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Abstract

Purpose In the absence of a virus nucleic acid real-time reverse transcriptase-polymerase chain reaction (RT-PCR) test and

experienced radiologists, clinical diagnosis is challenging for viral pneumonia with clinical symptoms and CT signs similar to

that of coronavirus disease 2019 (COVID-19). We developed an end-to-end automatic differentiation method based on CT

images to identify COVID-19 pneumonia patients in real time.

Methods From January 18 to February 23, 2020, we conducted a retrospective study and enrolled 201 patients from two

hospitals in China who underwent chest CT and RT-PCR tests, of which 98 patients tested positive for COVID-19 (118 males

and 83 females, with an average age of 42 years). Patient CT images from one hospital were divided among training, validation

and test datasets with an 80%:10%:10% ratio. An end-to-end representation learning method using a large-scale bi-directional

generative adversarial network (BigBiGAN) architecture was designed to extract semantic features from the CT images. The

semantic feature matrix was input for linear classifier construction. Patients from the other hospital were used for external

validation. Differentiation accuracy was evaluated using a receiver operating characteristic curve.

Results Based on the 120-dimensional semantic features extracted byBigBiGAN fromeach image, the linear classifier results indicated

that the area under the curve (AUC) in the training, validation and test datasets were 0.979, 0.968 and 0.972, respectively, with an

average sensitivity of 92% and specificity of 91%. The AUC for external validation was 0.850, with a sensitivity of 80% and specificity

of 75%. Publicly available architecture and computing resources were used throughout the study to ensure reproducibility.

Conclusion This study provides an efficient recognition method for coronavirus disease 2019 pneumonia, using an end-to-end

design to implement targeted and effective isolation for the containment of this communicable disease.
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Introduction

Coronavirus disease 2019 (COVID-19) pneumonia infections

continue to increase in China and worldwide. As of April 6,

2019, the number of COVID-19 pneumonia cases globally

was 1,210,956, resulting in more than 67,500 deaths [1, 2].

TheWorld Health Organization declared a global health emer-

gency on January 30, 2020 [3] and characterized the spread of

COVID-19 as a pandemic on March 11, 2020 [4].

The virus nucleic acid real-time reverse transcriptase-

polymerase chain reaction (RT-PCR) test is the current stan-

dard diagnosticmethod for diagnosingCOVID-19 pneumonia

[5], although it has limitations such as its low production,

severe conditions for proper implementation and the number

of false negatives [6]. Chest CT has proven to be a credible

auxiliary tool for the clinical diagnosis of COVID-19
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pneumonia [7, 8]. In recent literature, typical radiological im-

aging of COVID-19 pneumonia has clearly demonstrated the

destruction of pulmonary parenchyma, including interstitial

inflammation and extensive consolidation [9–11].

While thoracic radiological evaluation has been recognized

as the key to diagnosing suspected COVID-19 patients [12],

this method presents its own challenges. Studies have proven

that non-COVID-19 patients with community-acquired infec-

tions caused by agents such as Streptococcus pneumoniae,

Mycoplasma pneumoniae and Chlamydia pneumoniae pres-

ent with CT signs similar to those in COVID-19 patients [9,

10, 13]. Symptoms such as fever, cough and fatigue are not

unique to COVID-19 pneumonia and are observed in other

virus-infected pneumonia cases [14]. Additionally, clinical

practice has demonstrated no abnormality in the CT images

of some COVID-19 patients, thus increasing the difficulty of

diagnosing new coronavirus pneumonia infections in patients

[12]. Due to the rapid spread of COVID-19 pneumonia, RT-

PCR tests may not be available for all suspected cases.

Accurately diagnosing COVID-19 pneumonia in patients with

clinical symptoms and CT signs through an easy-to-

implement method would be useful, in order to adopt targeted

and effective isolation.

Artificial intelligence has provided significant break-

throughs in medical image analysis [15], particularly through

a large-scale bi-directional generative adversarial network

(BigBiGAN), a state-of-the-art deep learning algorithm that

recognizes high-level semantic features of images [16]. Via

self-supervised learning of these image features, the tradition-

al method of learning image details has reformed, which trans-

formed image generation quality improvement into represen-

tation learning performance improvement [17]. BigBiGAN

has achieved a top rank score for image generation and se-

mantic information extraction [18].

