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Abstract 

Rationale: Given the rapid spread of COVID-19, an updated risk-stratify prognostic tool could help 
clinicians identify the high-risk patients with worse prognoses. We aimed to develop a non-invasive and 
easy-to-use prognostic signature by chest CT to individually predict poor outcome (death, need for 
mechanical ventilation, or intensive care unit admission) in patients with COVID-19. 
Methods: From November 29, 2019 to February 19, 2020, a total of 492 patients with COVID-19 from 
four centers were retrospectively collected. Since different durations from symptom onsets to the first 
CT scanning might affect the prognostic model, we designated the 492 patients into two groups: 1) the 
early-phase group: CT scans were performed within one week after symptom onset (0-6 days, n = 317); 
and 2) the late-phase group: CT scans were performed one week later after symptom onset (≥7 days, n 
= 175). In each group, we divided patients into the primary cohort (n = 212 in the early-phase group, n = 
139 in the late-phase group) and the external independent validation cohort (n = 105 in the early-phase 
group, n = 36 in the late-phase group) according to the centers. We built two separate radiomics models 
in the two patient groups. Firstly, we proposed an automatic segmentation method to extract lung 
volume for radiomics feature extraction. Secondly, we applied several image preprocessing procedures 
to increase the reproducibility of the radiomics features: 1) applied a low-pass Gaussian filter before 
voxel resampling to prevent aliasing; 2) conducted ComBat to harmonize radiomics features per scanner; 
3) tested the stability of the features in the radiomics signature by several image transformations, such as 
rotating, translating, and growing/shrinking. Thirdly, we used least absolute shrinkage and selection 
operator (LASSO) to build the radiomics signature (RadScore). Afterward, we conducted a Fine-Gray 
competing risk regression to build the clinical model and the clinic-radiomics signature (CrrScore). 
Finally, performances of the three prognostic signatures (clinical model, RadScore, and CrrScore) were 
estimated from the two aspects: 1) cumulative poor outcome probability prediction; 2) 28-day poor 
outcome prediction. We also did stratified analyses to explore the potential association between the 
CrrScore and the poor outcomes regarding different age, type, and comorbidity subgroups. 
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Results: In the early-phase group, the CrrScore showed the best performance in estimating poor 
outcome (C-index = 0.850), and predicting the probability of 28-day poor outcome (AUC = 0.862). In the 
late-phase group, the RadScore alone achieved similar performance to the CrrScore in predicting poor 
outcome (C-index = 0.885), and 28-day poor outcome probability (AUC = 0.976). Moreover, the 
RadScore in both groups successfully stratified patients with COVID-19 into low- or high-RadScore 
groups with significantly different survival time in the training and validation cohorts (all P < 0.05). The 
CrrScore in both groups can also significantly stratify patients with different prognoses regarding different 
age, type, and comorbidities subgroups in the combined cohorts (all P < 0.05). 
Conclusions: This research proposed a non-invasive and quantitative prognostic tool for predicting 
poor outcome in patients with COVID-19 based on CT imaging. Taking the insufficient medical recourse 
into account, our study might suggest that the chest CT radiomics signature of COVID-19 is more 
effective and ideal to predict poor outcome in the late-phase COVID-19 patients. For the early-phase 
patients, integrating radiomics signature with clinical risk factors can achieve a more accurate prediction 
of individual poor prognostic outcome, which enables appropriate management and surveillance of 
COVID-19. 

Key words: COVID-19; Computed tomography; Radiomics; Prognosis; Poor outcome 

Introduction 
An ongoing outbreak of coronavirus disease 

2019 (COVID-19) associated with a novel coronavirus 
SARS-CoV-2 is spreading across the world [1,2]. As of 
May 8, 2020, more than 3 million people have been 
confirmed, and more than 200 thousand have died 
around the world [3]. The high infection rate of 
COVID-19 poses a great strain on medical resources, 
especially critical care resources in hospitals [4–6]. 
Given the rapid spread of COVID-19, an updated 
risk-stratify prognostic tool might help clinicians 
identify the high-risk patients with worse prognoses. 

Many attempts have been made to identify the 
risk factors to predict prognosis in COVID-19. The 
prognostic risk factors included clinical factors (e.g., 
sex, age, smoking status, and underlying diseases 
[4,7]), laboratory examination (e.g., lymphocyte count, 
C-reactive protein (CRP), lactic dehydrogenase [8,9]), 
and computed tomography (CT) score derived from 
chest CT features [10–12]. However, most published 
studies converted prognostic analysis into binary 
classification, such as predicting the probability of 
discharging hospital after ten days [13], predicting the 
probability of progression to severe/critical/mortal 
states [14–17]. Very few models were built for 
continuous prognostic prediction [18,19], which can 
enable us to acquire the prognostic hazard for each 
patient, and predict the prognostic situation for each 
patient at any time point. 

Radiomics, as a quantitative analytic tool, can 
quantify imaging phenotypes by extracting specific 
features from medical image modalities [20,21]. This 
novel method exhibited potential in assessing 
treatment response and predicting survival outcomes 
[22–24]. Recent studies showed that chest CT imaging 
has an important role not only in the diagnosis of 
COVID-19 but also in prognostic prediction [25,26]. 

Some research suggested identifying COVID-19 
patients into different stages based on the radiological 
findings on CT imaging, such as ground-glass opacity 
(GGO) and consolidation [27–29]. During the course 
of illness, the frequency of GGO and consolidation, 
the predominant pattern, and the involvement of lung 
lobes changed over time on the chest CT, indicating 
the prognosis of COVID-19 patients [30,31]. However, 
whether a quantitative prognostic tool by using CT 
radiomics features could assess and predict prognosis 
in patients with COVID-19 remains unclear. 

Therefore, we aimed to develop a non-invasive 
and easy-to-use prognostic signature by CT images to 
individually predict patients with poor outcome 
(death, need for mechanical ventilation, or intensive 
care unit (ICU) admission) that need critical care and 
close monitoring. 

Materials and Methods 
Patients and Follow-up 

The institutional review board of Renmin 
Hospital of Wuhan University (Centre 1), Huangshi 
Central Hospital (Centre 2), Henan Provincial 
People's Hospital (Centre 3), and Beijing Youan 
Hospital (Centre 4) approved this multi-regional 
retrospective study, and the informed consent was 
waived. 

