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Abstract
Purpose To develop a machine learning-based CT radiomics model is critical for the accurate diagnosis of the rapid spread Coronavirus disease
2019 (COVID-19).

Methods In this retrospective study, a machine learning-based CT radiomics model was developed to extract features from chest CT exams for the
detection of COVID-19. Other viral-pneumonia CT exams of the corresponding period were also included. The radiomics features extracted from the
region of interest (ROI), the radiological features evaluated by the radiologists, the quantity features calculated by the AI segmentation and
evaluation, and the clinical parameters including clinical symptoms, epidemiology history and biochemical results were enrolled in this study. The
SVM model was built and the performance on the testing cohort was evaluated by the area under the receiver operating characteristic curve (AUC),
sensitivity and speci�city.

Results For the SVM model that built on the radiomics features only, it reached an AUC of 0.688(95% CI 0.496 to 0.881) on the testing cohort. After
the radiological features were enrolled, the AUC achieved 0.696(95% CI 0.501 to 0.892), then the AUC reached 0.753(95% CI 0.596 to 0.910) after
the quantity features were included. Our �nal model employed all the features, reached the per-exam sensitivity and speci�city for differentiating
COVID-19 was 29 of 38 (0.763, 95% CI: 0.598 to 0.886]) and 12 of 13 (0.923, 95% CI: 0.640 to 0.998]), respectively, with an AUC of 0.968(95% CI
0.911 to 1.000).

Conclusion The machine learning-based CT radiomics models may accurately detect COVID-19 and differentiate it from other viral pneumonia.

Introduction
The Coronavirus Disease 2019 (COVID–19) has widely and rapidly spread throughout the world since late December 2019[1, 2]. The newly
emerging disease is highly contagious and may cause severe acute respiratory distress or multiple organ failure in severe cases [3–6]. The World
Health Organization (WHO) declared the outbreak of COVID–19 as a “public health emergency of international concern” (PHEIC) on January 30,
2020.

At present, the gold standard for the diagnosis of COVID–19 is reverse-transcription polymerase chain reaction (RT-PCR). However, a high false
negative rate [7] and the shortage of RT-PCR assay in the early stage of the outbreak limited the early detection and treatment of the presumptive
patients [8, 9]. This speeded up the spread of COVID–19. Therefore, fast diagnosis is important for controlling the spread of COVID–19. Recent
studies have demonstrated that computed tomography (CT), as a non-invasive imaging approach, is of great value in detecting lung lesions in
patients with COVID–19 infection [2, 10]. Besides, CT had much higher sensitivity than initial RT-PCR in diagnosing COVID–19 [8, 9]. Consequently,
CT could be used as an effective tool for early detection and diagnosis of COVID–19. We should not neglect the fact that COVID–19 may have
certain similar CT imaging features with other types of pneumonia, thus making it hard to differentiate.

Current studies have demonstrated that arti�cial intelligence could distinguish COVID–19 from other pneumonia [11, 12], improve radiologists’
performance in distinguishing COVID–19 from non-COVID–19 pneumonia on chest CT and provide clinical prognosis with good accuracy that can
assist clinicians to timely adjust their clinical management and allocate resources appropriately[13–19]. However, COVID–19 is caused by SARS-
CoV–2 virus, its CT manifestations resemble other types of viruses. Most of the published works of literature have not included the viral
pneumonia as the comparison group. Additionally, the non-COVID–19 diseases included as a comparison group are long before the COVID–19
outbreak. The most di�cult situation in clinical diagnosis and treatment is to identify other viral pneumonias that occurred in the same period as
the epidemic of COVID–19.

In recent years, much attentions had been paid to radiomics in disease diagnosis and treatment outcome evaluation [20, 21]. Speci�cally,
radiomics is of great value in medical imaging because of its ability to extract high throughput of quantitative descriptors from routine computed
tomography (CT) studies[21]. Radiomics was applied to many �elds of cancer, such as tumor detection, preoperative prediction of lymph node
metastasis and therapeutic response assessment [20, 22, 23]. Recently, radiomics have been proved to be helpful in COVID–19 screening,
diagnosis, prediction of hospital stay, assessing the imaging characteristics and risk factors associated with adverse composite endpoints in
patients with COVID–19 pneumonia [24–27]. However, these studies were limited in small sample size. In the study of Qi et al., 31 patients were
�nally included in the study[25]. Some did not extract high-throughput imaging features[27]. Besides, no radiomics study of COVID–19 has been
done compared with other viral pneumonia of the corresponding period, which is di�cult to differentiate from COVID–19. The purpose of this
study was to develop and test machine learning-based CT radiomics models for the detection of COVID–19. Other viral-pneumonia exams were
also included to test the robustness of the model.