This study proposed an end-to-end automatic differentia-

tion method for COVID-19 pneumonia patients outside the

Hubei province in China. CT images of the patients with clin-

ical and radiological symptoms of COVID-19 pneumonia

were used for the extraction of semantic features by the pro-

posed method. The output semantic feature matrix was then

used for linear classifier training to distinguish COVID-19

pneumonia in suspected patients in real time.

Materials and methods

Our institutional review board waived written informed con-

sent for this retrospective study. There are no conflicts of

interest to declare. From January 18, 2020 until February 23,

2020, we enrolled 98 patients with confirmed COVID-19

pneumonia (positive), and 103 patients with confirmed non-

COVID-19 pneumonia (negative) in our study from The First

Affiliated Hospital of University of Science and Technology

of China and The Lu’an affiliated hospital of Anhui Medical

University in China.

Patient population

Patients who complained of cough, chest pain, vomiting, fe-

ver, sputum (with or without blood), fatigue, dizziness and

sore throat were included. The exclusion criteria were as fol-

lows: (1) patients with no CT scans or incomplete clinical

data; (2) patients with inconsistent test results; (3) with regard

to the COVID-19 negative group, in addition to the above-

mentioned main complaints, patients were included only

when chest CT scans indicated signs of COVID-19 pneumo-

nia infection or had one of the related exposure histories de-

fined in this study. Testing for COVID-19 was carried out via

laboratory testing with real-time RT-PCR tests using respira-

tory secretions obtained by bronchoalveolar lavage, endotra-

cheal aspirate, nasopharyngeal swab or oropharyngeal swab.

For included patients, positive or negative test results for

COVID-19 were obtained at least twice. The RT-PCR test kits

used for the patients in this study were manufactured

by Jiangsu Shuoshi Biotechnology Co., Ltd. (Taizhou,

China), Huada Biotechnology Co., Ltd. (Wuhan, China).

CT examination

All patients underwent chest CT scans. We tabulated the num-

ber of days between symptom onset and the date of the CT

scans. The time from the patient’s symptom onset to admission

for CT examination was defined as early (0–2 days), interme-

diate (3–5 days) or late (6–12 days). In addition to the basic

demographics of the patients, the related exposure histories

were also included, specifically, history of travel to Wuhan in

the previous 14 days, history of contact with a confirmed

COVID-19 patient and history of contact with a dense crowd.

The relevant exposure history was selected as an inclusion

criterion since these patients had a high-risk of COVID-19

infection in China during this period. All COVID-19 positive

patients were classified as having mild, common, severe or

critical illness, according to the National Health Commission

of the People’s Republic of China, Diagnosis and treatment of

COVID-19 pneumonia (Tentative Standard 7).

In the study population, 77 patients from The First

Affiliated Hospital of University of Science and Technology

of China were imaged using a CT slice of 1-mm thickness on a

GE Revolution 256 scanner (GE Medical Systems,

Waukesha, American), and 89 patients were imaged with a

CT slice of 5-mm thickness on NeuViz 128 scanner (Neusoft,

Shenyang, China), and the other 35 patients from The Lu’an

affiliated hospital of Anhui Medical University in China were

imaged with a CT slice of 5-mm thickness on a NeuViz 64

scanner (Neusoft, Shenyang, China). All CT images were

reviewed by two cardiothoracic radiologists with more than
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10 years of experience each (H. W., Z. W.). The two radiolo-

gists were responsible for reviewing any potential signs of

COVID-19 in chest CT scans such as bilateral involvement,

peripheral distribution, mixed ground-glass opacity, and con-

solidation and vascular thickening according to the previous

reports [12, 19]. The CT slices with suspected appearances

and the whole CT scan of patients without abnormal findings

were used in this study. All the images were reviewed inde-

pendently by the two radiologists, and final decisions were

reached by consensus have been reported.

Training details

The patients from The First Affiliated Hospital of University of

Science and Technology of China (83 COVID-19 positive pa-

tients and 83 COVID-19 negative patients) were categorized

into a training dataset, a validation dataset and a test dataset

by a ratio of 80%:10%:10%. The CT images from the other

hospital (15 COVID-19 positive patients and 20 COVID-19

negative patients) were used for additional external verification.

All CT images used were derived from the PACS system with-

out any pre-processing to meet the end-to-end design. 2D CT

images of the enrolled patients were used for the training and

the extraction of semantic features by the BigBiGAN model.

