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Background: We aimed to develop integrative machine-learning models using quantitative computed 
tomography (CT) parameters in addition to initial clinical features to predict the respiratory outcomes of 
coronavirus disease 2019 (COVID-19).
Methods: This was a retrospective study involving 387 patients with COVID-19. Demographic, initial 
laboratory, and quantitative CT findings were used to develop predictive models of respiratory outcomes. 
High-attenuation area (HAA) (%) and consolidation (%) were defined as quantified percentages of the area 
with Hounsfield units between −600 and −250 and between −100 and 0, respectively. Respiratory outcomes 
were defined as the development of pneumonia, hypoxia, or respiratory failure. Multivariable logistic 
regression and random forest models were developed for each respiratory outcome. The performance of the 
logistic regression model was evaluated using the area under the receiver operating characteristic curve (AUC). 
The accuracy of the developed models was validated by 10-fold cross-validation.
Results: A total of 195 (50.4%), 85 (22.0%), and 19 (4.9%) patients developed pneumonia, hypoxia, and 
respiratory failure, respectively. The mean patient age was 57.8 years, and 194 (50.1%) were female. In the 
multivariable analysis, vaccination status and levels of lactate dehydrogenase, C-reactive protein (CRP), 
and fibrinogen were independent predictors of pneumonia. The presence of hypertension, levels of lactate 
dehydrogenase and CRP, HAA (%), and consolidation (%) were selected as independent variables to predict 
hypoxia. For respiratory failure, the presence of diabetes, levels of aspartate aminotransferase, and CRP, and 
HAA (%) were selected. The AUCs of the prediction models for pneumonia, hypoxia, and respiratory failure 
were 0.904, 0.890, and 0.969, respectively. Using the feature selection in the random forest model, HAA (%) 
was ranked as one of the top 10 features predicting pneumonia and hypoxia and was first place for respiratory 
failure. The accuracies of the cross-validation of the random forest models using the top 10 features for 
pneumonia, hypoxia, and respiratory failure were 0.872, 0.878, and 0.945, respectively.
Conclusions: Our prediction models that incorporated quantitative CT parameters into clinical and 
laboratory variables showed good performance with high accuracy.
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Introduction

Coronavirus disease 2019 (COVID-19), caused by severe 
acute respiratory syndrome coronavirus (SARS-CoV-2), 
has been the most important health concern worldwide 
over the past couple of years (1). Its impact is still ongoing, 
and a large amount of material and human resources have 
been devoted to the diagnosis and treatment of COVID-19, 
which has a wide clinical spectrum, ranging from mild to 
critical disease (2,3). Most confirmed cases are classified as 
mild, while some require hospitalization or even progress to 
respiratory failure and death (4). Timely detection of high-
risk patients is important for delivering proper management 
and follow-up assessments while optimizing the use of 
limited resources.

Previous studies have suggested a few models that can be 
used for the early identification of high-risk patients based 
on clinical characteristics and laboratory evaluations (5-7).  
Zhou et al. developed a multivariable prediction model based 
on demographic, comorbidity, and laboratory data using 
territory-wide electronic health records of 4,442 patients (5).  
Various clinical characteristics, including sex, age, presence 
of cardiovascular disease, and several initial laboratory 
findings, including neutrophil count, and urea, D-dimer, 
and lactate dehydrogenase (LDH) levels, were included in 
the model. Similarly, Hu et al. proposed a clinical model to 
predict mortality early; age, lymphocyte count, and levels 
of high-sensitivity C-reactive protein (CRP) and D-dimer 
were informative for patient outcomes (7). In addition, 
recent advances in machine learning have enabled the 
extraction of features from multiple clinical and laboratory 
variables and more accurate modelling (8-10). Although 
these studies showed good performance of their models, 
incorporating imaging biomarkers, such as quantitative 
chest computed tomography (CT) parameters, into other 
clinical features may further enhance accuracy.