From November 29, 2019 to February 19, 2020, a 
total of 492 patients diagnosed with COVID-19 by 
etiological evidence of reverse transcriptase–
polymerase chain reaction (RT-PCR) test were 
retrospectively collected. To relieve the impact of 
different durations from symptom onsets to the first 
CT scanning, we designated the 492 patients into two 
groups: 1) the early-phase group: CT scans were 
performed within one week after symptom onset (0-6 
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days, n = 317); and 2) the late-phase group: CT scans 
were performed one week later after symptom onset 
(≥7 days, n = 175). Here, day 0 was defined as the 
initial day of symptom onset, which was self-reported 
by patients on admission. 

In the early phase group: 212 patients from 
Center 1 (n = 106) and Center 2 (n = 106) comprised 
the training cohort since they all came from Hubei 
Province (the hardest-hit region). 105 patients from 
Center 3 (n = 65) and Center 4 (n = 40) comprised the 
validation cohort. In the late-phase group: 139 
patients from Center 1 (n = 125) and Center 2 (n = 14) 
comprised the training cohort, and 36 patients from 
Center 3 (n = 23) and Center 4 (n = 13) comprised the 
validation cohort. All the included patients had 
regular follow-up for at least five days. The 
end-points of this study was the poor outcome, which 
was defined as death, need for mechanical ventilation, 
or ICU admission [6,32,33]. The follow-up durations 
were assessed from CT evaluation to poor outcome. 

Baseline information for each patient, including 
age, sex, type on admission, comorbidity, follow-up 
duration, and poor outcome status at the last 
follow-up was collected. Baseline information is 
shown in Table 1. The type of COVID-19 was defined 
based on the diagnosis and treatment protocols from 
the National Health Commission of the People's 
Republic of China (trial version 7) [34]. In this study, 
we simplified the mild and common types into the 
mild type, and severe and critical type into the severe 
type for analysis convenience [6]. 

Image acquisition and lung volume 
segmentation 

In this study, all patients underwent 

non-contrast enhanced chest CT on admission. CT 
scanning parameters are in Supplementary Methods 
1. Since many COVID-19 infections manifested as 
bilateral or even total lung involvement on chest CT 
imaging [35], we extracted the whole lung volume for 
radiomics analysis (Figure 1) and defined it as 
3D-ROI. We built a DenseNet121-FPN model to 
segment lung volume automatically, and this model is 
pre-trained using 1.4 million natural images [36], and 
fine-tuned on VESSEL12 dataset [37] (details in 
Supplementary Methods 2). 

Features extraction and radiomics signature 
building 

After segmenting lung volume automatically, we 
limited the intensities to Imean ± 3Istd (Imean, mean of 
image intensity; and Istd, standard deviation of image 
intensity) to minimize the influence of voxel 
distribution and contrast variation on the following 
feature extraction. Afterward, we conducted a 
low-pass Gaussian filter to prevent aliasing and 
increase the reproducibility of radiomics features 
[38,39], and then resampled CT images into 3 mm × 3 
mm × 3 mm voxel spacing to reduce the impact of 
different equipment and scanning parameters. 
Finally, we used a bin-width of 25 Hounsfield units to 
discretize and followed the IBSI guideline [40] to 
extract 3D radiomic features by PyRadiomics version 
2.20 [41], and standardized radiomic features by 
z-score normalization. In order to reduce the 
multicenter effect for the radiomics features, we 
conducted ComBat [42] to harmonize radiomics 
features per scanner. 

 

 
Figure 1. Radiomics framework of predicting the poor prognostic outcome in patients with COVID-19. RadScore_earlyphase and RadScore_latephase means the 
radiomics signature built for predicting poor outcome in the early-phase and late-phase COVID-19 patients, respectively. CrrScore_earlyphase and CrrScore_latephase means 
the clinic-radiomics signature built for predicting poor outcome in the early-phase and late-phase COVID-19 patients, respectively. 
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Table 1. Clinical characteristics of patients with COVID-19 

 Early-phase COVID-19 (n = 317) Late-phase COVID-19 (n = 175) Total 
(n=492) Cohorts Training (n = 212) Validation (n = 105) P Training (n = 139) Validation (n = 36) P 

Age, years   0.332   0.069  
Mean (SD) 47.9(14.9) 46.1(16.3)  52.7(16.6) 46.7(17.7)   
Sex No. (%)   0.501   0.133  
Male 97 (45.8) 53 (50.5)  63 (45.3) 22 (61.1)  235 (47.8) 
Female 115 (54.2) 52 (49.5)  76 (54.7) 14 (38.9)  257 (52.2) 
Typea No. (%)   0.829   0.161  
Mild 189 (89.2) 92 (87.6)  126 (90.6) 29 (80.6)  436 (88.6) 
Severe 23 (10.8) 13 (12.4)  13 (9.4) 7 (19.4)  56 (11.4) 
Comorbidity No. (%)        
Any 60 (28.3) 26 (24.8) 0.594 51 (36.7) 10 (27.8) 0.421 147 (29.9) 
Hypertension 26 (12.3) 16 (15.2) 0.576 35 (25.2) 7 (19.4) 0.618 84 (17.1) 
Cardiovascular disease 11 (5.2) 6 (5.7) >0.99 5 (3.6) 3 (8.3) 0.444 25 (5.1) 
Diabetes 22 (10.4) 3 (2.9) 0.03 7 (5.0) 3 (8.3) 0.721 35 (7.1) 
Cerebrovascular disease 5 (2.4) 1 (1.0)  1 (0.7) 0 (0)  8 (1.6) 
COPD 3 (1.4) 1 (1.0)  2 (1.4) 0 (0)  6 (1.2) 
Pulmonary tuberculosis 4 (1.9) 0 (0)  0 (0) 0 (0)  4 (0.8) 
Malignancy 6 (2.8) 2 (1.9)  4 (2.9) 1 (2.8)  13 (2.6) 
Chronic kidney disease 2 (0.9) 0 (0)  2 (1.4) 0 (0)  4 (0.8) 
Chronic liver disease 5 (2.4) 3 (2.9)  4 (2.9) 3 (8.3)  15 (3.0) 
Follow-up (IQR), days        
Poor-outcome  13 (9-17) 15 (11-20) 0.017 12 (8-15) 11 (9-18) 0.235 13 (9-18) 
Time intervalb 3 (1-5) 3 (1-5)  9 (8-13) 8 (7-9)  5 (2-8) 
NOTE: SD: standard deviation; IQR: interquartile range; a The type of COVID-19 is established on admission; b means the time interval between initial symptom onset and 
the chest CT scan on admission. 