Materials And Methods
Study population
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This retrospective study was waived by the ethics committees of the Hainan General hospital. In total, 74 patients con�rmed with COVID-19
infection from January 20 to February 8, 2020, and 73 patients with other viral pneumonia of the corresponding period were collected. In the
COVID-19 dataset, 66 patients were �nally included who met the following inclusion criteria: (i) RT-PCR con�rmed COVID-19; (ii) non-contrast CT at
diagnosis time; (iii) positive CT �ndings. Other viral pneumonias were included who met the following inclusion criteria: (i) RT-PCR excluded COVID-
19; (ii) non-contrast CT at diagnosis time; (iii) viral pneumonia highly suspected with COVID-19 at CT.  The exclusion criteria were as follows: 1)
contrast CT exam; 2) exams without slice thickness of 1mm; 3) negative CT �ndings. Finally, 326 chest CT exams from 137 patients were included
in this study (Fig. 1). The average age is 47.0±15.4 years. Finally, we included 244 (75%) exams for COVID-19 and 82(25%) for other viral
pneumonia in the study.

All the COVID-19 were con�rmed as positive by RT PCR and were acquired from January 21, 2020, to Feb 8, 2020. The most common symptoms
were fever (82%) and cough (77%). Each patient had one or multiple CT scans during the progression of the disease. The follow-up study was
performed until February 19,2020.

Other viral-pneumonia patients were selected from the hospital of the corresponding period between January 23 to March 16, 2020. The admission
distribution of the patients with other viral-pneumonia was: outpatient (86%, 61 of 71), inpatient (14%, 10 of 71). No one received laboratory
con�rmation of the etiology because of limited medical resources.
All the CT scans were split with a ratio of 85:15 into a training cohort and a testing cohort at the patient level according to the visiting time of the
hospital. The features selection and model building were performed on the training cohort, and the testing cohort was not used for the training
procedure. The patient demographic statistics are summarized in Table 1.

Imaging Protocol

CT examinations were performed on the NeuViz 128 CT (Neusoft, China) with automatic tube current (300 mA-496 mA). The pitch was set at 1.5
and breath-hold at full inspiration. The slice-thickness of each CT scan was 1mm. The reconstruction matrix was 512x512 pixels. The �ow chart of
data collection, ROI and features annotation, radiomics and quantity feature extraction, model building and evaluation are shown in Fig. 2.

Lesion segmentation and radiological evaluation

The anonymized thin-slice DICOM format non-enhanced CT images were imported into the Dr. Wise research platform, on which the pneumonia
lesions were automatically delineated by deep-learning segmentation algorithms. Fifteen radiologists with more than 5 years of experience in chest
imaging, blind to the knowledge of the pathological report and other clinical information, con�rmed the segmentation result (Region of Interest,
ROI) and evaluated the radiological characteristics. The segmentations and radiological characteristics were con�rmed by two radiologists (F. C
and Y.C) with 16 and more than 30 years of experience.

The 7 radiological characteristics included ground grass opacity, crazy paving pattern, halo sign, reversed halo sign, vascular perforating in the
lesion, subpleural line and lesion locations (Fig. 3). For each series, the frequency of the radiological characteristics occurring was used for
modeling.

Quantitative CT characteristics and radiomics features

The segmentation result was used to extract quantitative CT characteristics and radiomics features. The delineation of the pulmonary lobes was
segmented by the Dr. Wise research platform and the lesion and lobe information were extracted to construct quantitative characteristics of
pneumonia.

There were a total of 33 quantitative characteristics, including the volume of the lesions, mean and standard deviation of the CT values in lesions,
consolidation lesions and ground glass lesions respectively, the number of the consolidation lesions and the number of the ground glass lesions,
the ratio of the volume of these lesions in the entire pulmonary and the �ve pulmonary lobes respectively, and the number of lesions that suffered
bulla, emphysema, pleural thickening, reticular, and stripe.