Chest CT is an important imaging tool for diagnosing 
COVID-19. Previous studies have shown that the use of 
artificial intelligence (AI) in CT analysis may facilitate more 
effective diagnosis of COVID-19 (11-13). Öztürk et al.  
showed that rapid detection of COVID-19 was made with 

a machine learning method by analyzing chest X-ray and 
CT images (11). The extent of pneumonia can also be 
automatically quantified on chest CT images using AI, 
which is useful in predicting the progression to critical 
illness in patients with COVID-19 (14-16). Although 
previous studies have reported on the accuracy of machine-
learning models that were trained based on the pattern 
and texture of COVID-19 pneumonia from CT images, 
such models require a learning process. Instead, automated 
CT quantification parameters can be easily measured 
and obtained through software. We hypothesized that 
incorporating quantitative CT parameters, especially 
parameters that quantify the pneumonia extent, into other 
clinical variables would help build a prediction model with 
favorable performance. This integrative model may enable 
simple and fast identification of high-risk patients at an 
early stage of the disease. This study aimed to develop 
integrative machine-learning models using quantitative CT 
parameters in addition to initial clinical features to predict 
the respiratory outcomes of COVID-19. We present the 
following article in accordance with the STARD reporting 
checklist (available at https://jtd.amegroups.com/article/
view/10.21037/jtd-22-1076/rc).

Methods

Study patients and data collection

This was a retrospective cohort study. Patients hospitalized 
at Ilsan Paik Hospital for COVID-19 between September 
1 and December 31, 2021 were included. Although 
genotyping of SARS-CoV-2 was not performed in our 
study patients, the Delta variant may have been the 
predominant type among the study patients because the 
detection rate of the Delta variant was greater than 50% 
of the local cases in our country by the end of July 2021. 
The Omicron variant had not yet become the dominant 
variant until January 2022. All cases were confirmed by 
reverse transcriptase-polymerase chain reaction (RT-PCR). 
Patients admitted during the acute stage of disease were 
included. Baseline characteristics, including age, sex, height, 
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weight, vaccination history, comorbidities, and initial 
oxygen saturation were obtained from electronic medical 
records. The cycle threshold (Ct) values of the RdRp gene 
from RT-PCR were also recorded. All patients underwent 
radiological evaluation. Some patients underwent chest 
CT, and the need for chest CT was determined by each 
attending physician.

Definition of respiratory outcomes 

Prediction models were developed for the following 
respiratory outcomes: pneumonia, hypoxia, and respiratory 
failure. Pneumonia was defined as newly developed 
pulmonary infiltrates detected on chest radiography or chest 
CT. Hypoxia was defined as an oxygen saturation <94% on 
room air. Respiratory failure was defined as the requirement 
of oxygen supply via a high-flow nasal cannula, mechanical 
ventilation, and/or extracorporeal membrane oxygenation.

Laboratory test measurements

In all patients, routine blood tests were performed at 
admission, including complete blood cell count with 
differentials, liver function tests, and LDH, CRP, 
procalcitonin, fibrinogen, D-dimer, and ferritin levels. Tests 
for SARS-CoV-2 were performed using ExiPrep 48 Dx 
(Bioneer, Daejeon, Korea) for nucleic acid extraction and 
the STANDARD M nCoV Real-Time Detection Kit (SD 
Biosensor, Suwon, Korea) for RT-PCR targeting the RdRp 
gene of SARS-CoV-2. All procedures were performed in 
accordance with the manufacturer’s instructions.

Quantitative chest CT analyses

Chest CT images were obtained using standardized CT 
screening protocols at a tube voltage of 120 kVP and 
current of 50 mA, which were applied in the high-pitch 
spiral mode (Aquilion One, Toshiba). The acquired CT 
images were reconstructed using kernel conversion with 
1.0 mm slice thickness and analyzed using commercial 
software (Aview® system; Coreline Soft Inc., Seoul, 
Republic of Korea) which was based on deep learning 
artificial intelligence and customized for our CT protocol. 
Whole-lung images were extracted from the chest wall, 
mediastinum, and large airways, and attenuation coefficients 
of pixels were measured sequentially for indexes including 
the quantified percentage of low-attenuation area (LAA) 
less than −950 Hounsfield units (HU), high-attenuation 

area (HAA) between −600 and −250 HU, and consolidation 
between −100 and 0 HU using a multilayer convolutional 
neural network (17). At least one board-certified radiologist 
reviewed the CT images.

Ethical statement

This study was conducted in accordance with the Declaration 
of Helsinki (as revised in 2013). The study protocol was 
approved by the Institutional Review Board of Ilsan Paik 
Hospital (No. 2022-01-025). The need for informed 
consent was waived due to the retrospective nature of the 
study.

