively show that within a wide and practical threshold

probability range (3%–89% in the training set, 7%–63% in

the validation set) and within the range that affects the

prognosis of patients, the nomogram has good overall net income

(Figure 6).

4 | DISCUSSION

With the increasing number of COVID‐19 diagnosed and critically

ill patients, the management of critically ill patients has become

one of the most challenging issues. Gong et al.18 established a

predictive model for the disease progression of patients with

COVID‐19 pneumonia by logistic regression, decision tree, ran-

dom forest, and support vector machine (SVM), and verified that

the prediction performance of logistic regression, random forest,

and SVM had no significant difference and that the nomogram

constructed based on logistic regression had high accuracy.

However, in the selection of influencing factors, the clinical

symptoms and CT examination results of patients during hospi-

talization were not taken into consideration. Xu et al.19 confirmed

that chest CT was an important diagnostic tool for COVID‐19, but

it was mentioned in their study that they did not find any cor-

relation between imaging and disease progression. In this multi-

center study, we retrospectively evaluated the clinical and CT

characteristics of COVID‐19 patients and identified clinical

baseline risk factors related to disease progression. Our results

show that older age at admission, a larger number of complica-

tions, a higher lymphocyte count, a higher level of aspartate

aminotransferase, a lower albumin level, and a higher CT severity

score promote the progression of the course of COVID‐19

pneumonia patients key prognostic factors.

At present, the origin of COVID‐19 pneumonia is not clear.

Early scientists completed the sequencing of the genome of the

virus that caused the disease and laid the foundation for the

development of effective antiviral drugs and vaccines in the fu-

ture.20 On the other hand, a large number of studies currently

analyze the clinical data of patients with COVID‐19 pneumonia,

which can predict the patient's disease progression and take

targeted treatment measures to effectively prevent further ag-

gravation of the disease. Age is the most common factor affecting

disease progression. Previously, older age was reported as an

important independent predictor of mortality from severe acute

respiratory syndrome (SARS) and MERS, which is also applicable

in COVID‐19.21–23 A recent retrospective study showed that

older age, comorbidities, and severe CT scores are risk factors for

COVID‐19 severe/critical pneumonia.24 Another factor that is

more closely related to it is comorbidities. It is not difficult to

explain that the physical fitness of the elderly is significantly re-

duced, and they are more likely to suffer from multiple compli-

cations. Different from the underlying disease, a large cohort

study suggested that cancer patients are more likely to be in-

fected with SARS‐CoV‐2 and are prone to develop severe
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TABLE 1 Baseline of patients

Characteristics Total (n = 390) Sever (n = 212) Nonsever (n = 178) p value

Age (year) 57.1 (18–89) 61.4 (18–89) 52.1 (30–88) 0.003

Sex 0

Male 211 (54.1) 122 (57.5) 89 (50)

Female 179 (45.9) 90 (42.5) 89 (50)

Num of comorbidity 0

0 151 (38.7) 26 (12.3) 125 (70.2)

1 107 (27.4) 91 (42.9) 16 (9)

2 63 (16.2) 56 (26.4) 7 (3.9)

3 34 (8.7) 18 (8.5) 16 (9)

4 20 (5.1) 10 (4.7) 10 (5.6)

5 15 (3.8) 11 (5.2) 4 (2.2)

Smoking history 0.725

Yes 26 (6.7) 15 (7.1) 11 (6.2)

No 364 (93.3) 197 (92.9) 167 (93.8)

Wuhan contact history 0

Yes 250 (64.1) 136 (64.2) 114 (64)

No 140 (35.9) 76 (35.8) 64 (36)

Clinical symptom score 0.025

0–1 57 (14.6) 26 (12.3) 31 (17.4)

2–3 167 (42.8) 81 (38.2) 86 (48.3)

4–5 110 (28.2) 72 (34) 38 (21.3)

6–7 56 (14.4) 33 (15.6) 23 (12.9)

