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Background: Since the outbreak of coronavirus disease (COVID-19) in December 2019 in Wuhan, it has spread rapidly worldwide.
We aimed to establish and validate a nomogram that predicts the probability of coronavirus-associated acute respiratory distress
syndrome (CARDS).
Methods: In this single-centre, retrospective study, 261 patients with COVID-19 were recruited using positive reverse transcription–
polymerase chain reaction tests for severe acute respiratory syndrome coronavirus 2 in Tongji Hospital at Huazhong University of
Science and Technology (Wuhan, China). These patients were randomly distributed into the training cohort (75%) and the validation
cohort (25%). The factors included in the nomogram were determined using univariate and multivariate logistic regression analyses
based on the training cohort. The area under the receiver operating characteristic curve (AUC), consistency index (C-index),
calibration curve, and decision curve analysis (DCA) were used to evaluate the efficiency of the nomogram in the training and
validation cohorts.
Results: Independent predictive factors, including fasting plasma glucose, platelet, D-dimer, and cTnI, were determined using the
nomogram. In the training cohort, the AUC and concordance index were 0.93. Similarly, in the validation cohort, the nomogram still
showed great distinction (AUC: 0.92) and better calibration. The calibration plot also showed a high degree of agreement between the
predicted and actual probabilities of CARDS. In addition, the DCA proved that the nomogram was clinically beneficial.
Conclusion: Based on the results of laboratory tests, we established a predictive model for acute respiratory distress syndrome in
patients with COVID-19. This model shows good performance and can be used clinically to identify CARDS early.
Trial Registration: Ethics committee of Ruijin Hospital, Shanghai Jiao Tong University School of Medicine (No.:(2020) Linlun-34th).
Keywords: COVID-19, CARDS, nomogram, risk factor, prediction

Introduction
Since December 2019, there has been an outbreak of pneumonia caused by a new type of coronavirus in Wuhan, China,
and named coronavirus disease (COVID-19) by the World Health Organization.1–5 Since 1 January 2020, more than
90 million confirmed cases and more than 2 million deaths have been reported worldwide. With regard to ICU admission
in COVID-19, ARDS, respiratory failure, Sepsis, heart failure, and septic shock, multi-organ failure were the frequently
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observed complications. However, the reported incidence of ARDS is approximately 15%–30%, higher than that of other
organ injuries, such as acute myocardial injury and acute renal injury.6,7 Acute respiratory distress syndrome (ARDS) is
a clinical and pathophysiological syndrome caused by various intrapulmonary and extrapulmonary factors, and its most
important feature is refractory hypoxaemia.8 To date, the mortality rate of ARDS in hospitalized patients remains as high
as 50%.9,10 For some unknown reasons, some patients with mild COVID-19 will rapidly progress to ARDS within
a week. Although they can be admitted to the intensive care unit (ICU) for treatment, the mortality rate remains high.11

ARDS caused by COVID-19 seems to have a worse prognosis than ARDS caused by other causes. The mortality rates in
the ICU and hospital for typical ARDS were 35.3% and 40.0%, respectively.10 For coronavirus-associated acute
respiratory distress syndrome (CARDS), the mortality rate was between 26% and 61.5%.

The early detection of the likelihood of CARDS will help to appropriately identify and classify those who need to
accept ICU treatment earlier. However, there are few studies on prediction models for the occurrence of CARDS.
Therefore, a predictive model is needed to evaluate the probability of CARDS according to the easily obtainable and
quantifiable clinical indicators of the patient. Therefore, we developed a nomogram for predicting the risk of CARDS that
can help screen patients who are likely to develop severe respiratory distress in clinical settings.

Materials and Methods
Subjects
We selected patients with COVID-19 admitted to Tongji Hospital at Huazhong University of Science and Technology (Wuhan,
China) between 11 February and 31March 2020. The inclusion criteriawere as follows: (1) confirmed diagnosis of COVID-19 by
detection of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) via reverse transcription–polymerase chain reaction
and (2) age >18 years. All eligible patients were randomly assigned to one of two groups in a 3:1 ratio (training cohort and
validation cohort, respectively). The study complied with the edicts of the 1975 Declaration of Helsinki and was approved by the
principal investigator center, Institutional Review Board of Ruijin Hospital, Shanghai Jiao Tong University School of Medicine
(No.:(2020) Linlun-34th). Written informed consent was obtained from patients or their immediate relatives.

