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a b s t r a c t 

Artificial intelligence (AI) and computer vision (CV) methods become reliable to extract features from ra- 

diological images, aiding COVID-19 diagnosis ahead of the pathogenic tests and saving critical time for 

disease management and control. Thus, this review article focuses on cascading numerous deep learning- 

based COVID-19 computerized tomography (CT) imaging diagnosis research, providing a baseline for fu- 

ture research. Compared to previous review articles on the topic, this study pigeon-holes the collected 

literature very differently (i.e., its multi-level arrangement). For this purpose, 71 relevant studies were 

found using a variety of trustworthy databases and search engines, including Google Scholar, IEEE Xplore, 

Web of Science, PubMed, Science Direct, and Scopus. We classify the selected literature in multi-level ma- 

chine learning groups, such as supervised and weakly supervised learning. Our review article reveals that 

weak supervision has been adopted extensively for COVID-19 CT diagnosis compared to supervised learn- 

ing. Weakly supervised (conventional transfer learning) techniques can be utilized effectively for real- 

time clinical practices by reusing the sophisticated features rather than over-parameterizing the standard 

models. Few-shot and self-supervised learning are the recent trends to address data scarcity and model 

efficacy. The deep learning (artificial intelligence) based models are mainly utilized for disease manage- 

ment and control. Therefore, it is more appropriate for readers to comprehend the related perceptive of 

deep learning approaches for the in-progress COVID-19 CT diagnosis research. 

© 2022 Elsevier B.V. All rights reserved. 
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. Introduction 

The 2019 novel coronavirus disease (COVID-19) is a life- 

hreatening and infectious disease with few therapeutic options. 

oronavirus sickness can appear in various ways, from minor 

ymptoms to serious illnesses. Fever, cough, shortness of breath, 

uscle ache, disorientation, headache, sore throat, rhinorrhea, nau- 

ea, and vomiting are common symptoms [ 1 , 2 ]. Pneumonia in both

ungs, organ failure, respiratory failure, heart issues, acute renal in- 

ury, and bacterial infections are other consequences [3–7] . Early 

nd accurate diagnosis of this disease is essential [ 8 , 9 ]. Diagnostic

ests can be used for coronavirus infection, quarantine, and self- 

solation. Several coronavirus disease (COVID19) tests, including di- 
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gnostic and antibody testing, are available [10] . Molecular testing, 

uch as transcription-polymerase chain reaction (RT-PCR) and anti- 

en tests, are examples of diagnostic assays. The antigen tests the 

irus’s particular proteins while the RT-PCR detects the virus’s ge- 

etic material [ 11 , 12 ]. 

The current gold standard for this disease is reverse 

ranscription-polymerase chain reaction (RT-PCR) [13–20] . It is 

ritical to assess the covenant’s investigative accuracy in RT-PCR 

nd antibody testing at various clinical stages. However, it takes 

any hours for the outcome to be released. Due to sample and 

aboratory mistakes, the RT-PCR test’s sensitivity is also a concern 

21–24] . According to Drame et al [25] ., should RT-PCR be used to 

etermine the viral load in the diagnosis of coronavirus disease 

019 (COVID19)? However, because of its sensitivity, the authors 

aised their reservations. Their sensitivity could be low as 38% [26] . 

everal other publications [ 27 , 28 ] also pointed to RT-PCR’s poor 

erformance in its sensitivity. Other limitations include sample 

https://doi.org/10.1016/j.cmpb.2022.106731
http://www.ScienceDirect.com
http://www.elsevier.com/locate/cmpb
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cmpb.2022.106731&domain=pdf
mailto:zhaojian@sztu.edu.cn
mailto:huangbingding@sztu.edu.cn
https://doi.org/10.1016/j.cmpb.2022.106731
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Abbreviations 

ACC Accuracy 

SEN Sensitivity 

SPEC Specificity 

PRC Precision 

ILD Interstitial Lung Disease 

AUC Area Under the Curve. 

CAP Community-Acquired Pneumonia 

RC Recall 

ROI Region of Interest 

Mean IoU Intersection Over Union 

Mean IOU mean Intersection Over Union 

PPV Positive Prediction Value 

NPV Negative Prediction Value 

RVE Relative Volume Error 

HD Hausdoff Distance 

HD 95 95-th percentile of Hausdoff Distance 

AA Average Accuracy 

CNN Convolutional Neural Network 

DSC Dice Similarity Coefficient 

MAE Mean Absolute Error 

NSD Normalized Surface Dice 

ASD Average Symmetric Surface Distance 

PO Percentage of Opacity 

ollection limitations, transportation limitations, kit performance 

imitations, etc [2] . 