The output semantic feature matrix was then used for linear

classifier training to distinguish COVID-19 pneumonia in

suspected patients in real time. The BigBiGAN model was

downloaded from the open-access TensorFlow Hub: https://

tfhub.dev/s?publisher=deepmind&q=bigbigan.

Based on the strategy used in BigBiGAN [16], the features

were extracted as the input of a linear classifier when the loss

of the BigBiGAN model was minimal in the last epoch.

Therefore, a linear classifier was also used in our study.

Further, two widely used non-linear classifiers, support vector

machine (SVM) and k-nearest neighbour (KNN), were used

for comparison.

In order to improve reproducibility of this study, the exe-

cution of our algorithm was conducted on the free Google

Colaboratory computing resource provided by Google

Cloud. All CT data of this study has been publicly available,

please see the URL link at the end of this paper. In addition,

all code and resources for this study are publicly accessible at

https://github.com/MI-12/BigBIGAN-for-COVID-19.

Clinical application

Three different radiologists in our local hospitals with 3, 5 and

10 years of radiological experience independently reviewed

the test datasets in this study. First, they performed the diag-

nosis without the assistance of BigBiGAN. The prediction

results of the BigBiGAN model were then provided to the

three radiologists, and a second round of diagnosis was

performed by the radiologists. The sensitivity and specificity

of the two diagnoses from the radiologists were recorded.

Statistical analysis

R language (version 3.4.3 (Vienna, Austria)) was used for

linear classifier construction and the evaluation of the accura-

cy of COVID-19 differentiation. The receiver operating char-

acteristic curve (ROC) was used to present the results of

COVID-19 classification, and the area under the curve

(AUC) with sensitivity and specificity were used to evaluate

the accuracy of differentiation. Chi-square tests and ANOVA

tests were used to evaluate the differences in demographics

between the two groups. P < 0.05 (two-tailed) was considered

statistically significant.

Results

Patients

The COVID-19 positive group consisted of 60 males and 38

females, with an average age of 43 years. The COVID-19

negative group included 58 males and 45 females, with an

average age of 39 years. Details of patient enrolment are

shown in Fig. 1. No statistically significant differences in pa-

tient demographics are observed between the two groups

(P > 0.05), except for the related exposure history (P < 0.05),

as shown in Table 1.

Cough and fever were the chief complaints and were ob-

served in 97 (99%) of the individuals in the COVID-19 pos-

itive group and 93 (90%) of those in the COVID-19 negative

group. Considering the time from the patient’s symptom onset

to the admission for CT examination, there were 17 (17%)

individuals classified as early, 36 (37%) as intermediate and

45 (46%) as late in the COVID-19 positive group, while the

COVID-19 negative group had 34 (33%) of individuals clas-

sified as early, 36 (35%) as intermediate and 33 (32%) as late.

The average number of RT-PCR tests in the COVID-19 neg-

ative group was 2.3 (all negative) and that of the COVID-19

positive group was 2.5 (all positive). All COVID-19 negative

patients had community-acquired pneumonia infections and

were admitted during the COVID-19 outbreak, and 91 (88%)

cases had similar CT appearances to COVID-19 pneumonia

after radiologists reviewed the CT scans. Among all patients,

10 patients with confirmed COVID-19 positive had no obvi-

ous CT abnormalities, while 12 patients in the COVID-19

negative group had related exposure history despite no obvi-

ous CT abnormalities. The CT images with and without obvi-

ous CT appearances of COVID-19 pneumonia in the two

groups are shown in Fig. 2.
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Accuracy evaluation

The epoch of BigBiGAN execution was set to 120, with a batch

size of 16. The loss curve of BigBiGAN is shown in Fig. 3.

Based on the 120-dimensional imaging semantic features ex-

tracted from each image, a linear classification was constructed

by using the “lm” package in R. Details of the code and seman-

tic feature matrix can be found at https://github.com/MI-12/

BigBIGAN-for-COVID-19. The AUCs of the training

dataset, validation dataset, and test dataset were 0.979, 0.968

and 0.972, respectively, with an average sensitivity of 92% and

specificity of 91%, as shown in Figs. 4a-c.

Based on the external validation of the CT images obtained

through different data scanning machines from the other hospital,

theAUCof 0.850with a sensitivity of 80% and specificity of 75%

is obtained, as shown in Table 2 and Fig. 4d. The time consump-

tion of the analysis for one batch size was 0.25 s in this study.