Data Collection
We retrospectively reviewed the first-hand clinical database collected within 48 hours of hospitalization. Baseline
characteristics, routine laboratory tests and outcomes were recorded. Clinical laboratory tests included fasting plasma
glucose (FPG), C-reactive protein (CRP), white blood cell (WBC) count, absolute lymphocyte count, platelet (PLT)
count, alanine aminotransferase (ALT), aspartate aminotransferase (AST), albumin, serum creatinine (Scr), BUN,
D-dimer, cTnI, IL-6, LDH, and neutrophil-to-lymphocyte ratio (NLR). All laboratory assessments were conducted at
each visit in Tongji Hospital by the same trained technicians, strictly following the clinical guidelines.

Definitions
The endpoint event was whether patients with COVID-19 had progressed to ARDS. All patients with ARDS were
diagnosed according to the Berlin definition.12 The diagnosis of COVID-19 was based on the Guidelines for Diagnosis
and Treatment of Novel Coronavirus Pneumonia (7th version) released by the Health Commission of China. For the
diagnosis of severe COVID-19, at least one of the following criteria should have been met: (1) respiratory distress,
shortness of breath with respiratory rate ≥30 times/min; (2) arterial oxygen saturation (resting status) ≤93%; (3) partial
pressure of oxygen/fraction of inspiration O2 (PaO2/FiO2) ≤300 mm Hg; and 4) have respiratory failure and need for
mechanical assistance; shock; “extra pulmonary” organ failure, intensive care unit is needed. Otherwise, the patients were
defined to have non-severe COVID-19.

Development and Validation of the Nomogram
According to the results of univariate and multivariate logistic regression analysis, the risk factors of CARDS have been
found. Then, the nomogram was developed using the “rms” and “foreign” R packages. The “rms” R package, including
nomogram function, was used to calculate equation and draw nomogram. The “foreign” R package was used to read and
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write data. Firstly, the regression equation was derived from the multivariate logistic regression. Nomogram function
transformed the coefficients of logistic regression results in the multivariate logistic regression analysis, and eventually
transformed it to nomogram formula. Secondly, in this study, as the most significant risk factor of CARDS, cTnI would
be given to the maximum score of 100 points. Based on the cTnI, other risk factors were assigned corresponding score
according to the ratio in the nomogram formula. The data was then displayed in the form of nomogram. The
corresponding calibration plot, ROC analysis and decision curve analysis (DCA) were performed in the training and
validation cohorts to assess the discrimination, the degree of consistency, and the quality of clinical applicability of the
nomogram model. The calibration plots were drawn using the “rms” and “foreign” R packages. The “rms” R package,
including calibrate function, was used to calculate equation and draw calibration plots. The function of the “foreign”
R package was same as the aforementioned. The calibration evaluation of the predictive model was an important
indicator for evaluating a certain individual ending event probability. It reflected the degree of consistency of model
predicted probability and actual probability. The curve “Ideal” meant standard curve that represents the predicted
probability and the actual probability completely matched. And the curve “Logistic calibration” represented
a calibration curve of logistic regression predictive model. The consistency was judged by the degree of coincidence
of two curves. The DCA curves were drawn using the “rms”, “foreign”, and “nricens” R packages. Many functions were
included in the “rms” R package, participated in regression modeling, validation, and graphics. The function of the
“foreign” R package was same as the aforementioned. The function of the “nricens” R package was that calculating the
net reclassification improvement (NRI) for risk prediction models with binary data. A significant concept in DCA was
“probability threshold”, namely, a level of diagnostic certainty above which the patient would choose to be treated. The
net benefit was determined by calculating the difference between the expected benefit and the expected harm associated
with each proposed testing and treatment strategy. The curve “None” meant that all people are not treated, and the net
benefits are 0. The curve “All” was drawn as if all patients receive treatment irrespective of laboratory test results. For
any given probability threshold, the curve with the highest net benefit at that threshold was the best choice. Multiple
cross-validation results are shown in Table S3.