Statistical analysis

Patient characteristics are presented as means and standard 
deviations for continuous variables and as relative frequencies 
for categorical variables. Statistical analyses were performed 
using R software (version 3.6.0). Continuous variables 
were compared using a Student’s t-test or analysis of 
variance, and categorical variables were compared using 
a chi-squared test or Fisher’s exact test. For multivariable 
analysis of respiratory outcomes, logistic regression was 
performed using demographic variables, Ct values, blood 
biomarkers, and quantitative CT parameters. We filtered 
for multicollinearity of the variables to ensure that all 
variance inflation factors were <10. The best logistic 
regression model was selected using backward elimination. 
To assess the accuracy of each model, the area under the 
curve (AUC) of the receiver operating characteristic (ROC) 
curve was calculated using the ROCR package. To assess the 
predictive validity, 10-fold cross-validation was performed 
using the boot package. Machine learning was performed 
by random forest using the randomForest package, and the 
developed models were cross-validated with 10-fold cross-
validation for accuracy. 

Results

Patient clinical characteristics 

A total of 389 hospitalizations due to COVID-19 were 
identified during the study period. Two patients who were 
transferred from other hospitals for post-acute care were 
excluded, leaving 387 patients included in the current study. 
The clinical characteristics of patients are shown in Table 1. 
The mean patient age was 57.8 years, and 194 (50.1%) were 
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female. Of them, 204 (52.7%) were fully vaccinated. Among 
the study patients, 147 patients underwent chest CT 
whereas 240 patients did not at the time of diagnosis. The 
baseline characteristics between patients with and without 
chest CT scan are compared in Table S1.

At the initial presentation, 40 patients (10.3%) did not 
have any symptoms. In symptomatic patients, the median 
interval between symptom onset and hospital admission 
was four days. A total of 195 (50.4%) patients developed 
pneumonia, 85 (22.0%) developed hypoxia, and 19 (4.9%) 
progressed to respiratory failure during their clinical 
course. A Venn diagram of these outcomes is shown in 
Figure S1. The median time to respiratory failure from 
hospitalization was 2 days, and the median duration of 
oxygen supplementation was 4 days. 

Comparison of the baseline demographic, laboratory, 
and CT characteristics according to the occurrence of 
respiratory outcomes

Table 2 compares the baseline demographic, microbiological, 
laboratory, and quantitative CT features of patients 
according to the occurrence of each respiratory outcome: 
pneumonia, hypoxia, and respiratory failure. Patients with 
pneumonia accounted for a significantly higher proportion 
of unvaccinated patients than those without pneumonia 
(61.5% vs. 32.8%, P<0.001). They showed significantly 
higher levels of LDH, aspartate aminotransferase (AST), 
CRP, fibrinogen, ferritin, and neutrophil percentages, 
and significantly lower platelet counts and lymphocyte 
percentages than those without pneumonia. 

Patients who developed hypoxia were significantly older 
and less likely to be vaccinated than those who did not have 
hypoxia. In addition to the variables that were significantly 
higher in patients with pneumonia than in those without 
pneumonia, D-dimer levels and white blood cell counts 
were significantly higher in patients with hypoxia than in 
those without hypoxia.

Patients who progressed to respiratory failure were 
significantly older and more frequently had hypertension at 
baseline than those who did not develop respiratory failure. 
While the Ct values of the RdRp gene were lower in this 
group, they were not statistically different. A comparison of 
laboratory findings between patients with respiratory failure 
and those without showed a similar pattern to that between 
patients with and without hypoxia.

Table 1 Baseline demographic characteristics of the study patients 
and their clinical course

Variables Total (N=387)

Demographics

Age, years 57.8±18.2

Sex

Male 193 (49.9)

Female 194 (50.1)

Body mass index, kg/m2 25.4±4.4

Vaccination 204 (52.7)

Comorbidities

Hypertension 151 (39.0)

Diabetes 72 (18.6)

Cardiovascular disease 44 (11.4)

Cancer 27 (7.0)

Chronic lung disease 23 (5.9)

Chronic kidney disease 17 (4.4)

Cerebrovascular disease 17 (4.4)

Solid organ transplantation 5 (1.3)

Clinical course

Asymptomatic infection 40 (10.3)

Time to admission from symptom onset, 
days (n=347)

4.0 [2.0, 6.0]

Respiratory outcomes

Pneumonia 195 (50.4)

Hypoxia 85 (22.0)

Respiratory failure 19 (4.9)