 
 

Radiomics signature building 
A total of 107 3D radiomic features were 

extracted to describe the pulmonary information from 
following aspects: 1) shape feature (n=14): they 
described the pulmonary morphological change in 
patients with COVID-19; 2) first-order features (n=18): 
they reflected the imaging intensity change in lung 
volume; 3) texture feature (n=75): they quantified the 
degree of voxel change and the relationship between 
pneumonia area and non-pneumonia area in 
microscopic-level. 

Despite the various pulmonary information 
quantified by the radiomic features, not all of them 
were related to the poor outcome in COVID-19. 
Consequently, we used the least absolute shrinkage 
and selection operator (LASSO) [43] based on Cox 
proportional hazards regression to select potential 
features that are associated with poor outcome. We 
used 5-fold cross-validation in the training cohort to 
choose the optimal parameters and avoid over-fitting. 
We built a radiomic signature (RadScore) by the 
corresponding coefficients. The RadScore built in the 
early-phase group is defined as RadScore_earlyphase, 
and the RadScore built in the late-phase group is 
defined as RadScore_latephase. 

To test the stability of the features in the 
signature, we conducted the following three 
transformations [39] on the original image and mask: 
1) rotation: both images and masks were rotated by a 
random degree, which ranged from 0° to 2°; 2) 
translation: both images and masks were translated 

with a random fraction, which ranged from 0 to 0.2; 3) 
volume adaptation: the 3D-ROI mask were grown 
and shrunk to alter the volume by a random fraction, 
which ranged from 0 to 0.1. Rotation and translation 
are used to emulate the different patient positioning, 
and volume adaptation is used to mimic variance in 
the boundaries of the 3D-ROI. The stability was 
assessed by intraclass correlation coefficient (ICC). 
The 95% confidence interval (CI) of the ICC larger 
than 0.90 means the feature is robust. 

Clinical model and clinic-radiomics signature 
building 

Since the recovered patient leads to the 
censoring of the poor outcome in the Kaplan-Meier 
method, we used Fine-Gray competing risk regression 
to assess the cumulative incidence of poor outcome 
[44,45], aiming to explore the prognostic value of 
clinical risk factors and radiomics signature in 
COVID-19. As recovery is not completely 
independent from the poor outcome, recovery 
without evidence of death, mechanical ventilation, or 
ICU admission was treated as a competing event. (The 
recovery criteria are in the Supplementary Methods 
3). Specifically, we included four candidate clinical 
risk factors (age, sex, type on admission, and 
comorbidity), and used backward stepwise with 
minimum AIC to select risk factors to build a clinical 
model. 

Since the RadScore can describe pulmonary 
function from CT imaging and clinical features can 
reflect patients' condition from clinical aspects, we 
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further incorporated the RadScore and the clinical risk 
factors into the competing risk regression analysis, 
and used minimum AIC criteria to select the final 
model. The clinic-radiomics signature was built by 
measuring the competing risk regression score 
(CrrScore) for each patient. The CrrScore was defined 
as the linear combination of risk factors with 
corresponding coefficients. The CrrScore built in the 
early-phase group is defined as CrrScore_earlyphase, 
and the CrrScore built in the late-phase group is 
defined as CrrScore_latephase. A higher CrrScore 
means high-risk of death, need for mechanical 
ventilation or ICU admission, and relatively shorter 
survival time of poor outcome, and vice visa. 

Statistical analysis 
All statistical analyses were performed with R 

software (version 3.5.1). The statistical difference of 
clinical variables was assessed with the unpaired, 
2-tailed chi-square test or t-test for categorical or 
continuous variables, respectively. P < .05 indicated a 
statistically significant difference. The potential 
association of the RadScore and CrrScore with poor 
outcome was first assessed in the training cohort and 
then validated in the independent validation cohort 
by using cumulative incidence curves and hazard 
ratio (HR). Patients were allocated into low- or 
high-RadScore/CrrScore groups through the median 
of RadScore/CrrScore. We estimated cumulative 
incidence curves for each group and used Gray's test 
to assess the difference between the two curves. The 
performance of the clinical model, RadScore, and 
CrrScore was estimated by the concordance index 
(C-index), which can measure the concordance 
between the predicted poor outcome and the actual 
poor outcome (0.5 means poor concordance and 0.7 
indicates good concordance). Receiver-operating 
characteristic (ROC) analysis was applied to assess the 
performance of the three prognostic signatures 
(clinical model, RadScore, and CrrScore) in predicting 
28-day poor outcome. Stratified analyses were 
performed to explore the potential association 
between the CrrScore and the poor outcomes 
regarding different age, type, and comorbidity 
subgroups in the combined cohorts. 

Results 
Patient characteristics 

A total of 492 patients with COVID-19 were 
included from four regions, including Wuhan China. 
As of the last follow-up, 40 patients (8.1%) had 
experienced a confirmed poor outcome in the total 
cohort. The median (interquartile range [IQR]) follow- 
up of poor outcome in the total cohort is 13 (9-18) 
days. In the early phase group, the median follow-up 

of poor outcome was 13 (9-17) days for the training 
cohort, 15 (11-20) days for the validation cohort. In the 
late phase group, the median follow-up of poor 
outcome was 12 (8-15) days for the training cohort, 11 
(9-18) days for the validation cohort. 

Radiomics signature construction and 
validation 

A total of 5 features were selected for 
constructing RadScore_earlyphase (Figure S1), and 
the formula was as follows: -0.3300× shape_Sphericity 
– 0.1605 × glcm_ClusterShade + 0.1529 × glcm_ 
Correlation + 0.3426 × glrlm_LongRunHighGrayLevel 
Emphasis – 0.1068 × ngtdm_Complexity. 