Statistical Analysis
Schematic figure of the data processing workflow is shown in Figure S1. Because missing values will lead to deviations
in the results to a certain extent, before data analysis, multiple imputations were performed on missing data to obtain
appropriate values. Discrete variables are reported as frequency and proportions, and continuous variables are reported as
the mean ± standard deviation or median with interquartile range as appropriate. Differences between the two groups
were tested using the independent-sample t-test, Mann–Whitney U-test, or chi-square test as appropriate, and all analyses
were considered significant at P values of <0.05 (two-tailed). Clinical data were processed using SPSS version 23 (IBM
Corp., Armonk, NY, USA) and R version 3.4.4.

Results
Baseline Characteristics
Between 11 February and 31 March 2020, 261 patients were hospitalized for COVID-19 diagnosis. Demographic and
clinical characteristics of the patients are described in Table 1. A total of 261 patients were randomly divided into the
training and validation cohorts in a 3:1 ratio (197 from the training cohort and 64 from the validation cohort). In the
training cohort, the most common clinical symptoms of patients with COVID-19 at the time of onset were sore throat
(84.26%), expectoration (48.22%), cough (19.8%) and fever (20.81%). Among the patients in the validation cohort, the
proportions of the aforementioned symptoms were similar to those in the training cohort. In the training and validation
cohorts, the proportion of patients with severe COVID-19 was similar to that of patients with non-severe COVID-19. The
same was true for patients with and without ARDS. Within 48h of admission, the median levels of FPG, ALT, AST, Scr,
BUN, IL-6, and LDH and WBC, absolute lymphocyte, and PLT counts were within the normal range. However, the
median levels of CRP, D-dimer, and cTnI and NLR were elevated.
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Table 1 Baseline Characteristics of Patients in Training Cohort and Validation Cohort

Variables Training Cohort (N = 197) Validation Cohort (N = 64) P value

Age 63 (54, 71) 63 (53.25, 70) 0.883

Gender

Women 99 (50.25%) 40 (63.49%) 0.088

Men 98 (49.75%) 24 (36.51%)

Basic disease

Cardiopathy disease 173 (87.82%) 55 (85.94%) 0.916

Diabetes 159 (80.71%) 51 (79.69%) 0.757

Hypertension 126 (63.96%) 39 (60.94%) 0.66

Cerebrovascular disease 5 (2.54%) 3 (4.69%) 0.359

COPD 7 (3.55%) 5 (7.81%) 0.168

Symptoms

Sore throat 166 (84.26%) 56 (87.5%) 0.949

Expectoration 95 (48.22%) 27 (42.19%) 0.432

Cough 39 (19.8%) 10 (15.63%) 0.448

Fever 41 (20.81%) 13 (20.31%) 0.903

Disease type

Non-severe 93 (47.21%) 28 (43.75%) 0.32

Severe 104 (52.79%) 36 (56.25%)