Treatment

Regdanvimab 215 (55.6)

Corticosteroid 107 (27.6)

Remdesivir 22 (18.8)

Tocilizumab 9 (2.3)

Time to respiratory failure, days (n=19) 2.0 [1.0, 4.0]

Duration of supplemental oxygen, days 
(n=85)

4.0 [2.0, 5.0]

Duration of hospitalization, days 7.0 [5.0, 9.0]

Data are presented as numbers (%), mean ± standard deviation 
or medians [interquartile ranges].

https://cdn.amegroups.cn/static/public/JTD-22-1076-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JTD-22-1076-Supplementary.pdf
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Table 2 Comparison of the characteristics of study patients according to the occurrence of each respiratory outcome

Variables

Pneumonia Hypoxia Respiratory failure

Present,  
195 (50.4)

Absent,  
192 (49.6)

P
Present,  
85 (22.0)

Absent,  
302 (78.0)

P
Present, 19 

(4.9)
Absent, 368 

(95.1)
P

Demographics

Age, years 58.5±17.5 57.1±18.9 0.466 62.5±16.3 56.5±18.5 0.006 66.2±12.1 57.4±18.4 0.006

Female, sex 92 (47.4) 102 (53.1) 0.308 41 (48.8) 153 (50.7) 0.859 10 (52.6) 184 (50.1) >0.999

Body mass index 25.4±4.3 25.4±4.6 0.976 25.9±4.1 25.2±4.5 0.238 26.5±3.3 25.3±4.5 0.246

Vaccination 75 (38.5) 129 (67.2) <0.001 32 (37.6) 172 (57.0) 0.002 7 (36.8) 197 (53.5) 0.236

Initial SpO2 94.9±5.6 97.1±1.6 <0.001 92.5±7.7 97.0±1.5 <0.001 86.8±13.7 96.5±2.2 0.007

Hypertension 68 (34.9) 83 (43.2) 0.114 36 (42.4) 115 (38.1) 0.557 12 (63.2) 139 (37.8) 0.049

Diabetes 42 (21.5) 30 (15.6) 0.173 22 (25.9) 50 (16.6) 0.073 7 (36.8) 65 (17.7) 0.073

Cardiovascular 
disease

24 (12.3) 20 (10.4) 0.670 13 (15.3) 31 (10.3) 0.273 5 (26.3) 39 (10.6) 0.083

Chronic kidney 
disease

10 (5.1) 7 (3.6) 0.643 4 (4.7) 13 (4.3) >0.999 3 (15.8) 14 (3.8) 0.056

Cerebrovascular 
disease

8 (4.1) 9 (4.7) 0.974 2 (2.4) 15 (5.0) 0.460 1 (5.3) 16 (4.3) >0.999

RT-PCR Ct value

RdRp gene 18.9±5.8 19.0±5.8 0.915 19.1±5.4 19.0±5.9 0.860 16.7±4.1 19.1±5.9 0.081

Laboratory findings

LDH, U/L 311.1±125.1 219.6±70.1 <0.001 379.9±138.0 233.6±76.5 <0.001 483.1±169.5 254.6±95.1 <0.001

AST, U/L 37.7±25.5 29.1±16.5 <0.001 42.0±23.1 31.0±20.9 <0.001 59.9±34.3 32.1±20.3 0.003

ALT, U/L 33.6±28.7 30.1±28.7 0.226 36.1±27.4 30.7±29.0 0.123 46.6±34.6 31.1±28.2 0.026

CRP, mg/dL 5.3±6.4 1.1±1.4 <0.001 8.7±8.0 1.7±2.1 <0.001 14.2±11.5 2.6±3.7 <0.001

Fibrinogen, mg/dL 522.8±142.0 396.1±108.5 <0.001 572.3±156. 428.8±120.1 <0.001 618.4±140.9 451.4±136.7 <0.001

D-dimer, μg/dL 1.2±3.0 0.8±1.9 0.077 1.7±3.4 0.8±2.2 0.029 2.1±4.5 0.9±2.4 0.284

Ferritin, ng/mL 550.8±513.6 249.5±233.7 <0.001 678.5±511.3 335.5±374.7 <0.001 1018.3±661.0 369.6±391.3 0.013