When using SVM as the classifier, 1.000, 0.517, 0.531 and

0.500 of AUC were obtained on the training dataset, valida-

tion dataset, test dataset and external validation dataset, re-

spectively. For KNN classifier, 0.997, 0.998 and 0.734 of

AUC were obtained on the validation dataset, test dataset

and external validation dataset, respectively.

Clinical application

The average sensitivity and specificity of diagnosis by the

three radiologists without the assistance of BigBiGAN were

77% and 75%, respectively. When the prediction result of

BigBiGAN was provided as a reference, the average sensitiv-

ity and specificity improved to 85% and 88%. The results are

presented in Table 3.

Discussion

For the diagnosis of severe coronavirus disease 2019 pneumo-

nia, we proposed an end-to-end automatic differentiation

Fig. 1 Patient enrolment for this study. *The related exposure history included the history of travel to Wuhan in the previous 14 days, history of contact

with a confirmed COVID-19 patient and history of contact with a dense crowd

Table 1 Demographics of patients enrolled in this study

Demographics COVID-19 positive COVID-19

negative

P value

Sex 0.479

Male 60 58

Female 38 45

Age median (SD) 43 (15.8) 39 (12.0) 0.064

Related exposure history < 0.05

History to Wuhan 41 13

Contact with infection 17 19

Contact with dense crowd 40 58

Classification

Mild 6 /

Common 65 /

Severe 27 /

Critical illness 0 /

Basic disease (yes) 35 25 0.076

COVID-19 coronavirus disease 2019, SD standard deviation
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method based on CT images. Representation learning through

state-of-the-art BigBiGAN framework was conducted for se-

mantic feature extraction from CT images of patients testing

positive and negative for COVID-19. Based on the linear clas-

sifier constructed by the semantic feature matrix, our study

demonstrated that the proposed approach accurately detects

COVID-19 pneumonia infections in a population with similar

CT appearances, with a sensitivity of 80% and specificity of

75% on the external validation dataset. In the event that

nucleic acid detection and radiological experts are not avail-

able, this method can be used as a credible adjuvant clinical

tool to conduct real-time screening of suspected COVID-19

patients, to guide the implementation of targeted isolation to

avoid further transmission.

Although the RT-PCR test is the standard for the clinical

diagnosis of COVID-19 infections, several limitations apply

to its application [5]. Radiographic chest CT imaging is con-

sidered an effective auxiliary diagnostic method [7, 21].

However, it becomes difficult for radiologists to accurately

distinguish COVID-19 patients from patients with viral pneu-

monia infections caused by S. pneumoniae, M. pneumoniae

and C. pneumoniae, when accompanied by CT findings sim-

ilar to those of COVID-19 [19]. Our findings provide a reli-

able auxiliary solution to these challenges to improve the ra-

diologists’ diagnostic accuracy of COVID-19. The average

sensitivity of radiologists’ diagnosis improved from 77 to

85%, and the specificity improved from 75 to 88% with the

assistance of our approach.

Based on the comparison experiment with non-linear clas-

sifiers, we found that severe overfitting will be produced by

SVM when using the features extracted by BigBiGAN.

Although overfitting was partially relieved by KNN, the

Fig. 2 CT images of the coronavirus disease 2019 (COVID-19 negative

pneumonia patients (a, b) and COVID-19 positive pneumonia patients (c,

d)). a No abnormal findings on a CT of an 83-year-old male with a dry

cough for 3 days and close contact with a COVID-19 confirmed patient

for half a month; b flaky density shadows with multiple patches distrib-

uted in the lower lobe of the right lung of a 33-year-old female with the

history of travel to Wuhan in the previous 14 days, and fever and cough

for 5 days, and confirmed with mycoplasma pneumonia; c no abnormal

findings on a CT scan of a 29-year-old female with the history of travel to

Wuhan in the previous 14 days, and low fever and fatigue for 4 days,

confirmed with COVID-19 positive; d flaky density shadows with mul-

tiple patches distributed appear in the lower lobe of the right lung of a 29-

year-old male with fever and cough for 9 days, confirmed with COVID-

19 positive

Fig. 3 The loss curve of the validation dataset during the training of the

BigBiGAN architecture in this study.When the algorithm was running to

the 60th epoch, the cloud server computing resources provided byGoogle

were exhausted. Due to rental time limitation, an “interrupt” of loss curve

occurred when the cloud server was reconnected to continue execution
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prediction accuracy was still lower than that of the linear clas-

sifier (0.734 vs. 0.850), and the training time was 15 times

longer than a linear classifier. Therefore, for the semantic fea-

tures extracted by BigBiGAN, the performance of classifica-

tion using a linear classifier will be better than that of a non-

linear classifier, and the running time will be significantly

reduced.