Laboratory results

FPG, mmol/L 5.87 (5.09, 7.37) 5.75 (5.06, 6.86) 0.452

CRP, mg/L 10 (2.3, 40.55) 11.75 (1.7, 32.95) 0.779

White blood cell count, ×109 /L 5.44 (4.6, 7.02) 6.61 (4.71, 8.14) 0.021

Lymphocyte count, ×109 /L 1.23 (0.9, 1.65) 1.42 (0.89, 1.86) 0.297

Platelet count, ×109/L 232 (176.5, 318) 256.5 (193.5, 310.75) 0.305

ALT, U/L 27 (17, 52) 32 (18, 75) 0.269

AST, U/L 25 (19, 38) 28 (20.25, 54.75) 0.115

Albumin, g/L 36.45±5.02 36.7±4.53 0.722

Scr, μmol/L 68 (56, 82.5) 66.5 (59, 79) 0.846

BUN, mmol/L 4.4 (3.65, 5.3) 4.35 (3.23, 5.65) 0.563

D-dimer, μg/mL 0.82 (0.43, 2.22) 1.32 (0.35, 3.53) 0.443

cTnI, pg/mL 4 (1.9, 11.4) 5.05 (2.23, 14.53) 0.101

IL-6, pg/mL 6.02 (2.41, 40.69) 11.15 (3.48, 47.09) 0.158

LDH, U/L 265 (198.5, 304) 273 (182, 275.3) 0.391

(Continued)
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Factors Associated with ARDS
Based on the basic clinical information of the patients, we explored which factors are risk factors that cause the patient to
develop ARDS. Therefore, univariate and multivariate logistic regression analyses of the aforementioned clinical
indicators were tested in all 261 patients to identify the risk factors for ARDS. Before the regression analysis, to
simplify the scoring system, we converted continuous variables into classified variables. Variable conversion was
calculated from the cut-off value of the ROC curve of the variable. The continuous variable is converted into
a classified variable with a cut-off value of zero, as shown in Table S1. In univariate regression analysis, factors such
as age, FPG, CRP, WBC count, PLT count, D-dimer, and cTnI were closely related to the occurrence of ARDS (Table 2).
However, in multivariate logistic regression analysis, only FPG, PLT count, D-dimer, and cTnI were directly and
independently linked to the occurrence of ARDS. The regression equation established by multivariate logistic regression
analysis is 2.54*FPG-1.13*Platelet+1.63*D-dimer+3.76*cTnI-12.47.

Construction of the Prediction Model
In the aforementioned results, the risk factors for ARDS were identified. To formulate an optimal nomogram model, the
individual performance of these factors was comprehensively evaluated using ROC analysis. As shown in Figure 1, the AUCs
of FPG, PLT, D-dimer, and cTnI were 0.63, 0.72, 0.77, and 0.86 in the training cohort, respectively. In the validation cohort,
the AUCs of FPG, PLT, D-dimer, and cTnI were 0.62, 0.54, 0.75, and 0.92, respectively. Therefore, a nomogram for predicting
the probability of CARDS was preliminarily constructed using four factors: FPG, PLT, D-dimer, and cTnI (Figure 2). The
associated concordance index was 0.93 (95%CI, 0.86–0.99), which indicated that approximately 93% of the probability of the
diagnosis of CARDS would be correctly predicted by the nomogram model. These risk factors corresponded to the different
scores of the nomogram in accordance with different weights in the aforementioned equation. After calculating the total score,
we used it to draw a vertical line to obtain the probability of CARDS. The associated scores for the independent risk factors
calculated by the nomogram in the corresponding situation are presented in Table S2.

Performance of Training Cohort and Validation Cohort Model
To evaluate the diagnostic performance of the model, we drew the ROC curve, calibration plot, and DCA curve of the
training cohort. The ROC curve was mainly used to assess the discrimination of the model; that is, a larger AUC value
represented a better diagnostic ability. We determined the AUC of the nomogram of the training cohort to be 0.93 (95%
CI, 0.86–0.99) (Figure 1A). The calibration evaluation of the predictive model is an important indicator for evaluating
a certain individual ending event probability. It reflects the degree of consistency of model predicted probability and
actual probability, so it is generally called consistency. With poor calibration, the model is likely to be overestimated or
underestimate the risk of disease. When the curve “Logistic calibration” is above the curve “Ideal”, the risk of the
predictive model underestimated the risk of disease; when the curve “Logistic calibration” is below the curve “Ideal”, the
risk of the predictive model overestimated the risk of disease. The calibration plot demonstrated an almost perfect
agreement between the predicted probability and the observed outcome fitted to the ideal line (Brier score 0.058)

Table 1 (Continued).

Variables Training Cohort (N = 197) Validation Cohort (N = 64) P value

NLR, % 1.87 (2.92, 4.51) 1.69 (2.05, 3.97) 0.383

ARDS

ARDS 32 (16.24%) 10 (15.63%) 0.907

Non-ARDS 165 (83.76%) 54 (85.38%)