WBC, /μL*1,000 5.9±2.9 5.4±4.6 0.22 6.9±3.4 5.2±3.9 <0.001 8.3±4.4 5.5±3.7 0.002

Platelet, /μL*1,000 201.2±87.7 220.6±65.7 0.014 197.0±83.5 214.8±76.2 0.063 190.8±69.6 211.9±78.5 0.253

Neutrophil (%) 67.1±13.8 58.7±11.9 <0.001 74.3±12.7 59.7±12.0 <0.001 82.6±8.9 61.9±13.0 <0.001

Lymphocyte (%) 23.5±11.9 29.0±10.7 <0.001 17.8±10.0 28.6±10.9 <0.001 12.0±6.5 27.0±11.3 <0.001

Image findings 103 (52.8) 43 (22.4) <0.001 55 (65.5) 91 (30.1) <0.001 14 (77.8) 132 (35.9) 0.001

LAA (%) 2.8±3.3 4.6±4.4 0.008 3.2±3.9 3.4±3.6 0.728 1.3±1.1 3.6±3.8 <0.001

HAA (%) 13.5±7.5 7.7±3.7 <0.001 16.5±7.9 8.9±4.7 <0.001 23.0±7.7 10.6±6.0 <0.001

Consolidation (%) 0.5±0.6 0.2±0.4 0.001 0.6±0.7 0.3±0.4 <0.001 0.8±1.1 0.3±0.5 0.100

Data are presented as numbers (%) or mean ± standard deviation. SpO2, oxygen saturation; RT-PCR, reverse transcriptase-polymerase 
chain reaction; Ct, cycle threshold; LDH, lactate dehydrogenase; AST, aspartate aminotransferase; ALT, alanine aminotransferase; CRP, 
C-reactive protein; WBC, white blood cell; LAA, low-attenuation area; HAA, high-attenuation area.
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HAA (%) was significantly higher in all patients with 
pneumonia, hypoxia, or respiratory failure than in those 
without. LAA (%) was significantly lower in patients with 
pneumonia or respiratory failure than in those without 
pneumonia. Consolidation (%) was significantly higher 
in patients with pneumonia and hypoxia. Density plots 
displaying the distributions of HAA (%) and LAA (%) in 
each outcome group are summarized in Figure 1. 

Logistic regression model for the prediction of respiratory 
outcomes

The results of the unadjusted logistic regression analysis of 
the respiratory outcomes are summarized in Table S2. Age 
was significantly associated with hypoxia and respiratory 
failure. Unvaccinated status was associated with pneumonia 
and hypoxia, but not with respiratory failure. Hypertension, 
diabetes, cardiovascular disease, and chronic kidney disease 
were significantly associated with respiratory failure. 
Neutrophil and lymphocyte percentages and levels of AST, 
CRP, HAA (%), and consolidation (%) were associated with 
all three respiratory outcomes. 

In the multivariable analysis, vaccination status and levels 
of LDH, CRP, and fibrinogen were selected as independent 

variables to predict pneumonia. To predict hypoxia, the 
presence of hypertension and levels of LDH, CRP, HAA 
(%), and consolidation (%) were chosen. For respiratory 
failure, the presence of diabetes and levels of AST, CRP, 
HAA (%), and consolidation extent were selected (Table 3). 
The corresponding ROC curves are shown in Figure 2. The 
AUC values of the ROC curve were 0.904 for pneumonia, 
0.890 for hypoxia, and 0.969 for respiratory failure. The 
predictive validities using the 10-fold cross-validation of the 
models for predicting pneumonia, hypoxia, and respiratory 
failure were 0.872, 0.878, and 0.945, respectively.

Random forest model for prediction of respiratory outcomes

Figure 3 shows the variable importance in the random 
forest prediction models for the feature selection of the 
occurrence of pneumonia, hypoxia, and respiratory failure; 
they are described in order of importance based on the 
mean decrease in the Gini index. The top 10 predictors for 
pneumonia were ferritin, CRP, fibrinogen, platelet count, 
neutrophil percentage, HAA (%), LDH, age, vaccination 
status, and white blood cell; predictors for hypoxia 
were LDH, CRP, neutrophil percentage, fibrinogen, 
procalcitonin, ferritin, HAA (%), LAA (%), lymphocyte 