A total of 5 features were selected for 
constructing RadScore_latephase, and the formula 
was as follows: -0.3749×shape_Flatness – 0.4955 × 
shape_Sphericity – 0.0484 × firstorder_10Percentile – 
0.0653 × firstorder_Minimum + 0.3023 × 
ngtdm_Complexity. 

We also measured the time to derive the 
radiomics features for each individual, which took 
17.6±0.4 s on a machine with an Intel Core i7-7700 
CPU and 16 GB memory. 

After transforming the image and masks by 
rotation, translation, and volume adaption, all the 
features in the RadScore exhibited 95% CI of ICC 
larger than 0.9, indicating the features in the RadScore 
are robust. 

Accordingly, patients were allocated into a low- 
or high-RadScore group by the median of RadScore in 
the training cohort. As shown in Figure 2, in the 
early-phase group, higher RadScores were 
significantly associated with higher cumulative 
probability of poor outcome (HR = 3.67 (2.36-5.69), P < 
0.0001 in the training cohort; and HR = 2.23 
(1.17-4.28), P = 0.0012 in the validation cohort). Similar 
results were observed in predicting cumulative 
probability of poor outcome in the late-phase group 
(HR = 4.01 (1.66-9.69), P < 0.0001 in the training 
cohort; and HR = 3.98 (1.11-14.30), P = 0.011 in the 
validation cohort). 

Moreover, the RadScore also showed good 
performance on poor outcome prediction in the 
training cohort (C-index = 0.758 (0.619–0.897) in the 
early-phase group; C-index = 0.886 (0.702–0.999) in 
the late-phase group). The prognostic performance of 
the RadScore was further confirmed in the validation 
cohort (C-index = 0.752 (0.600–0.906) in the 
early-phase group; C-index = 0.885 (0.718–0.999) in 
the late-phase group). 

Performance of the clinical model 
The univariate analyses of clinical risk factors are 

shown in Figure S2 and S3. In the early-phase group, 
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three factors (age, type, and comorbidity) exhibited 
significant prognostic value (all P < 0.05), and were 
selected to build the clinical model. It yielded a 
C-index of 0.708 (0.6569-0.848) and 0.793 (0.679-0.907) 
in the training and validation cohort, respectively. In 
the late-phase group, none factors showed significant 
prognostic value (all P > 0.05). The clinical model was 
built by incorporating type and age, and yielded a 
C-index of 0.697 (0.509-0.886) and 0.793 (0.534-0.944) 
in the training and validation cohort, respectively. 

Clinic-radiomics signature construction and 
validation 

We used backward stepwise competing risk 
regression with the minimum AIC to select risk 
factors and built a clinic-radiomics signature 

(CrrScore); the formulas are shown in Table 2. In the 
early-phase group, the CrrScore that incorporated the 
RadScore and the three clinical risk factors (age, 
comorbidity, and type) showed significant 
improvement in the training cohort when compared 
with the clinical model (C-index = 0.826 (0.714-0.937), 
P = 0.012 in the training cohort; and C-index = 0.850 
(0.763-0.935), P = 0.45 in the validation cohort; Table 
3). In the late-phase group, the CrrScore that 
incorporated the RadScore and the two clinical risk 
factors (age and type) showed significant 
improvement when compared with the clinical model 
(C-index = 0.911 (0.796-0.999), P = 0.029 in the training 
cohort; and C-index = 0.886 (0.675-0.999), P < 0.01 in 
the validation cohort). 

 

 
Figure 2. Cumulative poor outcome probability according to the risk strata defined by RadScore. A) and C) in the training cohort; B) and D) in the validation 
cohort. A) and B) assess the cumulative probability in the early-phase group. C) and D) assess the cumulative probability in the late-phase group. 



Theranostics 2020, Vol. 10, Issue 16 
 

 
http://www.thno.org 

7237 

Table 2. Competing risk regression analysis of predictors in the training cohort 

 Early-phase COVID-19 Late-phase COVID-19 
β HR (95% CI) P β HR (95% CI) P 

Age 0.017 1.02 (0.99-1.04) 0.15 0.024 1.05 (0.99-1.11) 0.07 
Comorbidity 0.231 1.26 (0.61-2.59) 0.53    
Type 2.019 7.53 (3.77-15.04) <.001 0.888 1.38 (0.544-2.23) 0.58 
RadScore 1.016 2.76 (1.76-4.32) <.001 0.735 4.86 (1.91-12.34) <.001 
AIC 182.41   195.29   
CrrScore_earlyphase = 0.017 × Age + 0.231 × Comorbidity (0: Absent; 1: Present) + 2.019× Type (0: Mild Type; 1: Severe Type) + 1.016 × RadScore_earlyphase. 
CrrScore_latephase = 0.024 × Age + 0.888 × Type (0: Mild Type; 1: Severe Type) + 0.735 × RadScore_latephase. 

 
 

Table 3. Model performance on predicting poor outcome and 28-day poor outcome probability 

 Early-phase COVID-19 Late-phase COVID-19 
C-index (95% CI) AUC (95% CI) SPE (%) SEN (%) C-index (95% CI) AUC (95% CI) SPE (%) SEN (%) 

Clinical model 
Training 0.708 

(0.569-0.848) 
0.748 
(0.638-0.858) 

63.30 79.17 0.697 
(0.509-0.886) 

0.648 
(0.559-0.927) 

89.50 50.00 

Validation 0.699  
(0.516-0.882) 

0.685 
(0.410-0.960) 

59.00 80.00 0.743 
(0.443-0.987) 

0.793 
(0.534-0.944) 

96.88 75.00 

RadScore  
Training 0.758 

(0.619-0.897) 
0.752 
(0.631-0.873) 

87.77 58.33 0.886 
(0.702-0.999) 

0.817 
(0.693-0.999) 

95.49 83.33 

Validation 0.752 
(0.600-0.906) 

0.816 
(0.614-0.999) 

95.00 60.00 0.885 
(0.718-0.999) 

0.976 
(0.906-0.999) 

90.62 100.0 

CrrScore  
Training 0.826 

(0.714-0.937) 
0.855 
(0.740-0.920) 

91.49 70.83 0.911 
(0.796-0.999) 

0.872 
(0.687-0.999) 

88.72 83.33 

Validation 0.850 
(0.763-0.935) 

0.862 
(0.680-0.999) 

86.00 80.00 0.886 
(0.675-0.999) 

0.977 
(0.932-0.999) 

93.75 100.0 

Note: CI: confidence interval; SPE: specificity; SEN: sensitivity; C-Index: Harrell's concordance index, and measures the performance of the poor outcome prediction. AUC: 
area under the receiver operating characteristic curve, and evaluates the performance of the 28-day poor outcome prediction. 