CT score 0.001

0–7 61 (15.6) 4 (1.9) 57 (32)

8–14 215 (55.1) 110 (51.9) 105 (59)

15–21 97 (24.9) 82 (38.7) 15 (8.4)

22–28 17 (4.4) 16 (7.5) 1 (0.6)

Temperature (°C) 37.8 (35.3–40.5) 37.8 (36.1–40.5) 37.7 (35.5–40.1) 0.585

Oxygen saturation on
admission

0.93 (0.51–0.998) 0.92 (0.61–0.998) 0.94 (0.51–0.996) 0

Laboratory results

WBC (×109/L) 6.21 (0.88–25) 6.64 (1.60–25.00) 5.7 (0.88–20.54) 0.007

NEUT (×109/L) 4.71 (0.34–23.8) 5.17 (1.20–23.80) 4.16 (0.34–18.86) 0.004

LYM (×109/L) 1.13 (0.20–3.88) 1.03 (0.20–3.08) 1.25 (0.20–3.88) 0

MONO (×109/L) 0.39 (0.02–1.67) 0.38 (0.04–1.67) 0.49 (0.02–1.47) 0.545

EOS (×109/L) 0.04 (0–0.4) 0.04 (0–0.40) 0.04 (0–0.36) 0.914

RBC (×1012/L) 4.20 (2.24–5.75) 4.20 (2.66–5.59) 4.29 (2.24–5.75) 0.127

HGB (g/L) 129.8 (62–171) 128.6 (85–170) 131.2 (62–171) 0.122

PCV (%) 38.9 (20.5–52.0) 38.6 (22.8–51.7) 39.3 (20.5–52.0) 0.114
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illness.25 The reason may be related to the type of cancer, the

stage of the cancer, and the treatment of the cancer. In addition, a

study developed a prognostic model to predict the severity of

COVID‐19 based on comorbidities. This is consistent with our

results. The greater the number of comorbidities, the greater the

risk of developing severe illness.26

Inflammation can stimulate the production of neutrophils and

accelerate the apoptosis of lymphocytes. Immunity cell responses

and the resulting immunological abnormalities are generally

considered to play an important role in the severity of virus‐

induced diseases.27 A combined study explored blood, biochem-

ical, and immune biomarkers related to the severe disease and

mortality of COVID‐19, and found that WBC count, lymphocyte

count, platelet count, IL‐6, and serum ferritin can be used as

potential Signs of progression to severe disease.28 Our research

only takes lymphocyte count as our important factor, and also

includes biochemical indicators such as ALB and AST.

CT indicators show advantages in assessing the severity of

COVID‐19 pneumonia. For example, a cohort study determined

the CT characteristics of critically ill patients with COVID‐19

pneumonia, and the results showed that chest CT can quickly and

accurately assess the severity of COVID‐19 pneumonia, espe-

cially for critical cases.29 A large amount of evidence shows that

CT imaging provides an important reference for the early diag-

nosis and treatment of patients with COVID‐19 pneumonia.30

With reference to the previous experience of MERS and SARS,

the imaging results will help us better judge the disease pro-

gression of patients with COVID‐19 pneumonia.31 It is worth

noting that a study reported that the total severity score of CT

has high diagnostic performance in evaluating severe and general

patients, but it is not suitable as an independent diagnostic factor,

which is different from clinical patients. The distribution ratio of

TABLE 1 (Continued)