Figure 1 Density plots of (A-D) HAA (%) and (E-H) LAA (%) according to the severity of COVID-19 pneumonia. HAA showed a 
tendency to increase in the order of pneumonia, hypoxia, and respiratory failure, whereas LAA did not show the same trend. HAA, high-
attenuation area; LAA, low-attenuation area; COVID-19, coronavirus disease 2019; resp, respiratory.
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percentage, and AST; and predictors for respiratory failure 
were HAA (%), CRP, LDH, AST, procalcitonin, Ct value 
of RdRp gene, ferritin, presence of chronic kidney disease, 
neutrophil percentage, and body mass index. A random 
forest model was developed for each respiratory outcome. 
The ROC curves are shown in Figure S2. The AUC 
values of the ROC curve were 0.828 for pneumonia, 0.797 
for hypoxia, and 0.922 for respiratory failure. To validate 
the outcome prediction, 10-fold cross-validation was 
performed. The accuracies of the random forest models for 
the cross-validation of pneumonia, hypoxia, and respiratory 
failure were 0.769, 0.835, and 0.934, respectively.

Discussion

In this study, we developed integrative prediction models for 
the respiratory outcomes of COVID-19 using quantitative 
CT parameters, demographics, and laboratory variables. 
The performance of the logistic regression model was 

satisfactory, especially in predicting respiratory failure (AUC 
of 0.969). Interestingly, HAA was one of the top features in 
the random forest models for predicting respiratory failure, 
supporting the role of quantitative CT in predicting the 
respiratory outcomes of patients with COVID-19. The 
performance of the random forest prediction model was 
also satisfactory for predicting respiratory failure (AUC 
of 0.916). Integrative machine-learning models may help 
provide an accurate prediction of respiratory outcomes in 
patients with COVID-19.

Chest CT is crucial for the diagnosis, evaluation of 
severity, and follow-up of COVID-19 (18,19). Previous 
studies have shown that both visual evaluation by radiologists 
and rapid automated assessment using AI software are 
useful for the evaluation of COVID-19 (16,20-23).  
Pang et al. used AI software to analyze the chest CT images 
of 140 patients with COVID-19 (16). They found that the 
percentage of pneumonia volume was positively correlated 
with inflammatory markers, such as neutrophil percentage, 
erythrocyte sedimentation rate, and LDH levels. Using 
a cut-off value of 22.6%, the percentage of pneumonia 
volume showed good performance (AUC of 0.868) for 
predicting critical illness with a sensitivity and specificity of 
81.3% and 80.6%, respectively. Li et al. also found that the 
proportion of lungs with pneumonia measured by a deep 
learning-based algorithm predicted COVID-19 patients 

Figure 2 Receiver operating characteristic curve of the logistic 
regression model for respiratory outcomes. The AUCs of the ROC 
curves for pneumonia, hypoxia, and respiratory failure were 0.904, 
0.890, and 0.969, respectively. AUC, area under the curve; resp, 
respiratory; ROC, receiver operating characteristic.

Table 3 Multivariable analysis for respiratory outcomes

Variables Odds ratio 95% CI

Pneumonia

Unvaccinated 3.85 2.27−6.67

LDH, U/L 1.01 1.00−1.01

CRP, mg/dL 1.41 1.17−1.70

Fibrinogen, mg/dL 1.01 1.00−1.01

Hypoxia

Hypertension 2.80 1.05−7.45

LDH, U/L 1.01 1.00−1.02

CRP, mg/dL 1.19 1.02−1.38

HAA. % 1.09 1.00−1.19

Consolidation, % 2.97 1.10−8.00

Respiratory failure

Diabetes 9.29 1.36−63.58

AST, U/L 1.05 1.02−1.09

CRP, mg/dL 1.15 1.04−1.28

HAA, % 1.24 1.10−1.39

The model was developed with demographic, microbiological, 
and laboratory features, in addition to quantitative CT 
parameters. CI, confidence interval; LDH, lactate dehydrogenase; 
CRP, C-reactive protein; HAA, high-attenuation area; AST, 
aspartate aminotransferase; CT, computed tomography.
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Figure 3 Variable importance based on random forest models of (A) pneumonia, (B) hypoxia, and (C) respiratory failure. Variables are 
shown in the order of importance based on the mean decrease of the Gini index. CRP, C-reactive protein; PLT, platelet; LDH, lactate 
dehydrogenase; HAA, high attenuation area; WBC, white blood cell; ALT, alanine aminotransferase; AST, aspartate aminotransferase; LAA, 
low attenuation area; BMI, body mass index; BUN, blood urea nitrogen; Hb, hemoglobin; CVD, cardiovascular disease; CKD, chronic 
kidney disease.
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who later developed severe disease (24). They suggested that 
a CT scan performed as early as five days after the initial 
onset of symptoms can be used to identify patients who may 
progress to severe disease. In our study, HAA, the quantified 
percentage of imaged lung volume with attenuation values 
between −600 and −250 HU, was consistently higher in 
patients with pneumonia, hypoxia, or respiratory failure 
than in those without, and it was a significant predictor of 
hypoxia and respiratory failure in the logistic regression 
models. Quantitative CT analysis using AI software has the 
advantage of being faster and less labor intensive than visual 
assessment, which could be particularly useful in situations 
such as the current COVID-19 pandemic.