Abbreviations: COPD, chronic obstructive pulmonary disease; FPG, fasting plasma glucose; CRP, C-reactive protein; ALT, Alanine aminotransferase; AST, Aspartate
aminotransferase; Scr, Serum creatinine; BUN, urea nitrogen; cTnI, cardiac troponin I; LDH, lactate dehydrogenase; NLR, neutrophil-to-lymphocyte ratio; ARDS, acute
respiratory distress syndrome.
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(Figure 3A). Figure 4A illustrates the decision curves analysis for FPG, PLT, D-dimer, cTnI, and the nomogram model to
predict the correct diagnosis of CARDS. The net benefit of the nomogram was better than any other factor between
threshold probabilities of 5–90%, which ensured maximum clinical benefit. In addition, we evaluated the prediction

Table 2 Univariate and Multivariable Logistic Regression Analysis of the Training Cohort

Variables Univariate Multivariate

OR (95% CI) P value OR (95% CI) P value

Age 5.35 (2.5, 11.44) <0.001

Gender 0.851 (0.399, 1.816) 0.676

Basic disease

Cardiopathy disease 0.685 (0.234, 2.001) 0.489

Diabetes 0.818 (0.324, 2.067) 0.671

Hypertension 0.514 (0.239, 1.105) 0.088

Cerebrovascular disease 0.276 (0.044, 1.729) 0.169

COPD 0.489 (0.09, 2.653) 0.407

Symptoms

Sore throat 1.992 (0.566, 7.015) 0.283

Expectoration 0.844 (0.381, 1.869) 0.675

Cough 0.916 (0.349, 2.408) 0.859

Fever 1.062 (0.424, 2.664) 0.897

Laboratory results

FPG, mmol/L 6.11 (1.83, 20.44) 0.003 12.67 (2.66, 60.26) 0.001

CRP, mg/L 7.64 (3.47, 16.83) <0.001

White blood cell count, ×109 /L 2.38 (1.18, 4.81) 0.016

Lymphocyte count, ×109 /L 0.13 (0.06, 0.26) <0.001

Platelet count, ×109/L 0.21 (0.1, 0.41) <0.001 0.32 (0.11, 0.94) 0.038

ALT, U/L 2.66 (1.35, 5.22) 0.005

AST, U/L 6.15 (3.05, 12.42) <0.001

Albumin, g/L 0.29 (0.15, 0.57) <0.001

Scr, μmol/L 2.9 (1.45, 5.8) 0.003

BUN, mmol/L 5.24 (2.62, 10.49) <0.001

D-dimer, μg/mL 11.26 (4.93, 25.71) <0.001 5.1 (1.69, 15.39) 0.004

cTnI, pg/mL 59.7 (22.43, 158.9) <0.001 42.93 (14.23, 129.54) <0.001

IL-6, pg/mL 10.21 (4.32, 24.1) <0.001

LDH, U/L 4.2 (2, 8.78) <0.001

NLR, % 6.2 (3.05, 12.61) <0.001

Note: P value in bold means one less than 0.05.
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A B

Figure 3 Calibration plots for predicting the rate of ARDS in the training and validation cohort. (A) Calibration plot in training cohort. (B) Calibration plot in validation
cohort.

A B

Figure 1 ROC curves of the nomogram, FPG, PLT, D-dimer, and cTnI in the training and validation cohorts. (A) ROC curve in training cohort. (B) ROC curve in validation
cohort.

Figure 2 The nomogram predicts the probability of hospitalized COVID-19 patients progressing to ARDS. The score for each value is assigned by drawing a line upward to
the points line, and the sum of the four scores is plotted on the Total points line.
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model by further observing the statistical results of the validation cohort. The AUC of the nomogram was 0.92 (95% CI,
0.85–0.98) in the validation cohort. The calibration plot also displayed high consistency in the prediction of CARDS
(Brier score 0.087) (Figure 3B). Due to the limitations of the number of people in the validation cohort, the nomogram in
this group was worse than the training cohort in the DCA curve; however, the nomogram did not perform worse in any
other single factor (Figure 4B).