The results from this study indicated that the difference in

CT characteristics between patients testing COVID-19 positive

and other viral pneumonia patients could be decoded by a state-

of-the-art artificial intelligence technique. Although the CT

findings of other viral pneumonia infections were similar to

those of COVID-19 pneumonia, the self-supervised learning

method of BigBiGAN distinguishes the two groups of patients

based on the level of image semantic knowledge. Existing ev-

idence shows that the CT signs of COVID-19 pneumonia are

bilateral involvement, peripheral distribution, mixed ground-

glass opacity and consolidation, and vascular thickening [22].

Thus, traditional methods may not be suitable for this issue

because of the following reasons. First, if large bilateral in-

volvement of the lungs occurs, it is difficult to accurately out-

line the area of interest on CT image. Second, there are some

patients with COVID-19 pneumonia who have no obvious ab-

normal CT signs [12]. The end-to-end artificial intelligence

analysis technology can help avoid the shortcomings of tradi-

tional analytic methods for this issue. Specifically, the

BigBiGAN design does not concern itself with the image de-

tails but extracts the abstract frame elements that make up these

Fig. 4 The receiver operating

characteristic (ROC) curves of the

training dataset (a), validation

dataset (b), test dataset (c) and

external validation dataset (d).

The area under the curve and the

cut-off value with specificity and

sensitivity were presented in each

ROC curve

Table 2 The sensitivity and specificity of the differentiation of COVID-19 pneumonia by radiologists and the method in this study. R1 to R7 represent

the three Chinese radiologists and four US radiologists reported in reference [20]

R1 (%) R2 (%) R3 (%) R4 (%) R5 (%) R6 (%) R7 (%) Ours

Sensitivity 80 67 97 93 83 73 70 (12/15) 80%

Specificity 100 93 7 100 93 93 100 (15/20) 75%
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details; that is, the semantic knowledge of the content expressed

by the image was decoded and quantified. The entire CT image

was used as the input, and the semantic features of bilateral

involvement, peripheral distribution, ground-glass opacity and

vascular thickening in COVID-19 pneumonia were identified

by BigBiGAN. Meanwhile, with the semantic features extract-

ed from the other viral pneumonia CT images, the difference

between the CT finding of COVID-19 pneumonia and other

viral-infected pneumonias can be quantified and evaluated. By

using the external validation dataset to reduce bias, the results of

our study indicated that based on the encoding of the semantic

features, a sensitivity of 80% and specificity of 75% were

achieved on the external validation dataset for COVID-19

pneumonia differentiation. Compared with the values of aver-

age sensitivity and specificity values of 80% and 83%, respec-

tively, reported for the differentiation of COVID-19 from viral

pneumonia using chest CT scans [20], our external validation

results and the clinical application experiment indicated that the

proposed approach could be used as a reliable clinical assis-

tance for COVID-19 pneumonia differentiation.

Results indicated that our study could distinguish the pa-

tients who had no obvious CT abnormalities between

COVID-19 positive and COVID-19 negative patients, as

shown in Fig. 2. One potential reason is that although the

COVID-19 features such as bilateral involvement, peripheral

distribution, mixed ground-glass opacity or consolidation or

vascular thickening were not observed with the naked eye, the

subtle changes of COVID-19 had, nonetheless, been occurring

in the lungs. These subtle changes were captured and expressed

as differences in semantic features through the various filters in

the digital deep learning network. Although other deep learning

algorithms have been proposed for the screening of COVID-19

using CT images, this study had advantages when compared

with other studies [23, 24].More than 1000COVID-19 positive

patients were used in a recent study to propose a deep learning

framework to distinguish COVID-19 positive patients and other

patients, but the ratio of COVID-19 to other patients on the

training dataset was 1:6.5 [25]. The mismatch in data volume

limited the significance of the study [26]. Our end-to-end study

design eliminated complex image pre-processing such as the

cube selection of traditional convolutional neural networks

[23], thus increasing the reproducibility of this study.