Machine-learning-based models have been widely 

adopted to increase diagnostic accuracy and predictability 
in various medical research areas (25). Random forest was 
used to rank features to predict the respiratory outcomes of 
pneumonia, hypoxia, and respiratory failure in patients with 
COVID-19. Several laboratory variables, such as ferritin, 
CRP, and LDH, were found to predict respiratory outcomes 
from the models, which is in line with the results of previous 
studies (5,26-28). Notably, HAA was the most important 
predictor of respiratory failure. HAA reflects the areas of 
consolidation and ground-glass opacities, thus representing 
the extent of pneumonia. This finding supports the role of 
quantitative CT analysis in determining the prognosis of 
COVID-19 patients. Further studies to expand this work 
and external validation are required. 
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This study has some limitations that should be 
considered. First, due to the retrospective nature of the 
study, Chest CT was not regularly performed in all study 
patients. The reasons for performing chest CT included 
unclear diagnosis of pneumonia with chest radiographs 
alone, need for more precise evaluation of the extent 
of pneumonia, or suspicion of pulmonary embolism. In 
the rest of the patients, chest CT was not performed 
because pneumonia was evident with chest radiograph 
alone or patients’ unstable vital signs did not allow 
chest CT examinations. This heterogeneity may limit 
generalizability of the study results. Our approach with 
integrative prediction models should be tested in further 
studies. Second, a relatively small number of patients 
developed respiratory failure. In the Republic of Korea, all 
patients with COVID-19 are classified according to their 
initial severity to determine where they should be treated 
according to the Korea Disease Control and Prevention 
Agency guidelines. Our hospital is designated to treat 
patients with mild, moderate, or severe COVID-19. 
Patients with critical illnesses at the time of diagnosis 
were not admitted to our hospital. Therefore, the results 
of our study may be limited to predicting later respiratory 
outcomes in patients who initially present with mild, 
moderate, or severe disease. Third, we did not perform a 
visual assessment of chest CT images. Although HAA can 
be considered to represent the extent of pneumonia, it fails 
to distinguish other causes of increased density, such as 
atelectasis or post-inflammatory sequelae. Fourth, treatment 
for COVID-19 was not considered in the prediction model. 
Since the aim of this study was to develop prediction models 
with initial clinical, laboratory, and imaging features, 
treatment given during the hospital course was not taken 
into account in the models. So far, an effective cure for 
COVID-19 has not been established, but treatment with 
corticosteroids or remdesivir is considered helpful in select 
patients with COVID-19 (20,29). Therefore, how these 
therapies might alter the clinical course of patients remains 
unclear. Lastly, our models were not validated externally. 
Although we performed cross-validation, overestimation of 
the generalizability might have occurred. Further studies 
need to validate our models using new data from different 
settings.

Conclusions

In conclusion, we developed machine-learning-based 
prediction models for respiratory outcomes in patients with 

COVID-19, incorporating quantitative CT parameters 
into clinical and laboratory variables. The models exhibited 
good performance and accuracy. The early identification of 
at-risk patients using this strategy will help triage patients 
and deliver management plans more efficiently.
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Supplementary

Figure S1 Venn diagram of study participants.