Characteristics Total (n = 390) Sever (n = 212) Nonsever (n = 178) p value

PLT (×109/L) 213.1 (10.8–478) 217.1 (27.0–462) 208.3 (10.8–478) 0.277

ALT(U/L) 31.3 (5.0–144.0) 34.2 (8.0–144.0) 27.8 (5.0–125.0) 0.011

AST (U/L) 30.1 (8–80) 32.8 (13.0–80.0) 26.8 (8.0–78.0） 0

ALB (g/L) 39.0 (18.5–53.0) 37.7 (18.5–52.2) 40.5 (29.7–53.0) 0

CR (μmoI/L) 70.7 (33.0–164.0) 71.4 (33.0–164.0) 69.8 (35.0–147.0) 0.478

K+ (mEq/L) 4.0 (2.7–7.4) 4.0 (2.8–7.4) 4.0 (2.7–5.8) 0.541

Na+ (mEq/L) 141.2 (129.0–154.2) 141.5 (129.0–154.2) 140.7 (131.6–153.5) 0.047

CRP (mg/L) 32.3 (0.1–221) 38.8 (0.3–221.0) 24.61 (0.1–180.28) 0

PaO2 (kPa) 98.59 (2.5–276) 97.2 (34.0–276.0) 100.2 (2.5–247.0) 0.015

PaCO2 (kPa) 39.2 (20.8–234.9) 39.2 (20.8–234.9) 39.3 (23.7–72.3) 0.001

pH 7.42 (7.11–7.64) 7.43 (7.12–7.64) 7.41 (7.11–7.59) 0.001

ESR (mm/h) 40.2 (2.0–128.9) 44.1 (2.0–128.9) 35.5 (2.0–119.2) 0.001

FIB (mg/dl) 4.30 (0.70–8.82) 4.48 (0.70–8.82) 4.09 (1.34–8.62) 0.004

PCT (ng/ml) 0.06 (0–1.21) 0.09 (0–1.21) 0.04 (0–1.19) 0.001

Days in hospital 18.1 (1.0–58.0) 18.5 (2.0–50.0) 17.6 (1.0–58.0) 0.519

F IGURE 1 Flow chart of study participants in train and validation
groups
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the classification is related.32 In this study, we combined CT

scores and clinical indicators to judge, which helps us to enhance

the accuracy of the model. A recent meta‐analysis integrated the

current diagnosis and prognosis prediction models of COVID‐19

infection. However, many models lack further verification, which

is difficult to apply in clinical practice.33 Our predictive model not

only verifies its diagnostic efficacy but also further confirms its

clinical benefit.

Inevitably, this study has some limitations. First of all, this

study is a retrospective study. The distribution of patients is

uneven. In the cohort of our study, the number of critically ill

patients is similar to that of noncritically ill patients, which may

be related to the type of patients admitted to the hospital.

Second, we have not analyzed the treatment methods of the

patients, and whether the patient's previous treatment has an im-

pact on the progression of the disease is unknown. Third, this study

uses CT as a risk predictor of disease progression, but this method

is not widely used abroad. Fourth, the training and verification of

the model are limited to a small number of domestic populations,

and further verification using foreign populations will improve the

generality of the model. Finally, we only use existing indicators for

analysis to build a model, and the results may be biased.

F IGURE 2 Variables selection: LASSO multiple logistic regression model; coefficient distribution map construction: the log (λ) sequence.
(A) By deriving the best λ, six variables with nonzero coefficients were selected. (B) After verifying the best parameter (λ) in the LASSO model,
we draw a partial likelihood deviation (binomial deviation) curve and pair number (λ), and draw a vertical dashed line based on 1 SE

TABLE 2 Logistic regression of risk factors for COVID‐19
progression

Variable β Z p
Odds
ratio 95% CI

Intercept −1.178 −1.050 0.292

Age 0.028 3.260 0.001 1.860 1.281–2.700

Num of
comorbidity

0.468 4.750 <0.001 2.549 1.733–3.749

CT score 0.196 5.580 <0.001 3.240 2.144–4.896

Lym −0.680 −2.860 0.004 0.639 0.471–0.869

ALT 0.017 2.080 0.037 1.340 1.017–1.766

ALB −0.074 −3.450 <0.001 0.535 0.374–0.763

F IGURE 3 Nomogram for COVID‐19 progression risk prediction
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5 | CONCLUSIONS

In summary, our results show that age, number of comorbidities,

CT severity score, lymphocyte count, aspartate aminotransferase,

and albumin are risk factors for the clinical progress of

COVID‐19 patients. In the training set and validation set,

based on this the nomogram of the six risk factors showed

good prediction accuracy. In the future, more data sets

will be needed to validate our model so that it can be applied

clinically.