Clinicians, researchers and patients from different backgrounds

can independently test their own data using the free computing

resources described in the present study. Additionally, the use

of the external validation dataset further ensures the robustness

and credibility of our proposed method for differentiating

COVID-19 pneumonia infections from other pneumonia infec-

tions, which was not mentioned in previous studies [24].

Finally, in this study, all experimental resources have been

made publicly accessible for future research, to facilitate its

reproducibility.

The strategy of using BigBiGAN and a linear classifier is

feasible for other lung lesion–related diseases, such as lung

nodules or lung cancer. The method proposed in this study can

be considered as first extracting the semantic features on CT

images and then supervised learning of the classification of

the semantic features. Therefore, the different expressions of

lung-related diseases on CT images also could be effectively

captured and analysed by this approach. Compared with cur-

rent imaging feature–based analysis methods, for example,

radiomics [27], the advantage of BigBiGAN is that the algo-

rithm does not consider the detailed texture of the region of

interest but captures the difference in the semantic information

patterns expressed by different images. The performance of

BigBiGAN on image semantic recognition has been shown

[17], which further demonstrates the potential for BigBiGAN

to be applied to the diagnosis of other lung lesion diseases.

The limitations of this study are as follows. First, a decrease

in classification accuracy was found on the external validation

dataset. The primary reason may be the training sample size.

More patients frommultiple centres should be enrolled in future

studies to improve the accuracy and generalize ability of the

proposed model in differentiating COVID-19 from viral pneu-

monia. Differences in CT image acquisition, such as scanning

parameters and reconstruction algorithms, will also produce a

variation of image semantic feature extraction by BigBiGAN.

Therefore, the diversity of training data should also be guaran-

teed in future research. A more robust model can be achieved

through continuous validation by future researchers, using the

open-access code of this study. In addition, the classifier that we

usedmay have also affected the results.We used two other non-

linear classifiers for comparison in this study, but both produced

a certain reduction in prediction accuracy on the external vali-

dation dataset. Therefore, for each specific task, researchers

should consider different classifiers to achieve optimized

Table 3 The sensitivity and

specificity of diagnosis of the test

datasets by the three radiologists

with and without the assistance of

the BigBiGAN. R1, R2 and R3

indicate the three radiologists in

our local hospitals

Without BigBiGAN With BigBiGAN

Sensitivity (%) Specificity (%) Sensitivity (%) Specificity (%)

R1 70 72 78 83

R2 92 87 95 92

R3 69 66 82 89

Average 77 75 85 88
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results. In addition, of all the enrolled patients, there were no

COVID-19 patients with a critical illness. Future studies with

larger sample sizes for study populations that include critically

ill patients will provide a more comprehensive evaluation of

COVID-19 pneumonia patients.

In conclusion, the present study provides a useful and ef-

fective recognition method for COVID-19 pneumonia using

an end-to-end design. In the case that the RT-PCR tests and

radiological experts are not available, this method can screen

populations with suspected COVID-19 in real time, in order to

implement targeted and effective isolation for the containment

of this communicable disease.

Author contributions Author list:

Jiangdian Song, Hongmei Wang, Yuchan Liu, Wenqing Wu, Gang

Dai, Zongshan Wu, Puhe Zhu, Wei Zhang, Kristen W. Yeom, Kexue

Deng.

(1) Guarantor of integrity of the entire study: Jiangdian Song and

Kexue Deng

(2) Study concepts and design: All authors

(3) Literature research: All authors

(4) Clinical studies: All authors

(5) Experimental studies/data analysis: All authors

(6) Statistical analysis: Jiangdian Song and Hongmei Wang

(7) Manuscript preparation: All authors

(8) Manuscript editing: All authors

Funding information This study has received funding by the National

Natural Science Foundation of China (81671854), and China

Postdoctoral Science Foundation (2018M630310) and China

Scholarship Council (201908210051).

Data availability https://data.mendeley.com/datasets/kk6y7nnbfs/1

Compliance with ethical standards

Conflict of interest The authors declare that they have no conflict of

interest.

Ethics approval All procedures performed in this study involving hu-

man participants were in accordance with the ethical standards of the

institutional and national research committee and with the 1964

Helsinki declaration and its later amendments or comparable ethical stan-

dards. The study was approved by the institutional review board of the

University of Science and Technology of China. Informed consent was

waived in this retrospective study.

Disclaimer The funders had no role in study design, data collection and

analysis, decision to publish or preparation of the manuscript.