Table S1 Comparison of baseline characteristics between patients with and without chest CT scans

Variables Total (N=387) CT (−) (N=240) CT (+) (N=147) P value

Demographics

Age 57.8±18.2 56.4±18.4 60.0±17.7 0.060

Sex 0.772

Male 193 (49.9) 117 (49.0%) 75 (51.0%)

Female 194 (50.1) 122 (51.0%) 72 (49.0%)

Body mass index, kg/m2 25.4±4.4 25.2±4.3 25.7±4.6 0.373

Ct value of RdRp gene 19.0±5.9 18.9±5.6 0.804

Asymptomatic infection, (%) 40 (10.3) 30 (12.5%) 10 (6.8%) 0.106

Comorbidities

Hypertension 151 (39.0) 92 (38.3%) 59 (40.1%) 0.806

Diabetes 72 (18.6) 40 (16.7%) 32 (21.8%) 0.264

Cardiovascular disease 44 (11.4) 25 (10.4%) 19 (12.9%) 0.556

Cancer 27 (7.0) 23 (9.6%) 4 (2.7%) 0.018

Chronic lung disease 23 (5.9) 13 (5.4%) 10 (6.8%) 0.735

Chronic kidney disease 17 (4.4) 10 (4.2%) 7 (4.8%) 0.983

Cerebrovascular disease 17 (4.4) 9 (3.8%) 8 (5.4%) 0.594

Solid organ transplantation 5 (1.3) 4 (1.7%) 1 (0.7%) 0.711

Data are presented as numbers (%) or means±standard deviations. CT, computed tomography; Ct, cycle threshold.
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Table S2 Univariable logistic regression for respiratory outcomes

Variables
Pneumonia Hypoxia Respiratory failure

OR 95% CI OR 95% CI OR 95% CI

Demographics

Age 1.004 0.993−1.015 1.020 1.005−1.034 1.001 1.000−1.002

Female sex 0.796 0.534−1.187 0.929 0.572−1.506 1.005 0.962−1.049

Body mass index 1.001 0.956−1.048 1.033 0.979−1.091 1.003 0.998−1.008

Vaccinated 0.305 0.201−0.463 0.456 0.278−0.748 0.969 0.928−1.012

Comorbidities

Hypertension 0.703 0.467−1.060 1.195 0.733−1.948 1.051 1.006−1.098

Diabetes 1.482 0.883−2.489 1.760 0.993−3.120 1.061 1.004−1.121

Hyperlipidemia 0.616 0.377−1.008 1.167 0.658−2.070 1.030 0.977−1.085

Cardiovascular disease 1.207 0.643−2.266 1.578 0.786−3.172 1.076 1.005−1.151

Chronic kidney disease 1.429 0.532−3.833 1.098 0.349−3.458 1.143 1.029−1.268

Laboratory findings

RdRp gene 0.998 0.964−1.033 1.003 0.963−1.047 0.997 0.993−1.000

WBC, /μL*1000 1.038 0.976−1.104 1.131 1.040−1.231 1.009 1.003−1.015

Neutrophil, % 1.053 1.035−1.071 1.117 1.087−1.149 1.005 1.004−1.007

Lymphocyte, % 0.958 0.940−0.976 0.889 0.860−0.918 0.995 0.993−0.997

Platelet, /μL*1000 0.997 0.994−0.999 0.997 0.994−1.000 1.000 1.000−1.000

LDH, U/L 1.012 1.009−1.016 1.014 1.010−1.017 1.001 1.001−1.001

AST, U/L 1.025 1.012−1.039 1.021 1.009−1.033 1.003 1.002−1.004

CRP, mg/dL 1.731 1.493−2.008 1.511 1.366−1.672 1.021 1.018−1.025

Ferritin, ng/mL 1,993 1.001−1.004 1.002 1.001−1.002 1.000 1.000−1.000

Fibrinogen, mg/dL 1.009 1.006−1.011 1.008 1.006−1.010 1.000 1.000−1.000

D−dimer, μg/dL 1.092 0.980−1.216 1.140 1.019−1.218 1.009 1.000−1.017

Image findings

HAA, % 1.206 1.098−1.325 1.212 1.128−1.301 1.022 1.016−1.028

LAA, % 0.893 0.814−0.979 0.962 0.874−1.058 0.988 0.975−1.000

Consolidation, % 2.340 1.070−5.130 3.480 1.740−6.937 2.830 1.205−6.667

OR, odds ratio; CI, confidence interval; WBC, white blood cell; LDH, lactate dehydrogenase; AST, aspartate aminotransferase; CRP, C−
reactive protein; HAA, high−attenuation area; LAA, low−attenuation area.
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Figure S2 Receiver operating characteristic curve of the random forest models for (A) pneumonia, (B) hypoxia, and (C) respiratory failure. 