Discussion
In this study, we developed and validated a nomogram for the early prediction of CARDS in patients with COVID-19.
The nomogram based on FPG, PLT count, D-dimer, and cTnI had a discriminatory ability (C-index) of 0.93 (95% CI,
0.86–0.99) in predicting CARDS. CARDS itself has the characteristics of high mortality and difficult detection early.13–15

Therefore, the early detection of CARDS and early intervention are particularly important in clinical practice.
Several studies have developed models that predict the diagnosis and prognosis of COVID-19.16–19 It was reported

that a serum fibrinogen level of 617 mg/dL in patients with COVID-19 may help to identify early those with ARDS.20

Zhang et al reported that older age was associated with poor condition and outcome in patients with COVID-19.17

However, there are few studies on prediction models for the occurrence of ARDS. Moreover, the existing research has
not established a comprehensive predictive model. It has been reported that older age, initial pulmonary infiltration on
a chest radiograph, and CRP are independent predictors of ARDS occurrence in patients with COVID-19 pneumonia.21

However, the previous study did not perform a comprehensive assessment of the scoring system of its predictive model;
therefore, it is difficult to determine the clinical benefit of the model. Another study only clarified the risk factor analysis
of patients with COVID-19 with ARDS.22 Our study analysed the risk factors for ARDS and established a prediction
model. More importantly, we conducted a series of assessments for the discrimination, calibration, and clinical benefits of
the model to determine its stability and clinical utility.

According to the aforementioned findings, there are four independent risk factors for CARDS, including FPG, PLT,
D-dimer, and cTnI. In this study, higher FPG levels were associated with a greater probability of developing ARDS.
Previous studies have shown that the FPG level in the death group was significantly higher than the survival group
among patients with COVID-19; that is, an increase in plasma glucose level indicated a worse prognosis for patients.23

Even in patients without diabetes, the FPG level in the death group was significantly higher than the survival group. This
shows that FPG is an independent risk factor for COVID-19 and has limited association with the patient’s diabetes
history.23,24 Infection may trigger an inflammatory storm, which leads to insulin resistance and ultimately increases the
FPG levels. SARS-CoV-2 virus may also directly attack the pancreas and increase the FPG levels.25,26 In the analysis of
risk factors, the D-dimer levels were positively correlated with the occurrence of ARDS, while PLT levels were
negatively correlated with it. The results of this study are consistent with those of other studies in terms of the

A B

Figure 4 The decision curves analysis curves for nomogram in the training and validation cohort. (A) DCA curve in training cohort. (B) DCA curve in validation cohort.
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characteristics of patients with COVID-19.27,28 Coagulation dysfunction seems to be common in COVID-19 and can be
detected by increased D-dimer levels and decreased PLT levels.13,29 Our findings showed that the cTnI level was
positively correlated with the probability of CARDS. In previous studies on the basic clinical information of patients with
COVID-19, the cTnI level was reported to be significantly related to the severity of the disease; that is, high cTnI levels
are positively related to the occurrence of ARDS and poor prognosis in patients30,31 In clinical practice, cTnI is usually
used as a sign of heart damage. In patients with COVID-19 complicated by heart damage, the cTnI level was also
significantly increased, indicating that the role of cTnI in predicting heart damage is also applicable to patients with
COVID-19.31 The systemic inflammatory storm triggered by SARS-CoV-2 infection may be one of the causes of heart
damage.32,33 Our study has several strengths. Firstly, the ARDS predictive model established by analysing our existing
data has high sensitivity and clinical utility. Secondly, there are fewer evaluation results on the calibration and clinical
utility of the predictive model.21,22 In this study, the randomly assigned and independent validation cohort combined with
calibration plots and DCA curves can comprehensively and completely evaluate the accuracy, reliability, and clinical
utility of this model. Moreover, the clinical indicators involved in this study can be obtained within 24 hours after
admission and can be quickly scored and classified according to the patient’s laboratory results, which provides great
help for the early recognition of CARDS.

However, this was a single-centre, retrospective study with a small sample size, and our study also has some
limitations. Firstly, the individual characteristics of the studied patients affecting the results cannot be excluded.
Secondly, due to the limitations of the sample, the number of patients in the validation cohort was relatively small,
which makes the consistency poorer than the training cohort in the calibration plot. Thirdly, the range of threshold
probability that has a net benefit is too small in the validation cohort.

Conclusion
Our research results showed that the predictive model of CARDS constructed through several simple, quantitative, and
easily available laboratory indicators has good clinical significance. This may be helpful in promptly identifying
whether patients with COVID-19 can progress to ARDS and adopting precise prevention and targeted treatment
measures.
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