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Abstract
Purpose: Coronavirus disease 2019 (COVID-19) is a recently declared world-
wide pandemic. Triaging of patients into severe and non-severe could further
help in targeted management. “Potential severe patients” is a category of
patients who did not have severe symptoms at their initial diagnosis, but even-
tually progressed to be severe patients and are easily overlooked in the early
stage.This work aimed to develop and evaluate a CT-based radiomics signature
for the prediction of these potential severe COVID-19 patients.
Methods: One hundred fifty COVID-19 patients were enrolled and randomly
divided into cross-validation and independent test sets. First, their clinical
characteristics were screened using the univariate and multivariate logistic
regression step by step. Then, radiomics features were extracted from the
lesions on their chest CT images. Subsequently, the inter- and intra-class cor-
relation coefficients (ICC) analysis, minimum-redundancy maximum-relevance
(mRMR) selection, and the least absolute shrinkage and selection operator
(LASSO) algorithm were used step by step for feature selection and construc-
tion of a radiomics signature. Finally, the screened clinical risk factors and
constructed radiomics signature were combined for the combined model and
Radiomics+Clinics nomogram construction. The predictive performance of the
Radiomics and Combined models were evaluated and compared using receiver
operating characteristic curve (ROC) analysis, Hosmer–Lemeshow test and
Delong test.
Results: Clinical characteristics analysis resulted in the screening of five clinical
risk factors. The combination of ICC, mRMR, and LASSO methods resulted in
the selection of ten radiomics features, which made up of the radiomics signa-
ture. The differences in the radiomics signature between the potential severe
and non-severe groups in cross-validation set and test sets were both p <

0.001. All Radiomics and Combined models showed a very good predictive per-
formance with the accuracy and AUC of nearly or above 0.9. Additionally, we
found no significant difference in the predictive performance between these two
models.
Conclusions: A CT-based radiomics signature for the prediction of poten-
tial severe COVID-19 patients was constructed and evaluated. Constructed
Radiomics and Combined model showed good feasibility and accuracy. The
Radiomics+Clinical nomogram, acted as a useful tool, may assist clinicians
to better identify potential severe cases to target their management in the
COVID-19 pandemic prevention and control.

5886 © 2022 American Association of Physicists in Medicine. wileyonlinelibrary.com/journal/mp Med Phys. 2022;49:5886–5898.

mailto:xuhaibo1120@hotmail.com
https://wileyonlinelibrary.com/journal/mp


CT RADIOMICS PREDICT SEVERE COVID-19 5887

KEYWORDS
COVID-19, CT radiomics, potential severe patient, prediction

1 INTRODUCTION

Coronavirus disease 2019 (COVID-19)1 is currently a
global pandemic with the number of confirmed cases
crossing over 120 000 000.2 Based on the severity of the
clinical symptoms, COVID-19 patients can be divided
into severe and non-severe categories, and this triag-
ing could further help in the targeted management. The
main course of the management for non-severe patients
was isolation and general medication treatment,3 while
the severe patients were the key treatment objects due
to their high mortality rate and the lack of any spe-
cific treatments.4 Besides, there are some patients who
did not have severe symptoms at their initial diagno-
sis, but eventually progressed to be severe patients.5

These “potential severe patients” are easily overlooked
in the early stage of epidemic prevention and control,
and usually have a poor prognosis.Therefore, it is impor-
tant to predict the progress of the non-severe patients
and find an early evidence to identify the potential severe
patients.

The diagnostic criterion of COVID-19 mainly relies
on real-time reverse transcription polymerase chain
reaction (RT-PCR) test,6 while CT imaging is an effec-
tive auxiliary tool in COVID-19 pneumonia diagnosis.
In CT images, COVID-19 pneumonia is typically man-
ifested as ground-glass opacity (GGO), local patchy
shadows, and/or bilateral patchy shadows.7 Because
of its high sensitivity, CT imaging is being used to
screen COVID-19 cases, and significant differences
in CT imaging characteristics were found between
different patients.8 Recently, there are some stud-
ies on CT images for grading COVID-19 patients,
but they mainly study whether the patient is cur-
rently severe9,10 rather than whether it will progress
to be severe patient. Besides, their research ideas
mainly focused on qualitative descriptions such as
GGO.11 We posit that radiomics studies,12,13 contain-
ing high-throughput and high-dimensional features that
are obtained using quantitative analysis of image-
dependent greyscale, statistical and texture information,
can be used in the prediction of the COVID-19 disease
course.14,15

In this study, we first screened the clinical charac-
teristics of COVID-19 patients, and then analyzed CT
radiomics features through feature selection methods
to construct the radiomics signature. Finally, we built a
combined model by combining them together.The resul-
tant models could help us better identify potential severe
cases to target their management in the COVID-19
pandemic prevention and control.