Before the radiomics features were extracted, the pixel spacing of images was resampled to 1.0 mm per pixel by the BSpline algorithm. Besides the
original images, the wavelet �lters or Laplacian of Gaussian �lters were performed to generate several �ltered images. A total of 1218 radiomics
features were extracted from the manual con�rmed ROIs of the original images and the �ltered images by PyRadiomics V2.1.0, including (1) 252
First-order features; (2) 14 Shape-based features; (3) 308 Gray Level Co-occurrence Matrix Features (GLCM); (4) 224 Gray Level Size Zone Matrix
Features (GLSZM); (5) 224 Gray Level Run Length Matrix Features (GLRLM); (6) 196 Gray Level Dependence Matrix Features (GLD-ZM). The pre-
processing methods and radiomic feature descriptions are detailed in Supplementary Information 1.1. and 1.2.

Development of predictive models

The features were stacked in the order of radiomics features, radiological features quantity features and clinical features, and 4 SVM models with
radial basis function kernel were built. All numerical features were normalized to [0,1], and the categorical features were encoded by one-hot
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encoder. To avoid over�tting, the feature selection methods were used to reduce the dimension of the features. The optimal parameters of the
combination of the feature selection method and the model were found by grid search using a ten-run 5-fold cross validation procedure on the
training cohort. After the optimal params were determined, the entire training cohort was used to build the model and the performance on the
testing cohort was evaluated. After the cross-validation procedure, the threshold that maximum the Youden Index was used to cut-off the
discriminative score to differentiate the COVID-19 from other virus pneumonia. The evaluation indicators include the area under the receiver
operator characteristic curve (AUC), accuracy (ACC), sensitivity and speci�city.

The feature selection method we used included the f-test based method and the L1 based method. The f-test based feature selection method with
different preserve ratio (1%, 5%, 10%, 30%, 50% and 100%) were tested, while the L1 based method that used linear C-support vector classi�cation
model with different C value (0.01, 0.1, 1, and 10) as a base model was tested.

Results
Table 1 demonstrates the study population characteristics for the training and testing cohorts. There are slightly more male patients than female
patients across COVID-19 and other viral-pneumonia groups for both training cohort (gender: COVID-19: 61%; Other viral-pneumonia: 55%) and
testing cohort (gender: COVID-19: 50%; Other viral-Pneumonia: 73%). Patients with COVID- 19 are older than the ones in the other viral-pneumonia
group for the training cohort (age: COVID-19: 52.9; Other viral-pneumonia: 41.5; p-value<0.001). The most common symptoms for COVID-19 and
other viral pneumonia was a fever for the training cohort (fever: COVID-19: 87%; Other viral-pneumonia: 77%) and testing cohort (58%;64%).The
white blood cell count and neutrophils of patients with COVID- 19 are lower than the ones in the other viral-pneumonia group for the training cohort
(white blood cell count: COVID-19: 4.8; Other viral-pneumonia: 8.2; p-value<0.001. neutrophils: COVID-19: 3.2; Other viral-Pneumonia: 5.8; p-
value<0.001) and testing cohort (white blood cell count: COVID-19: 5.4; Other viral-Pneumonia: 9.4; p-value=0.002; neutrophils: COVID-19: 3.4; Other
viral-pneumonia: 6.8; p-value=0.005). The lymphocyte and platelet count of patients with COVID- 19 are lower than the ones in the other viral-
pneumonia group for the training cohort (lymphocyte count: COVID-19: 1.2; Other viral-pneumonia: 1.6; p-value=0.039. platelet count: COVID-19:
176.0; Other viral-pneumonia: 225.6; p-value<0.001)

Table 1. Characteristics of Patients in the training and testing Cohorts
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Characteristic

Training cohort testing cohort
COVID-19 Other Viral-pneumonia P value  COVID-19 Other viral-pneumonia p

Value
Patients 54 60 - 12 11 -
Exams 206 69 - 38 13 -
Age 52.9±12.5 41.5±15.5 <0.001b 47.7±15.3 46.9±18.4 0.915b

Gender,Male(%) 33(61%) 33(55%) 0.509a 6(50%) 8(73%) 0.247a

Clinical types     0.016c     1.000c

Mild  0(0%) 0(0%)   0(0%) 0(0%)  
Common  46(85%) 59(98%)   12(100%) 11(100%)  
Severe 2(4%) 1(2%)   0(0%) 0(0%)  
Critical 5(9%) 0(0%)   0(0%) 0(0%)  
Exposure history     <0.001c     0.340c