Code availability The code of this study is publicly accessible at https://

github.com/MI-12/BigBIGAN-for-COVID-19.

Open Access This article is licensed under a Creative Commons

Attribution 4.0 International License, which permits use, sharing, adap-

tation, distribution and reproduction in any medium or format, as long as

you give appropriate credit to the original author(s) and the source, pro-

vide a link to the Creative Commons licence, and indicate if changes were

made. The images or other third party material in this article are included

in the article's Creative Commons licence, unless indicated otherwise in a

credit line to the material. If material is not included in the article's

Creative Commons licence and your intended use is not permitted by

statutory regulation or exceeds the permitted use, you will need to obtain

permission directly from the copyright holder. To view a copy of this

licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Wang C, Horby PW, Hayden FG, Gao GF. A novel coronavirus

outbreak of global health concern (vol 395, pg 470, 2020). Lancet.

2020;395:496.

2. WHO. Coronavirus disease (COVID-2019) situation reports.

World Health Organization; 2020 https://www.who.int/

emergencies/diseases/novel-coronavirus-2019/situation-reports.

3. Mahase E. China coronavirus: WHO declares international emer-

gency as death toll exceeds 200. BMJ. 2020;368:m408.

4. WHO. Rolling updates on coronavirus disease (COVID-19). World

Health Organization; 2020. https://www.who.int/emergencies/

diseases/novel-coronavirus-2019/events-as-they-happen.

5. Li Z, Yi Y, Luo X, Xiong N, Liu Y, Li S, et al. Development and

clinical application of a rapid IgM-IgG combined antibody test for

SARS-CoV-2 infection diagnosis. J Med Virol. 2020. https://doi.

org/10.1002/jmv.25727.

6. Gallagher J. Are Coronavirus Tests Flawed? BBC News; 2020.

https://www.bbc.com/news/health-51491763.

7. Xie X, Zhong Z, Zhao W, Zheng C, Wang F, Liu J. Chest CT for

typical 2019-nCoV pneumonia: relationship to negative RT-PCR

testing. Radiology. 2020;200343. https://doi.org/10.1148/radiol.

2020200343.

8. Deng Y, Lei L, Chen Y, Zhang W. The potential added value of

FDG PET/CT for COVID-19 pneumonia. Eur J Nucl Med Mol

Imaging. 2020. https://doi.org/10.1007/s00259-020-04767-1.

9. Chung M, Bernheim A, Mei X, Zhang N, Huang M, Zeng X, et al.

CT Imaging Features of 2019 Novel Coronavirus (2019-nCoV).

Radiology. 2020;295:202–7. https://doi.org/10.1148/radiol.

2020200230.

10. Song F, Shi N, Shan F, Zhang Z, Shen J, Lu H, et al.

Emerging 2019 novel coronavirus (2019-nCoV) pneumonia.

Radiology. 2020;295:210–7.

11. Xu X, Yu C, Qu J, Zhang L, Jiang S, Huang D, et al. Imaging and

clinical features of patients with 2019 novel coronavirus SARS-

CoV-2. Eur J Nucl Med Mol Imaging. 2020;47:1275–80. https://

doi.org/10.1007/s00259-020-04735-9.

12. Bernheim A, Mei X, HuangM, Yang Y, Fayad ZA, Zhang N, et al.

Chest CT findings in coronavirus disease-19 (COVID-19): relation-

ship to duration of infection. Radiology. 2020;295:200463. https://

doi.org/10.1148/radiol.2020200463.

13. Fang Y, Zhang H, Xu Y, Xie J, Pang P, Ji W. CT manifestations of

two cases of 2019 novel coronavirus (2019-nCoV) pneumonia.

Radiology. 2020;295:208–9. https://doi.org/10.1148/radiol.

2020200280.

14. Wang C, Yu HJ, Horby PW, Cao B, Wu P, Yang SG, et al.

Comparison of patients hospitalized with influenza a subtypes

H7N9, H5N1, and 2009 pandemic H1N1. Clin Infect Dis.

2014;58:1095–103.

15. Hosny A, Parmar C, Quackenbush J, Schwartz LH, Aerts HJWL.

Artificial intelligence in radiology. Nat Rev Cancer. 2018;18:500–

10.

16. Donahue J, Simonyan K. Large scale adversarial representation

learning. Advances in Neural Information Processing Systems.

2019;10541–51.