2 MATERIALS AND METHODS

2.1 Patients

This study was a retrospective study, which was
approved by the Medical Ethics Committee of Zhong-
nan Hospital of Wuhan University (Approval number:
20200037). Informed consent was waived according
to the CIMOS guideline. Using the Picture Archiving
and Communications System (PACS), we searched
for patients admitted between 20 January 2020 to 30
November 2021 in Zhongnan hospital of Wuhan Uni-
versity. Patients selection was based on the following
criterion: (1) initial CT result was positive, which meant
there were visible lesions (ground glass shadow or
ground glass sign) in the images when they were admit-
ted; (2) initial RT-PCR result was positive, which meant
that the patient has confirmed COVID-19 infection when
they were admitted; (3) initial clinical phenotyping was
non-severe and hospitalized with complete clinical data.
This resulted in the selection of 150 patients. According
to whether the patients have severe symptoms during
their hospitalization, we obtained 74 potential severe
patients (labeled as 1) and 76 non-severe patients
(labeled as 0). The detailed screening and grouping
process of the patients in this study was shown in
Figure S1, while the individual characteristics of the
included patients is shown in Table 1.

2.2 Data flowchart

As seen in Figure 1, the data processing of this study
could be divided into two parts.The first (Figure 1a) is the
clinical characteristics screening, the second (Figure 1b)
is the image analysis and radiomics modeling. Clini-
cal characteristics analysis contained univariate logistic
regression and multivariate logistic regression step by
step, while image analysis contained image acquisition,
image segmentation, feature extraction, feature reduc-
tion, and radiomics signature construction step by step.
After the analysis of these two parts, the screened clin-
ical risk factors and constructed radiomics signature
were combined to construct the Combined model and
Radiomics+Clinical nomogram.

As shown in Figure 2, the dataset of this study was
first divided into a training set and an independent test
set using a stratified random sampling method at a
ratio of 8:2. The training set was used to build the
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F IGURE 1 Data flowchart of this study. (a) The clinical characteristics analysis process; (b) the image features analysis and modeling
process

F IGURE 2 Dataset division scheme in this study

model (including feature selection, Radiomics Model-
ing, and combined modeling), while the independent
test set is used to evaluate the constructed models.
All clinical feature screening, radiomics feature selec-
tion using minimum-redundancy maximum-relevance
(mRMR) method, and combined model construction
are directly conducted based on the complete train-
ing set (no hyperparameters need to be determined).
Only in the radiomics model construction using least
absolute shrinkage and selection operator (LASSO),
the training set was divided into ten folds, and ten-
fold cross-validation was performed to determine the

optimal hyperparameter of the LASSO model: the
penalty coefficient lambda. In this study, the constructed
models were evaluated in both the complete training set
and the independent test set.

2.3 Clinical characteristics analysis

As shown in Table 1 and Figure 1a, two types of clin-
ical characteristics were included in this study. One is
the demographical characteristics which contained the
age and gender, while the other is clinical records which
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TABLE 1 The clinical characteristics and imaging parameters of the patients included

Characteristics
All subjects
(n = 76)

severe
(n = 36)

Non-severe
(n = 40) p-Value

Demographics

Age (years) 53.91±18.17 65.19±16.06 43.75±13.42 <0.001*

Men 47 (61.84%) 28 (77.78%) 19 (47.50%) 0.007*

Women 29 (38.16%) 8 (22.22%) 21 (52.50%)

Chronic diseases

Hypertension 19 (25.00%) 18(50.00%) 1 (2.5%) <0.001*

Diabetes 5 (6.58%) 4(11.11%) 1 (2.5%) 0.294

CVD 8 (10.53%) 5(22.22%) 3 (0.00%) 0.251

COPD 4(5.26%) 4(11.11%) 0 (0.00%) 0.099

Malignancy 3 (3.95%) 3(8.33%) 0 (0.00%) 0.203

Main symptoms

Fever 56 (73.68%) 24(66.67%) 32 (80.00%) 0.611

Highest temperature (◦C) 38.00±0.98 37.98±1.18 38.02±0.78 0.863

<37.3 19 (25.00%) 11 (30.56%) 8 (20%)