Working or study in Wuhan 41(76%) 22(37%)   0(0%) 1(9%)  
Travel to Wuhan 1(2%) 6(10%)   2(17%) 0(0%)  
Close contact with infected patients 12(22%) 25(42%)   7(58%) 5(45%)  
Unknown cause 0(0%) 8(13%)   3(25%) 5(45%)  
Comorbidities, No. (%)     -     -
Cardiovasular disease 1(2%) 1(2%) 1.000a 2(17%) 1(9%) 1.000a 
Diabetes 5(9%) 0(0%) 0.051a 0(0%) 0(0%) -
Hypertension, No. (%) 9(17%) 4(7%) 0.093a 0(0%) 1(9%) 0.478a

COPD 3(6%) 2(3%) 0.904a 0(0%) 0(0%) -
Chronic liver disease 3(6%) 1(2%) 0.537a 0(0%) 0(0%) -
Chronic kidney disease 0(0%) 0(0%) - 0(0%) 1(9%) 0.478a

Cancer, No. (%) 0(0%) 1(2%) 1.000a 0(0%) 2(18%) 0.217a

Symptoms            
Fever, No. (%) 47(87%) 46(77%) 0.154a 7(58%) 7(64%) 0.795a

Cough, No. (%) 44(81%) 26 (43%) <0.001a 7(58%) 3(27%) 0.280a

Myalgia, No. (%) 10(19%) 2(3%) 0.008a  2(17%) 0(0%) 0.478a

Fatigue, No. (%) 18(33%) 2(3%) <0.001a 0(0%) 0(0%) -
Headache, No. (%) 9(17%) 1(2%) 0.013a 2(17%) 0(0%) 0.478a  
Nausea, No. (%) 5(9%) 0(0%) 0.051a 2(17%) 0(0%) 0.478a

Diarrhea, No. (%) 7(13%) 1(2%) 0.047a 1(8%) 0(0%) 1.000a

bellyache, No. (%) 0(0%) 0(0%) - 1(8%) 0(0%) 1.000a

Dyspnea, No. (%) 1(2%) 0(0%) 0.474a 0(0%) 0(0%) -
Other symptoms, No. (%) 19(35%) 14(23%) 0.164a 5(42%) 2(18%) 0.442a

Laboratory results            
White blood cell count 4.8±2.0 8.2±3.5 <0.001b 5.4±1.9 9.4±3.4 0.002b

Number of neutrophils, × 10 /L 3.2±1.9 5.8±3.2 <0.001b 3.4±1.7 6.8±3.3 0.005b

Lymphocyte count, ×10 /L 1.2±0.8 1.6±1.1 0.039b 1.4±0.5 1.7±1.0 0.360b

Hemoglobin 133.4±24.9 138.7±17.6 0.198b 127.4±19.1 139.7±21.3 0.159b

Platelet count, ×10 /L 176.0±59.2 225.6±62.0 <0.001b 213.7±67.7 230.1±89.0 0.622b

Treatment            
Hospitalization 54(100%) 8(13%) <0.001a 12(100%) 2(18%) <0.001a

ICU 5(9%) 0(0%) 0.022a 0(0%) 0(0%) -
mechanical ventilation 6(11%) 0(0%) 0.027a 0(0%) 0(0%) -
Prognosis            
Discharged 53(98%) 8(13%) - 12(100%) 1(9%) -
Death 1(2%) 0(0%) - 0(0%) 0(0%) -

pa : chi-square test, pb : Student’s t test. pc : Kruskal-Wallis H test
Evaluation of the model performance

A total of 1128 features were extracted from each patient, represented on the correlation cluster map shown in Fig. 4. For the SVM model that built
on the radiomics features only (R model, Radiomic), it reached an AUC of 1.000 (95% CI 1.000 to 1.000), 0.907(95% CI 0.864 to 0.951), and
0.688(95% CI 0.496 to 0.881) on the training, cross-validation and testing cohort. For the sensitivity and speci�city, it reached both 1.000 on the
training cohort, 0.859 and 0.870 on the cross-validation cohort and 0.526 and 0.769 on the test cohort. After the radiological features were enrolled
(RR model, Radiomics & radiological features), the AUC on the testing cohort achieved 0.696 (95% CI 0.501 to 0.892). The AUC on the testing
cohort reached 0.753(95% CI 0.596 to 0.910) after the quantity features were included (RRQ model, Radiomics & radiological features & quantity
features).