 
 

 
Figure 3. Cumulative poor outcome and recovery probability according to the risk strata defined by CrrScore. Red curves mean the risk of reaching to poor 
outcome, and the blue curves mean the risk of reaching to recovery. A), B), E), and F) in the training cohort, and C), D), G) and H) in the validation cohort. A), C), E), and G) for 
the low-CrrScore group, and B), D), F) and h) for the high-CrrScore group. A), B), C) and D) assess the cumulative probability in the early-phase group. E), F), G) and H) assess 
the cumulative probability in the late phase group. 

 
Older and severe patients with comorbidities 

were reported at a high risk of death [4,46]. Therefore, 
we performed stratified analysis regarding different 
age, type, and comorbidity in the combined cohorts. 

As shown in Figure 5, 6 and 7, CrrScore can stratify 
patients with different prognoses of poor outcome (all 
P < 0.05) within age, type, and comorbidity subgroups 
in the combined cohorts. Moreover, the distribution of 
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CrrScore showed significant differences between the 
different age, type, and comorbidity subgroups 
(Figure S4, all P < 0.001). Figure 4 exhibited four 
representative clinical high-risk patients with older 

age, severe type, and comorbidities. The patient with 
relatively higher RadScore and CrrScore had a shorter 
time to reach the poor outcome. 

 

 
Figure 4. Four representative clinical high-risk patients with older age, severe type, comorbidities and different prognoses. The patient with relatively higher 
RadScore and CrrScore had shorter time to reach the poor outcome. Patient 1 and 2 were in the early-phase group (the time interval between initial symptom onset and the CT 
scan < 7 days). Patient 3 and 4 were in the late-phase group (the time interval between initial symptom onset and the CT scan ≥ 7 days). 
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Figure 5. Cumulative poor outcome probability according to the risk strata defined by CrrScore within age subgroup in the combined cohorts. A) and C) 
for the age < 60 subgroup; B) and D) for the age ≥ 60 subgroup. A) and B) assess the cumulative probability in the early-phase group. C) and D) assess the cumulative probability 
in the late phase group. 

 

28-day poor outcome prediction 
In predicting the 28-day poor outcome 

probability among the early-phase COVID-19 
patients, the clinical model achieved an AUC of 0.748 
(0.638-0.858) and 0.685 (0.410-0.960), the RadScore 
yielded an AUC of 0.752 (0.631-0.873) and 0.816 
(0.614-0.999) in the training cohort and validation 
cohort, respectively. The CrrScore showed significant 
improved performance in the training cohort 

compared with the clinical model (AUC = 0.855 
(0.740-0.920), P = 0.015 in the training cohort; and 
AUC = 0.862 (0.680-0.999), P = 0.28 in the validation 
cohort). In predicting the 28-day poor outcome 
probability among the late-phase COVID-19 patients, 
and the RadScore and CrrScore demonstrated similar 
performance in the validation cohort with AUC of 
0.885 (0.718-0.999) and 0.886 (0.675-0.999), 
respectively. 



Theranostics 2020, Vol. 10, Issue 16 
 

 
http://www.thno.org 

7240 

 
Figure 6. Cumulative poor outcome probability according to the risk strata defined by CrrScore within type subgroup in the combined cohorts. A) and C) 
for the mild type subgroup; B) and D) for the severe type subgroup. A) and B) assess the cumulative probability in the early-phase group. C) and D) assess the cumulative 
probability in the late-phase group. 

 

Discussion 
In this study, we assessed CT-derived radiomics 

features and clinical risk factors in predicting the poor 
outcomes (death, need for mechanical ventilation, or 
ICU admission) in patients with COVID-19. Due to 
the various durations from symptom onsets to the 
first CT scanning, we designated patients into the 
early-phase group (CT scans were performed 0-6 days 
after the symptom onset), and the late-phase group 
(CT scans were performed ≥7 days after symptom 
onset).  

In the early-phase group, the clinical model and 
radiomics signature (RadScore) demonstrated 
comparable performance in poor outcome estimation. 
The clinic-radiomics signature (CrrScore), which 
combined the radiomics signature (RadScore) and 
clinical risk factors, showed improvement in 
estimating poor outcome (C-index increased from 
0.752 to 0.850), and predicting probability of 28-day 
poor outcome (AUC increased from 0.816 to 0.862). 
This indicated that RadScore might have 
complementary value to the clinical prognostic factors 
in finding out the high-risk patients with poor 
outcome in the early-phase COVID-19 patients. 
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Figure 7. Cumulative poor outcome probability according to the risk strata defined by CrrScore within comorbidity subgroup in the combined cohorts. 
A) and C) for the non-comorbidity subgroup; B) and D) for the comorbidity subgroup. A) and B) assess the cumulative probability in the early-phase group. C) and D) assess the 
cumulative probability in the late-phase group. 

 
In the late-phase group, univariate analysis 

showed that none of the clinical factors (age, sex, type, 
and comorbidity) had significant predictive value (all 
P > 0.05; Figure S3). The RadScore demonstrated 
improved performance in predicting poor outcome 
(C-index increased from 0.743 to 0.885), and 28-day 
poor outcome (AUC increased from 0.793 to 0.976). 
This indicated that in the late-phase COVID-19, the 
CT image contained more prognostic information. 
This is consistent with the previous study that the 
radiological findings in the follow-up CT might be 

more effective in identifying the progression of 
COVID-19 [10]. The RadScore alone achieved similar 
performance to the CrrScore, indicating applying CT 
imaging alone can accurately predict poor outcome in 
the late-phase COVID-19 patients. 