37.3 to 38.0 10 (13.16%) 3 (8.33%) 7 (17.5%)

≥38.0 46 (60.53%) 21 (58.33%) 25 (62.5%)

Cough 38 (50.0%) 19 (52.78%) 19 (47.5%) 0.828

Myalgia or fatigue 47 (61.84%) 25 (69.44%) 22 (55%) 0.299

Headache 7 (9.21%) 3 (8.33%) 4 (10%) 0.884

Diarrhea 10 (1.32%) 8 (22.22%) 2(5%) 0.06

Dyspnea 9 (1.18%) 8 (22.22%) 1 (2.50%) 0.021*

Respiratory rate (bpm) 20.99±4.67 22.06±6.08 20.025±2.08 0.072

Laboratory findings

WBC
(<3.5×109/L)

18 (23.68%) 4 (11.11%) 14 (35.00%) <0.001*

Lymphocyte
(<1.1×109/L)

52 (68.42%) 26 (72.22%) 26 (65.00%) 0.459

Imaging Parameters

Tube current(mAs) 242.79±10.67 239.91±15.34 245.38±13.87 0.869

Notes: Data are mean ± SD, n (%)and N is the number of patients with available information. Respiratory rate represented the initial respiratory rate on admission or
on the day when visiting doctor. p-Value showed the significance of group difference between potential severe and non-severe.
Abbreviations: COPD, chronic obstructive pulmonary disease; CVD, cardiovascular diseases; bpm, breaths per min; WBC, white blood cells.

contained chronic disease, main symptoms, and some
laboratory findings.A univariate logistic regression anal-
ysis was carried out on the training set to evaluate the
ability of a single variable to discriminate the potential
severe patients from the non-severe patients. The vari-
ables that were statistically significant (p < 0.05) were
included in the multivariate logistic regression analysis
to be further screened by a stepwise selection method.

2.4 CT imaging

Chest CT scans were performed using GE discovery
750HD scanner (GE Medical Systems, Milwaukee, WI,
USA), with a reconstruction slice thickness = 1.25 mm,

slice interval = 1.25 mm (filtered back projection recon-
struction method), matrix size = 512 × 512, tube voltage
= 120 kV and tube current 100–350 mA. Slice auto-
matic tube current modulation technique was used, and
there is no significant difference in tube current for
the subjects between potential severe and non-severe
groups (Table 1). All images were then transmitted to
the workstation and PACS for post-processing.

2.5 Image processing

Before image processing, all images were first resam-
pled into a same sampling size (1 mm*1 mm*1 mm)
using the linear interpolation method.Then, the volumes
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of interest (VOIs) of the lesions areas in CT images were
obtained using an semi-automatic method:first automat-
ically segmented using LK software (Lung intelligence
Kit; GE Healthcare) and then validated by the radiolo-
gists through receiving a consensus.Two radiologists (R.
Sun and L. Lan) completed the validation procedure for
all the cases.

Feature extraction was done by using AK software
(Artificial intelligence Kit; GE Healthcare). Radiomics
features were calculated for the VOIs and a total of
402 features (supporting information) were obtained for
each subject in the further modeling.

2.6 Feature reduction and Radiomics
signature construction

As shown in Figure 1b, the inter- and intra-class correla-
tion coefficients (ICC) analysis was used to guarantee
the reliability and repeatability of the image features
(supporting information) and mRMR method was used
to eliminate the redundant and irrelevant image features.
The retained image features were used to construct
the radiomics signature using LASSO method. LASSO
was a linear regression method using L1 regulariza-
tion, which could make the learned weights of some
features 0, so as to achieve the purpose of fea-
ture sparseness and selection. In this study, LASSO
method with 10-fold cross-validation was conducted to
choose the optimized subset of features, and multi-
variate linear regression in LASSO method was used
to construct the final model. Features with non-zero
coefficients were selected from the candidate features
and were combined linearly to construct the radiomics
signature.13

2.7 Combined model and
Radiomics+Clinics nomogram
construction

Combined model was constructed using multivariate
logistic regression by combining the clinical risk fac-
tors with the radiomics signature, which was used as
an independent risk factor in the Combined model. The
Radiomics+Clinics nomogram transformed the Com-
bined model into a simple and visual graph, making the
results of the prediction model more prominent and of
higher use value.