There was a signi�cant improvement in the performance of the SVM model after the clinical features were enrolled (RRQC model, Radiomics &
radiological features & quantity features & clinical features). The AUC reached 0.999 (95% CI 0.996 to 1.000), 0.979 (95% CI 0.961 to 0.997) and
0.968(95% CI 0.911 to 1.000) on the training, cross-validation and testing cohort. For the sensitivity and speci�city, it reached 0.995 and 0.928 on
the training cohort, 0.961 and 0.899 on the cross-validation cohort and 0.763 and 0.923 on the test cohort.

The details of the performance are shown in table 2 and the ROC curve of the 4 SVM models was shown in Fig. 5. The ridgeline plot (Fig. 6)
showed the distribution of the normalized features selected for RRQC by our feature selection strategy, only numerical features were shown in this
plot. Two image features, 2 biochemical indexes, 5 shape-based radiomics features, 2 intensity-based features and 1 texture feature on images
preprocessed by wavelet �lter were preserved.
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Table 2. The performance of CT radiomics models in training, inter-validation and testing cohorts.
Models   AUC(95% CI) ACC (95% CI) Specificity(95% CI) Sensitivity (95% CI)

R model training  1.000(1.000 to 1.000) 1.000(0.987 to 1.000)  1.000(0.948 to 1.000)  1.000(0.982 to 1.000) 

validation  0.907(0.864 to 0.951) 0.862(0.815 to 0.900)  0.870(0.767 to 0.939)  0.859(0.804 to 0.904) 

testing  0.688(0.496 to 0.881) 0.588(0.442 to 0.724)  0.769(0.462 to 0.950)  0.526(0.358 to 0.69) 

RR model training  1.000(1.000 to 1.000) 1.000(0.987 to 1.000)  1.000(0.948 to 1.000)  1.000(0.982 to 1.000) 

validation  0.924(0.886 to 0.962) 0.847(0.799 to 0.888)  0.913(0.820 to 0.967)  0.825(0.766 to 0.874) 

testing  0.696(0.501 to 0.892) 0.608(0.461 to 0.742)  0.769(0.462 to 0.950)  0.553(0.383 to 0.714) 

RRQ model training  1.000(1.000 to 1.000) 1.000(0.987 to 1.000)  1.000(0.948 to 1.000)  1.000(0.982 to 1.000) 

validation  0.946(0.916 to 0.975) 0.895(0.852 to 0.928)  0.841(0.733 to 0.918)  0.913(0.865 to 0.947) 

testing 0.753(0.596 to 0.910) 0.667(0.521 to 0.792)  0.615(0.316 to 0.861)  0.684(0.513 to 0.825) 

RRQC training  0.999(0.996 to 1.000) 0.978(0.953 to 0.992)  0.928(0.839 to 0.976)  0.995(0.973 to 1.000) 

validation 0.979(0.961 to 0.997) 0.945(0.912 to 0.969)  0.899(0.802 to 0.958)  0.961(0.925 to 0.983) 

testing 0.968(0.911 to 1.000) 0.804(0.669 to 0.902)  0.923(0.640 to 0.998)  0.763(0.598 to 0.886) 

R, RR, RRQ and RRQC models indicate the predicted model based on radiomics feature, radiomics & radiological features, radiomics & radiological & quantity features and the combination of radiomics &

radiological & quantity & clinical features, respectively. . CI confidence interval 

For the RRQC model, Fig. 7 showed the decision function value distribution of the other viral pneumonia and COVID-19 in the test cohort. The
function values are proportional to the distance of the patient to the separating hyperplane, thus indicate the model’s con�dence in the result of
classi�cation. The separating hyperplane was adjusted to maximize the Youden index on the training cohort. From the CT images, we could see
that when the lesions of COVID-19 were at absorption stage, it became small and thus it is di�cult to differentiate from other viral pneumonia. On
the contrary, when the lesions of COVID-19 were relatively big, it is easy to differentia it from other viral pneumonia with typical lesion locations
and CT manifestation.