TABLE 3 Basic characteristics of severe and nonsevere patients in the training and validation set

Characteristics

Training Validation
Total (n = 195) Severe (n = 98) Nonsevere (n = 97) Total (n = 195) Severe (n = 114) Nonsevere (n = 81)

Age 57.77 (24–89) 63.97 (24–89) 51.52 (31–87) 56.50 (18–88) 59.16 (18–88) 52.75 (30–88)

Num of comorbidity

0 87 (44.6%) 16 (16.3%) 71 (73.2%) 64 (32.8%) 10 (8.8%) 54 (66.7%)

1 53 (27.2%) 44 (44.9%) 9 (9.3%) 54 (27.7%) 47 (41.2%) 7 (8.6%)

2 25 (12.8%) 22 (22.4%) 3 (3.1%) 38 (19.5%) 34 (29.8%) 4 (4.9%)

3 13 (6.7%) 8 (8.2%) 5 (5.2%) 21 (10.8%) 10 (8.8%) 11 (13.6%)

4 11 (5.6%) 5 (5.1%) 6 (6.2%) 9 (4.6%) 5 (4.4%) 4 (4.9%)

5 6 (3.1%) 3 (3.1%) 3 (3.1%) 9 (4.6%) 8 (7.0%) 1 (1.2%)

CT score

0–7 38 (19.5%) 1 (1.0%) 37 (38.1%) 23 (11.8%) 4 (3.5%) 19 (23.5%)

8–14 68 (34.9%) 25 (25.5%) 43 (44.3%) 147 (75.4%) 85 (74.6%) 62 (76.5%)

15–21 75 (38.5%) 60 (61.2%) 15 (15.5%) 22 (11.3%) 21 (18.4%) 1 (1.2%)

22–28 14 (7.2%) 13 (13.3%) 1 (1.0%) 3 (1.5%) 3 (2.6%) 0 (0)

Lym (×109/L) 1.18 (0.20–3.88) 1.12 (0.20–2.34) 1.24 (0.50–3.88) 1.08 (0.20–3.08) 0.96 (0.20–3.08) 1.25 (0.20–2.59)

ALT (U/L) 28.63 (8–79) 31.68 (13–79) 25.55 (8–78) 31.52 (9–80) 33.75 (13–80) 28.38 (9–78)

ALB (g/L) 39.3 (29.4–52.2) 38.2 (29.4–52.2) 40.4 (29.7–46.3) 38.7 (18.5–53.0) 37.4 (18.5–50.1) 40.6 (29.7–53.0)

F IGURE 4 ROC of the nomogram for COVID‐19 progression risk prediction. The thick black line represents the performance of the
nomogram in the training set (A) and validation set (B)
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F IGURE 5 Calibration curve of the nomogram for COVID‐19 progression risk prediction. The dotted line on the diagonal represents the
perfect prediction of the ideal model, and the solid line represents the performance of the training set (A) and the validation set (B). The
closer to the diagonal dashed line, the better the prediction effect. The y axis represents the actual diagnosed cases of COVID‐19
disease progression, and the x axis represents the predicted risk of COVID‐19 disease progression

F IGURE 6 DCA and CICA. A, B: training set; C, D: validation set. The decision curve (left) compares the net clinical benefits of predicting the
probability of severe COVID‐19 under three scenarios: perfect prediction model (grey line), no screening (horizontal black solid line), and
screening based on a nomogram (Thick blue solid line). The clinical impact curve (right) plots the number of high‐risk cases of COVID‐19 patients
and the number of high‐risk cases of severe COVID‐19 under each high‐risk threshold. CICA, clinical impact curve analysis; DCA, decision curve
analysis
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