2.8 Model validation

The difference in the radiomics signature between the
potential severe and non-severe groups were compared
using the Mann–Whitney U-test in both training and
test sets. The predictive ability of the Radiomics and

Combined models were evaluated and compared using
the receiver operating characteristic curve (ROC). Four
ROC related metrics:16,17 area under the curve (AUC),
accuracy (ACC), sensitivity and specificity were derived
on both training and test sets. Hosmer–Lemeshow
test was used to assess the uniformity between the
observed and predicted values of the models. The
calibration of the nomogram was assessed using cal-
ibration curves, which were used to compare the
consistency between actual clinical observation and the
nomogram-prediction.

At last, the evaluation method of 100-times repeated
dataset randomly split was used, in which one hun-
dred different randomly divisions were repeated on the
entire dataset to obtain a couple of training set and
independent test set for 100 times; then the modeling
process including feature selection, model construction,
and evaluation was repeated for 100 times. Finally sta-
tistical analysis on the value of each evaluation metrics
obtained from 100 times dataset divisions was per-
formed to obtain a more accurate and robust model
evaluation results.

2.9 Statistics

All individual characteristic (including clinical character-
istics and imaging parameters) results were reported
in each group as mean ± standard value or pro-
portion according to which they are continuous or
categorical variables. Group difference comparisons
for these variables were made between the poten-
tial severe group and non-severe group, a two-sided
p < 0.05 was considered statistically significant. A
chi-square test or Fisher’s exact test was used
for the nominal variable, while Mann–Whitney test
was used for the continuous variable with abnormal
distribution.

All statistical analysis and processing were performed
using R software (version3.6.1;http://www.Rproject.org).
The following R packages were used: the “mRMRe”
package was used to implement the mRMR algorithm,
the “glmnet” was used to perform the LASSO logistic
regression model, and the “pROC” package was used
to construct the ROC curve.

3 RESULTS

3.1 Patients characteristics

A total of 150 patients with RT-PCR-confirmed COVID-
19 infection were enrolled into our study. According
to our patients screening process (Figure S1), 74 of
them progressed to be severe patients. The clinical
characteristics of these patients are summarized in
Table 1.

http://www.Rproject.org
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TABLE 2 Clinical characteristics analysis for their prediction ability of potential severe patient

Variable

Univariate analysis Multivariate analysis
OR (95% CI) p-Value OR (95% CI) p-Value

Sex 4.195 (1.326–13.268) 0.015* 19.982 (1.142–349.538) 0.0403*

Hypertension 19.8 (2.324–168.66) 0.006* 25.219 (0.55–1156.349) 0.098’

Diabetes 54147942.979 (0.0, Inf) 0.993

CVD 179898122.163 (0.0, Inf) 0.993

COPD 54147942.978 (0.0, Inf) 0.993

Cancer 19053830.527 (0.0, Inf) 0.990

Cough 0.833 (0.281, 2.474) 0.743

Myalgia 1.600 (0.542, 4.726) 0.395

Headche 1.083 (0.141, 8.307) 0.939

Emesis 3.900 (0.710, 21.417) 0.117

Dyspnea 8.100 (0.902, 72.708) 0.062

Age 1.115 (1.055, 1.179) <0.001* 1.08 (1.003–1.162) 0.041*

Temperature 0.971 (0.560, 1.683) 0.916

Respiratory_rate 1.045 (0.918, 1.191) 0.503

WBC 1.72(1.212-2.441) 0.002* 1.881(1.083-3.267) 0.025*

Lymphocyte 0.881 (0.461, 1.686) 0.703

Notes: Respiratory rate represented the initial respiratory rate on admission or on the day when visiting doctor. Influence factors that were statistically significant in
the univariate logistic analysis were then included in the multivariate analysis. p-Value showed the significance of group difference between severe and non-severe.
Abbreviations: COPD, chronic obstructive pulmonary disease; CVD, cardiovascular diseases; bpm, breaths per min; OR, odd rate; WBC, white blood cells.

3.2 Clinical characteristics analysis

As shown in Figure 1a and Table 2, after the
univariate and multivariate analysis between the
clinical characteristics and the grouping labels, we
found that age, sex, hypertension, diarrhea, and
dyspnea turned out as the significant risk fac-
tors (p < 0.05) differentiating the potential severe
patients, and were included in the combined model
construction.