Discussion
In this study, we developed and tested a machine learning-based CT radiomics model for detecting COVID-19 from chest CT images. CT radiomics
features of lesions were extracted, and machine-learning model showed good performance for training, inter-validation and testing cohort. On the
testing dataset, our result revealed that this model achieved high sensitivity (0.763, 95% CI: 0.598 to 0.886) and high speci�city of (0.923, 95% CI:
0.640 to 0.998) in diagnosing COVID-19. The AUC values for COVID-19 and other viral pneumonia were 0.968 (95% CI 0.911 to 1.000).

The encouraging diagnostic performance of the machine learning-based CT radiomics model indicates that radiomics may be helpful for the
detection of COVID-19. Radiomics features in our model included �rst order features, shape-based features and the distribution, correlation and
variance in gray level intensities. These radiomics features described the relationship between voxels and contained quantitative information on
the spatial heterogeneity of pneumonia lesions. Importantly, when radiomics features were included alone, the model revealed the good
performance of AUCs for training, validation and testing cohort, 100%, 90.7%and 68.8%, respectively. After including the subjective features,
quantitative characteristics and clinical characteristics, the performance of the model was gradually improved. The model demonstrated satis�ed
AUCs more than 95% on training, validation and testing cohorts, indicating that the models have the potential to be applied in a general situation.
By using deep learning techniques, previous study was able to distinguish COVID-19 from community acquired pneumonia[11]. We were able to
collect a number of patients with viral pneumonia diagnosis on CT of the corresponding period. More importantly, these pneumonia were highly
suspected of COVID-19 in consideration of the epidemic, CT �ndings, and laboratory results.

A majority of the countries all over the world have been affected by COVID-19. Early diagnosis is of importance for preventing the spread of the
disease. Though RT-PCR is considered as the gold standard for the diagnosis of COVID-19, CT is used as an effective supplementary tool for the
diagnosis of COVID-19 [8, 9]. Our study revealed that the machine learning-based CT radiomics model by combining radiomics, subjective
characteristics, quantitative characteristics and clinical characteristics achieved good performance for the diagnosis of COVID-19 and
differentiating it from other viral pneumonia.

Limitations
The study has several limitations. First, the sample size was relatively small. A larger prospective multicenter cohort is needed to test the
effectiveness of machine learning-based CT radiomics models. Second, patients with other viral pneumonia did not receive laboratory
con�rmation of the etiology because of limited medical resources during the COVID-19 outbreak. Thirdly, we did not use quantitative
characteristics to evaluate the evolution of the disease. Future work should include quantitative information regarding disease progression.

Conclusion
In conclusion, a machine learning-based CT radiomics model is valuable for accurately detecting COVID-19 and differentiating it other pneumonia
from chest CT images.
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Figure 1

Flowchart of this study.
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Figure 2

The �ow chart showed our study work�ow, consisting of data collection, ROI and features annotation, radiomic and quantity features extraction,
model building and evaluation.
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Figure 3

a-i demonstrated the typical radiological characteristics of ground grass opacity, crazy paving pattern, halo sign, reversed halo sign, vascular
perforating in the lesion, subpleural line, subpleural distribution, bronchovascular bundle distribution and pulmonary band distribution, respectively.
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Figure 4

Feature correlation matrix represented as a hierarchically clustered heatmap
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Figure 5

The training, cross-validation and testing ROC curve of R model (A), RR model (B), RRQ model (C) and RRQC model (D). The ROC curve showed the
change of the sensitivity value with 1 minus speci�city value under different thresholds. R, RR, RRQ and RRQC models indicate the predicted model
based on radiomics feature, radiomics & radiological features, radiomics & radiological & quantity features and the combination of radiomics &
radiological & quantity & clinical features, respectively.
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Figure 6

The ridgeline plot showed the distribution of the normalized numeric features that selected for RRQC model by our feature selection strategy. Each
distribution of the feature was described by a kernel density estimate curve based on Gaussian kernel. The different color indicated the COVID-19
cohort or other viral pneumonia cohort. RRQC = radiomics & radiological & quantity & clinical features

Figure 7

The decision function value distribution of the patients with Other Viral Pneumonia (OVP) and COVID-19 in the test cohort were shown. Each point
indicated a patient in the test cohort, the OVP point below the adjusted separating hyperplane line and the COVID-19 point above the line were
separated correctly. The images of the 4 typical patients were shown. (a) A patient with OVP that misclassi�ed as COVID-19. (b) A patient with OVP
that were correctly identi�ed. (c) A patient with COVID-19 that were correctly identi�ed. (d)A patient with COVID-19 that misclassi�ed as OVP.
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