Moreover, the RadScore can successfully stratify 
patients with COVID-19 into low- or high-RadScore 
groups with significantly different survival time of 
poor outcome (all P < 0.05) in both groups. The 
CrrScore could also significantly stratify patients with 
different prognoses regarding different age, type, and 
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comorbidities subgroups (Figure 5, 6, and 7). High- 
CrrScore patients with older age, severe type, and 
comorbidities had significantly higher cumulative 
probabilities of poor outcome. For these patients, 
early prevention and aggressive treatment should be 
administered. 

Radiomics has shown potential as a non-invasive 
and quantitative tool in diagnosis and prognosis by 
extracting effective imaging features. However, some 
technical challenges might influence its clinical 
applicability in practice. One of these challenges is 
how to define the ROI for analysis precisely. The 
manual delineation is simple and effective but may 
result in a lack of reproducibility. Moreover, lung 
abnormalities in patients with COVID-19 often 
manifested as bilateral or multizonal lung 
involvement on chest CT imaging [47,48]. Therefore, 
the 3D-ROI approach can reflect more pulmonary 
information. Consequently, we applied an automatic 
algorithm to segment the entire lung volume. This 
3D-ROI can provide the entire volumetric pulmonary 
features and may be less influenced by manual 
delineation. To increase the reproducibility of the 
radiomics features, we conducted a low-pass 
Gaussian filter before voxel resampling to prevent 
aliasing and applied ComBat to harmonize radiomics 
features per scanner. Afterward, we rotated and 
translated both image and mask to emulate the 
different patient positioning, and grew and shrunk 
the mask volume to mimic variance in the boundaries 
of the 3D-ROI. The results showed that all the features 
in the RadScore exhibited 95% CI of ICC larger than 
0.9, indicating the features in the RadScore are robust. 

The five radiomics features selected in the 
RadScore included four texture features and one 
shape feature in the early-phase group, and one 
texture feature, two shape features, and two intensity 
features in the late-phase group. These may be 
explained by the fact that in the early-phase, most 
radiological findings were local pure GGO whereas in 
the late-phase widespread consolidation lesions were 
more common. In the RadScore_latephase, the 10th 
percentile and minimum of intensity in the lung area 
is negatively associated with poor outcome, 
indicating that the more abnormal lung tissues, the 
worse poor outcome. This is consistent with the 
previous study that well-aerated lung was a negative 
predictor of poor outcome [27]. Note that two features 
(shape_Sphericity and ngtdm_Complexity) overlaid 
in the early-phase and late-phase group, suggesting 
that the morphological change of lung and texture 
complexity were essential in predicting poor outcome 
no matter in early-phase or late-phase group. 

To further interpret the RadScore, we did 
stratified analyses to explore the association between 

the RadScore and poor outcome regarding different 
symptoms and laboratory measures. Since only a part 
of the patients had records of symptoms and 
laboratory exams, we did the analyses in the 
combined cohort. The results demonstrated that 
low-RadScore and high-RadScore groups had 
significant differences between the patients with 
dyspnoea and the patients without dyspnoea on 
admission in the early-phase COVID-19 group (P = 
0.004; in Table S1). The lymphocyte count 
demonstrated the significant difference between low- 
and high-RadScore subgroups in both early-phase 
and late-phase groups. Moreover, in the late-phase 
group, C-reactive protein (CRP) and creatine kinase 
isoenzyme MB (CK-MB) demonstrated the significant 
difference between low-and high-RadScore 
subgroups (Table S2). This indicated that RadScore 
could reflect the inflammatory responses, which is 
backed by the evidence that the majority of COVID-19 
had a high-level of CRP [6]. Since some research 
showed that SARS-COV-2 might also cause 
myocardial injury and chronic damage to the 
cardiovascular system through angiotensin- 
converting enzyme 2 (ACE2) receptors [49], the 
significant association between CK-MB and RadScore 
may indicate that RadScore could reveal the COVID- 
19-related myocardial lesion in the late-phase group. 
This is consistent with previous research that CK-MB 
had a significant difference between ICU patients and 
non-ICU patients [5]. 

Despite the favorable prognostic efficacy of the 
clinic-radiomics signature, our research still has some 
limitations. Firstly, a more extensive and prospective 
study cohort was needed to generalize the 
performance of the RadScore and CrrScore in the 
future. Since our models were built based on the 
patients who were diagnosed with COVID-19 and 
received chest CT, the RadScore and CrrScore are not 
applicable to the scenarios where the presence of the 
disease is unknown, such as radiological screening 
and population-wide (random) screening tests. In the 
latter case, the study cohort may include 
asymptomatic patients but not included in the current 
patient cohort. Secondly, some laboratory factors 
were reported associated with prognosis in COVID- 
19; more comprehensive clinical risk factors need to 
be included in the future. 

In conclusion, this research proposed a non- 
invasive and quantitative prognostic tool for 
predicting poor outcome in COVID-19 based on CT 
imaging. Taking the insufficient medical recourse into 
account, our study might suggest that the chest CT 
radiomics signature of COVID-19 is more effective 
and ideal to predict poor outcome in the late-phase 
COVID-19 patients. For the early-phase patients, 
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integrating radiomics signature with clinical risk 
factors can achieve a more accurate prediction of 
individual poor prognostic outcome, which enables 
appropriate management and surveillance of 
COVID-19. 

Abbreviations 
COVID-19: coronavirus disease 2019; GGO: 

ground-glass opacity; ICU: intensive care unit; CT: 
computed tomography; ROI: regions of interest; 
C-index: concordance index; ROC: receiver-operating 
characteristic; AUC: area under the receiver operating 
characteristic curve; IQR: interquartile range; CRP: 
C-reactive protein; CK-MB: creatine kinase isoenzyme 
MB. 

Supplementary Material  
Supplementary figures and tables. 
http://www.thno.org/v10p7231s1.pdf  

Acknowledgments 
The authors would like to acknowledge the 

instrumental and technical support of Multi-modal 
biomedical imaging experimental platform, Institute 
of Automation, Chinese Academy of Sciences. We 
thanked Prof. Qingguo Xie and Peng Xiao from 
Huazhong Science and Technology University for 
their help with the data collection in Wuhan. 