3.3 Image analysis and modeling

As an example shown in Figure 3, the lesion area
in CT images was semi-automatically segmented as
VOIs by the LK software and radiologists. Then, a
total of 402 quantitative features was extracted from
the VOIs of the chest CT images. After using ICC
analysis and mRMR algorithm, 209 and 30 features
were retained, respectively. As shown in Figure 1b,
the retained imaging features were inputted into the
LASSO model for radiomics signature construction.
Ten0-fold cross-validation was used to determine the
optimal lambda value (0.023) in the LASSO model. Ten
features with non-zero coefficients were selected for
radiomics signature construction. The detailed process
of feature selection and modeling using the LASSO
algorithm is shown in Figure 4, and the final calcula-
tion formula of the radiomics signature was shown as

follows:

Radscore = −0.579 × Sphericity − 0.193

×ShortRunEmphasisangle135offset7
+ 0.297

×MinorAxisLength + 0.389 × OneVoxelVolume + 0.105

×GLCMEntropyAllDirectionoffset1SD
+ 0.4 × MeshVolume

−0.074 × ClusterShadeangle135offset7
+ 0.708

×Correlationangle135offset7
− 0.76

×CorrelationAllDirectionoffset4SD

+0.221 × InertiaAllDirectionoffset1SD
− 0.054.

Radscore was expressed as the score of the
radiomics signature calculated by linearly weighted of
all retained features’ values (Figure 5a), and could be
used in the further evaluation and modeling. As seen
in Figure 5b,c. The potential severe and non-severe
patients could be significantly distinguished in training
set (p < 0.001) and well distinguished in test sets (p <

0.001).

3.4 Validation of the Radiomics models

The predictive performance of the Radiomics and Com-
bined models were evaluated and compared using the
ROC curve (Figure 6). Table 3 also showed their perfor-
mance using the ROC metrics in both training and test
set. Overall, Radiomics and Combined models showed
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F IGURE 3 An examples of ground-glass opacities (GGOs) and their segmentation results on CT images for one COVID-19 severe patient.
(a,b) The CT images before and after the semi-automatical segmentation. The volumes of interest (VOIs) of lesions were represented red
regions in (b)

TABLE 3 Model performance analysis of the models using ROC metrics

AUC (95%CI) Accuracy Sensitivity Specificity HL test

Radiomics Training 0.894 (0.837–0.951) 0.811 (0.645–0.875) 0.692 (0.587–0.840) 0.926 (0.821–0.979) 0.415

Test 0.886 (0.784–0.989) 0.841 (0.585–0.941) 0.818 (0.640–0.964) 0.864 (0.542–0.913)

Combined Training 0.932 (0.889–0.976) 0.859 (0.698–0.922) 0.750 (0.649–0.884) 0.963 (0.873–0.995) 0.931

Test 0.899 (0.805–0.992) 0.863 (0.615–0.952) 0.818 (0.640–0.964) 0.909 (0.589–0.940)

Notes:The best operating point of the ROC was chosen at the point,whose Youden index is maximal. (Youden index = Sensitivity+Specificity−1).Delong test between
two models: p = 0.650.
Abbreviations: AUC, area under curve; HL, Hosmer–Lemeshow test.

a very good performance with the accuracy and AUC
of nearly or above 0.9 (Figure 6 and Table 3). The
Hosmer–Lemeshow test of two models also showed a
good uniformity between their observed and predicted
values. Additionally from the results of the Delong test,
we found that there was no significant difference (p >

0.05) in the predictive performance between these two
models.

3.5 Radiomics+Clinical nomogram
As shown in Figure 7, the radiomics signature and five
clinical risk factors (age, sex, hypertension, diarrhea,
and dyspnea) were included in the Radiomics+Clinics
nomogram. The total score obtained by combining the
score of each risk factors could be used to quan-
titatively predict the probability of progression to be
severe for the COVID-19 patients who were non-severe
when they were admitted. The Hosmer–Lemeshow test
(Table 3) yielded no significant difference between
the predictive calibration curve and the ideal curve
for potential COVID-19 severe patients prediction with
both the estimation using the nomogram and actual

observation. Figure 7(b,c) exhibited a good agreement
between the estimation using the nomogram and the
actual observation.

3.6 Evaluation of 100-times repeated
dataset randomly split

The value of each evaluation metrics obtained for each
time of dataset randomly split was attached in the sup-
plement excel file and Figure 8. As shown in Figure 8,
we found that for all ROC evaluation metrics (includ-
ing ACC, AUC, sensitivity, specificity, NPV, and PPV), the
constructed model showed a stable and consistent eval-
uation result. This illustrated that the built model was
robust and less affected by different data divisions.