Eur J Nucl Med Mol Imaging  (2020) 47:2516–2524 2523

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1002/jmv.25727
https://doi.org/10.1002/jmv.25727
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1148/radiol.2020200343
https://doi.org/10.1148/radiol.2020200343
https://doi.org/10.1007/s00259-020-04767-1
https://doi.org/10.1148/radiol.2020200230
https://doi.org/10.1148/radiol.2020200230
https://doi.org/10.1007/s00259-020-04735-9
https://doi.org/10.1007/s00259-020-04735-9
https://doi.org/10.1148/radiol.2020200463
https://doi.org/10.1148/radiol.2020200463
https://doi.org/10.1148/radiol.2020200280
https://doi.org/10.1148/radiol.2020200280


17. Mozafari M, Reddy L, VanRullen R. Reconstructing Natural

Scenes from fMRI Patterns using BigBiGAN. 2020; arXiv preprint

arXiv:200111761.

18. Misra I, van der Maaten L. Self-supervised learning of

pretext-invariant representations. arXiv preprint arXiv.

2019:191201991.

19. Zu ZY, Jiang MD, Xu PP, Chen W, Ni QQ, Lu GM, et al.

Coronavirus Disease 2019 (COVID-19): A Perspective from

China. Radiology. 2020;200490. https://doi.org/10.1148/radiol.

2020200490.

20. HarrisonX, Bai BH, Xiong Z, Halsey K, Choi JW, Tran TML, et al.

Performance of radiologists in differentiating COVID-19 from viral

pneumonia on chest CT. Radiology. 2020. https://doi.org/10.1148/

radiol.2020200823.

21. Liu J, Yu H, Zhang S. The indispensable role of chest CT in the

detection of coronavirus disease 2019 (COVID-19). European

Journal of Nuclear Medicine and Molecular Imaging. 2020;47:

1638–9. https://doi.org/10.1007/s00259-020-04795-x.

22. Zhao W, Zhong Z, Xie X, Yu Q, Liu J. Relation between chest CT

findings and clinical conditions of coronavirus disease (COVID-19)

pneumonia: a multicenter study. Am J Roentgenol. 2020:1–6.

23. Xu X, Jiang X,Ma C, Du P, Li X, Lv S, et al. Deep learning system

to screen coronavirus disease 2019 pneumonia. arXiv preprint

arXiv. 2020:200209334.

24. Song Y, Zheng S, Li L, Zhang X, Zhang X, Huang Z, et al. Deep

learning enables accurate diagnosis of novel coronavirus (COVID-

19) with CT images. medRxiv. 2020.

25. Li L, Qin L, Xu Z, Yin Y, Wang X, Kong B, et al. Artificial

intelligence distinguishes COVID-19 from community acquired

pneumonia on chest CT. Radiology. 2020;200905. https://doi.org/

10.1148/radiol.2020200905.

26. Vasanth Venugopal VM. Can AI diagnose COVID-19 on CT

scans? Can humans? The health care blog. 2020. https://

thehealthcareblog.com/blog/2020/03/23/can-ai-diagnose-covid-

19-on-ct-scans-can-humans/.

27. Song J, Yin Y, Wang H, Chang Z, Liu Z, Cui L. A review of

original articles published in the emerging field of radiomics. Eur

J Radiol. 2020;127:108991. https://doi.org/10.1016/j.ejrad.2020.

108991.

Publisher’s note Springer Nature remains neutral with regard to jurisdic-

tional claims in published maps and institutional affiliations.

Eur J Nucl Med Mol Imaging  (2020) 47:2516–25242524

https://doi.org/10.1148/radiol.2020200490
https://doi.org/10.1148/radiol.2020200490
https://doi.org/10.1148/radiol.2020200823
https://doi.org/10.1148/radiol.2020200823
https://doi.org/10.1007/s00259-020-04795-x
https://doi.org/10.1148/radiol.2020200905
https://doi.org/10.1148/radiol.2020200905
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.ejrad.2020.108991
https://doi.org/10.1016/j.ejrad.2020.108991

	End-to-end automatic differentiation of the coronavirus disease 2019 (COVID-19) from viral pneumonia based on chest CT
	Abstract
	Abstract
	Abstract
	Abstract
	Abstract
	Introduction
	Materials and methods
	Patient population
	CT examination
	Training details
	Clinical application
	Statistical analysis

	Results
	Patients
	Accuracy evaluation
	Clinical application

	Discussion
	References