Funding Sources 
This paper is supported by the National Natural 

Science Foundation of China [Grant No. 81930053, 
81227901, 81871332, 61936013, 81771806]; the National 
Key R&D Program of China [Grant No. 
2017YFA0205200]; the Fundamental Research Funds 
for the Central Universities [Grant No. 
2042020kfxg10]; Novel Coronavirus Pneumonia 
Emergency Key Project of Science and Technology of 
Hubei Province [Grant No. 2020FCA015]; Hubei 
Health Committee General Program and 
Anti-schistosomiasis Fund during 2019-2020 [Grant 
No. WJ2019M043]; Beijing Municipal Commission of 
health [Grant No. 2020-TG-002]; Youan Medical 
Development Fund [Grant No. BJYAYY-2020YC-03]. 
The funders had no role in study design, data 
collection, data analysis, interpretation, or writing of 
the report. 

Author Contributions 
Conception and design: Qingxia Wu, Qingxia 

Wu, Jie Tian; Collection and assembly of data: 
Hongjun Li, Meiyun Wang, Xiaoming Qiu, Yunfei 
Zha, Jie Tian; Development of methodology: Qingxia 
Wu, Shuo Wang, Qingxia Wu; Data analysis and 
interpretation: All authors. Manuscript writing: All 

authors. Final approval of manuscript: All authors. 

Competing Interests 
The authors have declared that no competing 

interest exists. 

References 
1.  Huang C, Wang Y, Li X, et al. Clinical features of patients infected with 2019 

novel coronavirus in Wuhan, China. Lancet. 2020; 395: 497–506.  
2.  Li Q, Guan X, Wu P, et al. Early Transmission Dynamics in Wuhan, China, of 

Novel Coronavirus–Infected Pneumonia. N Engl J Med. 2020; 382:1199-1207.  
3.  [Internet] World Health Organization. Coronavirus disease (COVID-19) 

outbreak. May 8, 2020. https://www.who.int. 
4.  Zhou F, Yu T, Du R, et al. Clinical course and risk factors for mortality of adult 

inpatients with COVID-19 in Wuhan, China: a retrospective cohort study. 
Lancet. 2020; 395: 1054-1062.  

5.  Wang D, Hu B, Hu C, et al. Clinical Characteristics of 138 Hospitalized 
Patients with 2019 Novel Coronavirus-Infected Pneumonia in Wuhan, China. 
JAMA. 2020; 323: 1061-1069.  

6.  Guan W-J, Ni Z-Y, Hu Y, et al. Clinical Characteristics of Coronavirus Disease 
2019 in China. N Engl J Med. 2020; 382: 1708-1720.  

7.  Yang X, Yu Y, Xu J, et al. Clinical course and outcomes of critically ill patients 
with SARS-CoV-2 pneumonia in Wuhan, China: a single-centered, 
retrospective, observational study. Lancet Respir Med. 2020; 8: 475-481.  

8.  Zheng Z, Peng F, Xu B, et al. Risk factors of critical & mortal COVID-19 cases: 
A systematic literature review and meta-analysis. J Infect, in press. doi: 
10.1016/j.jinf.2020.04.021. 

9.  Zhang J, Yu M, Tong S, Liu LY, Tang L V. Predictive factors for disease 
progression in hospitalized patients with coronavirus disease 2019 in Wuhan, 
China. J Clin Virol. 2020; 127: 104392.  

10.  Zhao W, Zhong Z, Xie X, Yu Q, Liu J. CT scans of patients with 2019 novel 
coronavirus (covid-19) pneumonia. Theranostics. 2020; 10: 4606–4613.  

11.  Li K, Wu J, Wu F, et al. The Clinical and Chest CT Features Associated with 
Severe and Critical COVID-19 Pneumonia. Invest Radiol. 2020; 55: 327-331.  

12.  Yang R, Li X, Liu H, et al. Chest CT Severity Score: An Imaging Tool for 
Assessing Severe COVID-19. Radiol Cardiothorac Imaging. 2020; 2: e200047.  

13.  Qi X, Jiang Z, YU Q, et al. Machine learning-based CT radiomics model for 
predicting hospital stay in patients with pneumonia associated with 
SARS-CoV-2 infection: A multicenter study. medRxiv. 2020; 
2020.02.29.20029603. doi: https://doi.org/10.1101/2020.02.29.20029603. 

14.  Yan L, Zhang H-T, Goncalves J, et al. A machine learning-based model for 
survival prediction in patients with severe COVID-19 infection. medRxiv. 
2020; 2020.02.27.20028027. doi: https://doi.org/10.1101/2020.02.27.20028027 

15.  Bai X, Fang C, Zhou Y, et al. Predicting COVID-19 malignant progression with 
AI techniques. medRxiv. 2020; 2020.03.20.20037325. doi: https://doi.org/ 
10.1101/2020.03.20.20037325. 

16.  Gong J, Ou J, Qiu X, et al. A Tool to Early Predict Severe 2019-Novel 
Coronavirus Pneumonia (COVID-19) : A Multicenter Study using the Risk 
Nomogram in Wuhan and Guangdong, China. medRxiv. 2020; 
2020.03.17.20037515. doi: https://doi.org/10.1101/2020.03.17.20037515 

17.  Xie J, Hungerford D, Chen H, et al. Development and external validation of a 
prognostic multivariable model on admission for hospitalized patients with 
COVID-19. medRxiv. 2020; 2020.03.28.20045997. doi: https://doi.org/ 
10.1101/2020.03.28.20045997. 

18.  Zhang K, Liu X, Shen J, et al. Clinically Applicable AI System for Accurate 
Diagnosis, Quantitative Measurements and Prognosis of COVID-19 
Pneumonia Using Computed Tomography. Cell 2020; [Epub ahead of print]. 

19.  Wynants L, Van Calster B, Bonten MMJ, et al. Prediction models for diagnosis 
and prognosis of covid-19 infection: Systematic review and critical appraisal. 
BMJ. 2020; 369: m1328.  

20.  Lambin P, Rios-Velazquez E, Leijenaar R, et al. Radiomics: Extracting more 
information from medical images using advanced feature analysis. Eur J 
Cancer. 2012; 48: 441–446.  