4 DISCUSSION

Distinction between non-severe and severe patients in
COVID-19 is of great significance for better clinical
management. “Potential severe patients” do not have
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F IGURE 4 Feature selection and modeling for the radiomics signature using the least absolute shrinkage and selection operator (LASSO)
algorithm. (a) The optimal tuning parameter (Lambda) in the LASSO model was selected using 10-fold cross-validation and the 1 standard error
rule. Two lambdas (the optimal value and the value that the simplest model obtained within one standard error of the optimal value) were
obtained and drawn as two vertical dashed line. The optimal Lambda value of 0.023 with log (Lambda) = −3.781was selected for modeling and
10 nonzero coefficients were chosen; (b) LASSO coefficient profiles of the features compared to the lambda values. According to the 10-fold
cross-validation in (a), the vertical line of the optimal lambda was drawn. The eight features with non-zero coefficients were selected for
radiomics signature construction

severe symptoms at their initial diagnosis,but eventually
progressed to be severe patients, They are easily over-
looked in epidemic prevention and control and difficult to
distinguish in the early stages. CT imaging is sensitive
in the imaging manifestations between severe and non-
severe patients.18 In this study, we adopted advanced
radiomics analysis on CT images for the distinction of
these potentially severe COVID-19 patients. The con-
structed model can be used as an effective auxiliary
tool for screening potential severe patients in epidemic
prevention and control.

Consistent with,19 we found that older men,especially
those with a history of hypertension, were at high-risk.
Emesis, dyspnea, and WBC count 20 were the highly

relevant clinical manifestations. This could imply that
patients may progress to be severe, and these high risk
factors should be noted in the clinical treatment.

For the construction of the radiomics signature, 402
candidate radiomics features were reduced to eight
potential predictors by examining the predictor-outcome
association by the mRMR and the LASSO method. The
mRMR method was mainly used to eliminate redun-
dant features and achieve the screening of maximum
related features at the same time. The LASSO method
was not only valuable for choosing predictors on the
basis of the strength of their univariable association
with outcome, but also enabled the panel of selected
features to be combined into a radiomics signature.21
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F IGURE 5 The results of radiomics signature construction and validation. (a) Histogram showing contribution of each feature to the
constructed radiomics signature. (b,c) Radiomics signature distribution in training (p < 0.001) (b) and test set (p < 0.001) (c), respectively

Radiomics features, which contained many statistical,
shape, and texture features, could reflect the geomet-
rical characteristics and heterogeneity of the lesion
area. Changes in the geometrical characteristics and
heterogeneity of lesion area implied potential progres-
sion or improvement of the disease. After quantitative

extraction and modeling, such changes can be effec-
tively used to distinguish between potential severe and
non-severe patients.

The constructed model could well distinguish between
the potential severe and non-severe patients with the
accuracy of nearly or above 0.9 in both training and test
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F IGURE 6 The comparison of the receiver operating characteristic curves (ROCs) for the Radiomics and Combined models. (a) For the
training set, while (b) for the test set

F IGURE 7 Radiomics+Clinics nomogram and its calibration curves
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F IGURE 8 Boxplot of 100-times repeated dataset randomly split evaluation results for the Combined model in independent test set. The
details statistical results of receiver operating characteristic curve (ROC) metrics showed as follows: AUC = 0.9099±0.0856; ACC =

0.7974±0.1188; sensitivity = 0.7733±0.1910; specificity = 0.8213±0.1462; PPV = 0.8173±0.1362; NPV = 0.8106±0.1445. AUC, area under
curve; ACC, accuracy; NPV, negative predicted value; PPV, positive predicted value

set. When a suitable threshold was selected, the model
sensitivity could reach 0.9 while its specificity equaled
1.0, which means that all the non-severe patients could
be recognized and most potential severe patients were
identified. The performance of the combined model
which interpolated the clinical risk factors did not
improve significantly, which exactly showed the contri-
bution and importance of the constructed radiomics
signature to the prediction of potential severe.In addition
after multiple division of data samples, the constructed
model can still obtain high and stable results, indicat-
ing that our model has good generalization ability and
high clinical usability, which partly makes up the defects
of low sample size for the dataset in this paper. In the
field of machine learning, data determined the upper
limit of the task, and models and algorithms can only
approached this upper limit infinitely. In terms of data