21.  Kumar V, Gu Y, Basu S, et al. Radiomics: The process and the challenges. 
Magn Reson Imaging. 2012; 30: 1234–1248.  

22.  Jiang Y, Yuan Q, Lv W, et al. Radiomic signature of 18F fluorodeoxyglucose 
PET/CT for prediction of gastric cancer survival and chemotherapeutic 
benefits. Theranostics. 2018; 8: 5915-5928.  

23.  Xu L, Yang P, Liang W, et al. A radiomics approach based on support vector 
machine using MR images for preoperative lymph node status evaluation in 
intrahepatic cholangiocarcinoma. Theranostics. 2019; 9: 5374–5385.  

24.  Fang J, Zhang B, Wang S, et al. Association of MRI-derived radiomic 
biomarker with disease-free survival in patients with early-stage cervical 
cancer. Theranostics. 2020; 10: 2284–2292.  

25.  Li L, Qin L, Xu Z, et al. Artificial Intelligence Distinguishes COVID-19 from 
Community Acquired Pneumonia on Chest CT. Radiology. 2020; 200905.  

26.  Liu F, Zhang Q, Huang C, et al. CT quantification of pneumonia lesions in 
early days predicts progression to severe illness in a cohort of COVID-19 
patients. Theranostics. 2020; 10: 5613–5622.  



Theranostics 2020, Vol. 10, Issue 16 
 

 
http://www.thno.org 

7244 

27.  Zhou S, Wang Y, Zhu T, Xia L. CT Features of Coronavirus Disease 2019 
(COVID-19) Pneumonia in 62 Patients in Wuhan, China. AJR Am J 
Roentgenol. 2020; 5: 1–8.  

28.  Wang Y, Dong C, Hu Y, et al. Temporal Changes of CT Findings in 90 Patients 
with COVID-19 Pneumonia: A Longitudinal Study. Radiology. 2020; 200843.  

29.  Pan F, Ye T, Sun P, et al. Time Course of Lung Changes On Chest CT During 
Recovery From 2019 Novel Coronavirus (COVID-19) Pneumonia. Radiology. 
2020; 200370.  

30.  Yu Q, Wang Y, Huang S, et al. Multicenter cohort study demonstrates more 
consolidation in upper lungs on initial CT increases the risk of adverse clinical 
outcome in COVID-19 patients. Theranostics. 2020; 10: 5641–5648.  

31.  Bernheim A, Mei X, Huang M, et al. Chest CT Findings in Coronavirus 
Disease-19 (COVID-19): Relationship to Duration of Infection. Radiology. 
2020; 200463.  

32.  Chan JWM, Ng CK, Chan YH, et al. Short term outcome and risk factors for 
adverse clinical outcomes in adults with severe acute respiratory syndrome 
(SARS). Thorax. 2003; 58: 686–689.  

33.  Booth CM, Matukas LM, Tomlinson GA, et al. Clinical Features and 
Short-term Outcomes of 144 Patients with SARS in the Greater Toronto Area. J 
Am Med Assoc. 2003; 289: 2801–2809.  

34.  [Internet] National Health Commission of the People's Republic of China. 
New coronavirus pneumonia diagnosis and treatment protocols (trial version 
7) (in Chinese). 2020. http://www.nhc.gov.cn/yzygj/s7652m/202003/ 
a31191442e29474b98bfed5579d5af95.shtml. 

35.  Ai T, Yang Z, Hou H, et al. Correlation of Chest CT and RT-PCR Testing in 
Coronavirus Disease 2019 (COVID-19) in China: A Report of 1014 Cases. 
Radiology. 2020; 200642.  

36.  Deng J, Dong W, Socher R, Li L, Li K, Fei-Fei L. ImageNet: A large-scale 
hierarchical image database. 2017. image-net.org/papers/imagenet_ 
cvpr09.pdf. [Internet] 

37.  Rudyanto RD, Kerkstra S, van Rikxoort EM, et al. Comparing algorithms for 
automated vessel segmentation in computed tomography scans of the lung: 
The VESSEL12 study. Med Image Anal. 2014; 18: 1217–1232.  

38.  Mackin D, Fave X, Zhang L, et al. Harmonizing the pixel size in retrospective 
computed tomography radiomics studies. PLoS One. 2018; 12: e0178524. 

39.  Zwanenburg A, Leger S, Agolli L, et al. Assessing robustness of radiomic 
features by image perturbation. Sci Rep. 2019; 9: 614.  

40.  Zwanenburg A, Vallières M, Abdalah MA, et al. The Image Biomarker 
Standardization Initiative: Standardized Quantitative Radiomics for 
High-Throughput Image-based Phenotyping. Radiology. 2020; 295: 328-338.  

41.  Van Griethuysen JJM, Fedorov A, Parmar C, et al. Computational radiomics 
system to decode the radiographic phenotype. Cancer Res. 2017; 77: e104–
e107.  

42.  Orlhac F, Frouin F, Nioche C, Ayache N, Buvat I. Validation of a method to 
compensate multicenter effects affecting CT radiomics. Radiology. 2019; 291: 
53–59.  

43.  Tibshirani R. Regression Shrinkage and Selection via the Lasso. J R Stat Soc Ser 
B. 1996; 58: 267–288.  

44.  Scrucca L, Santucci A, Aversa F. Regression modeling of competing risk using 
R: An in depth guide for clinicians. Bone Marrow Transplant. 2010; 45: 1388–
1395.  

45.  Scrucca L, Santucci A, Aversa F. Competing risk analysis using R: An easy 
guide for clinicians. Bone Marrow Transplant. 2007; 40: 381–387.  

46.  Arentz M, Yim E, Klaff L, et al. Characteristics and Outcomes of 21 Critically 
Ill Patients With COVID-19 in Washington State. JAMA. 2020; 323: 1612-1614.  

47.  Chung M, Bernheim A, Mei X, et al. CT Imaging Features of 2019 Novel 
Coronavirus (2019-nCoV). Radiology. 2020; 295: 202–207.  

48.  Shi H, Han X, Jiang N, et al. Radiological findings from 81 patients with 
COVID-19 pneumonia in Wuhan, China: a descriptive study. Lancet Infect 
Dis. 2020; 20: 425–434.  

49.  Zheng YY, Ma YT, Zhang JY, Xie X. COVID-19 and the cardiovascular system. 
Nat Rev Cardiol. 2020; 17: 259–260. 