quality, we first included complete clinical data for each
case, and used the same parameters of the scanning
protocol and reconstruction algorithm to obtain their CT
images, then used an equal number of positive and neg-
ative data matching to avoid the selection bias caused
by data imbalance; but in terms of data quantity, the
number of our data samples in our work was very lim-
ited compared to the works with a large number of
cases, which could not be solved in a short time. We
could achieve a comparable and consistent predictive
result with their models by using a series of method
designs. However, due to the limited data sample, the
confidence and reliability of our model’s predictive per-
formance could not be as high as that of the models
constructed based on thousands of cases.

Up to now,there had been many literature reports ana-
lyzing COVID-19 based on CT images using radiomics
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or some other machine learning/deep learning methods,
and some of them had included thousands of cases.
Among these works, many researches22-25 focused on
the lesions, not used the patients as subjects. Their so-
called thousands of cases were actually thousands of
lesions; many researches26-31 built models to predict
the COVID-19 patients’ current severity status, not the
potential severe risk. There were also some works32-34

similar to our work in research ideas and methods. G.
Wu et al.32 constructed a model to predict whether the
patients will progress to be severe and used five cross-
country external validation sets for validation. However,
they used only the traditional semantic features of
the image, the CT image information in-depth was not
explored. Q. Wu et al.33 and Wang et al34 performed
statistical analysis and radiomics modeling based on
the first CT images and clinical data of patients at
admission, to predict the “poor oucome”and “composite
endpoint” of the patients, respectively. In their works, the
definition of “poor outcome” is death, need for mechan-
ical ventilation, or intensive care unit admission33 while
“composite endpoint” is when patients developed res-
piratory failure, acute respiratory distress syndrome
(ARDS), acute liver or kidney injury, or death.34 How-
ever, we thought that there was an intervention window
phase for the COVID-19 patients between they were
diagnosed as severe status using clinical phenotype5

and the onset of so-called “poor outcome”or “composite
endpoint”. Therefore, the models constructed based on
severity status defined using severity clinical phenotype
might have greater application value in the early inter-
vention of patients with potential severe risk, and could
be a good complement to the similar research works.

Some scholars mentioned that35 the positive selec-
tion bias inherent in retrospective studies that did not
include negative or equivocal CT results. The per-
formance of a classifier was likely to be far poorer
than implied in the study when inserted into a clinical
workflow for COVID-19 patients when chest CT was
used prospectively. However in our opinion, (1) since
there were no lesions on the images of CT-negative
patients, the images of these patients could not be
analyzed using our model. Exclusion of these patients
would not affect the accuracy of the model, but only
affect the application scope of the model; (2) if the
patients with ambiguous CT images results were used
for analysis, the performance of the model might be
significantly lower than reported in the paper because
of the uncertainties in the CT images. Therefore, we
suggested to exclude them, which might also affect
the application scope of the model. Considering that35

the CT image manifestations of COVID-19 patients
were relatively typical, and 81% of 3466 patients’ CT
images were found with distinct GGO. Therefore, it
seemed wise to exclude these patients from the trade-
off between model application scope and prediction
accuracy.

However, there are several limitations in this study.
First, the sample size is relatively small and this work
is a retrospective study from a single center. The lack of
an external validation set is one of the biggest defects
of this study. More cross-regional or even cross-border
scientific research cooperation and data sharing should
be sought to further improve the reliability and clinical
usability of the constructed models. Second, only statis-
tical, morphological, and textural features in the lesions
were considered in this study. The findings can reflect
the global and local minor changes in the lesions very
well. However, the minor changes with the surrounding
normal tissues were not considered,which might be use-
ful to better identify severe patients. Third, patients with
negative initial CT were excluded in this study. Some of
them may also progress rapidly and could fall into the
category of severe. This type of patients is also wor-
thy of attention and is one of our key research objects
in the future. Finally, manual segmentation might bring
the interference and uncertainty of human to our model.
Therefore,a lesion auto segmentation method should be
considered in the future.

In conclusion, a CT-based radiomics signature for
the prediction of potential severe COVID-19 patients
was constructed and evaluated.Constructed Radiomics
models showed good feasibility and accuracy. The
Radiomics+Clinical nomogram, acted as a useful tool,
may assist clinicians to better identify potential severe
cases to target their management in the COVID-19
pandemic prevention and control.
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