On the other hand, the antibody test searches for antibodies 

ade by the immune system. Antibodies are not produced in- 

tantly by the immune system; they take days or weeks to develop. 

he antibody tests should not be cast-off to diagnose coronavirus 

isease (COVID-19) [10] . Therefore, different approaches for COVID- 

9 diagnosis are desperately needed by medical practitioners [29] . 

s a result, chest CT images along with artificial intelligence (AI) 

echnology are considered and can be viewed as proof of concept 

rom previous studies [ 13 , 27 , 29 ]. It aids in the early detection of

isease, the speeding up of the treatment process, and the rapid 

solation of patients. 

So far, AI has been employed for disease and patient manage- 

ent, screening, monitoring, future outbreak forecasts, mortality 

isk, tracing the close contacts of COVID-19 suspects, producing 

edications and vaccines, and lowering the workload of healthcare 

ersonnel [30–32] . To diagnose and follow up COVID-19, radiolog- 

cal scans (X-Ray and chest CT) have also been considered, along 

ith artificial intelligence’s deep learning models. Several research 

tudies [ 4 , 21 , 33-38 ] investigated COVID-19 from chest radiographs 

X-Ray and chest CT images), implying that radiographic images 

re helpful for COVID-19 diagnosis. 

However, chest radiographs (X-rays) have limited sensitivity for 

arly diagnosis compared to CT images [34] . The CT images pro- 

ide more information that manifests the multifocal consolidations 

nd white lung representation in the later or severe stages [39] . 

ontrary to this, routine chest x-ray does not eliminate COVID-19 

neumonia very well because chest x-rays are complicated, and 

he COVID-19 pneumonia visibility could not be visible at early 

tages [40] . Therefore, several studies [ 2 , 41-50 ] suggested lung CT

mages’ possible role in COVID diagnosing. This is because of the 

T latent role in analyzing detecting complications and prognosis 

f coronavirus disease 2019 (COVID-19). Thus, it can be used as a 

recautionary measure, a standardized reporting system based on 

ulmonary findings, enriching the clinical utility. 

It is important to emphasize that in asymptomatic cases, CT 

maging diagnosis is not advised [ 51 , 52 ]. It could be beneficial

or COVID-19 symptomatic patients (who have many pulmonary 
2 
ymptoms). For instance, an initial study revealed bilateral lung 

nvolvement and ground-glass opacities (GGO) in most hospital- 

zed patients [ 13 , 53 , 54 ]. Vasculature enlargement, bilateral abnor- 

alities, lower lobe involvement, and posterior predilection are 

ther CT symptoms with a high incidence described in more 

han 70% of RT-PCR test–proven COVID-19 cases. Consolidation, 

inear opacity, septal thickening, crazy-paving pattern, air bron- 

hogram, pleural thickening, halo sign, bronchiectasis, nodules, 

nd bronchial wall thickening have all been described in 10%–

0% of RT-PCR test–proven COVID-19 patients. CT manifestations 

ith Low-Incidence have been reported to be uncommon in RT- 

CR test–proven COVID-19 cases, including pleural effusion, lym- 

hadenopathy, tree-in-bud sign, central lesion distribution, pericar- 

ial effusion, and cavitating lung lesions [ 39 , 41 , 52 , 55 , 56 ]. 

Deep learning approaches have been widely explored to diag- 

ose COVID-19 based on CT images [ 57 , 58 ]. Several review arti- 

les on the subject had been published prior to our investigation, 

uch as [59–66] . In [59] , X-rays and computed tomography (CT) 

mage-based studies were described in terms of image localiza- 

ion, segmentation, registration, and classification for COVID-19 di- 

gnosis. Ghaderzadeh et al [60] . provided an overview of COVID-19 

eep diagnosis models based on X-rays and CT modalities. In [61] , 

he authors focused on summarizing and applying the state-of-the- 

rt deep learning models for COVID-19 medical image processing. 

amuel et al [62] . offered a review of COVID-19 diagnosis, medica- 

ion, screening, and prediction strategies based on machine learn- 

ng and artificial intelligence. Nguyen et al [63] . focused on COVID- 

9 medical image processing, data analytics, text mining, natural 

anguage processing, the Internet of Things (IoT), computational bi- 

logy, and medicine. Hussain et al [62] . produced a list of the most 

utting-edge AI applications for COVID-19 administrations. The re- 

earch also classified many AI techniques utilized in clinical data 

nalysis, such as neural systems, traditional SVM, and edge com- 

uting. 

For COVID-19 classification task [67] , Ozsahin et al [64] . clas- 

ified thirty studies. COVID-19/normal, COVID-19/non-COVID-19, 

OVID-19/non-COVID-19 pneumonia, and COVID-19/non-COVID-19 

everity were among the studies that were chosen. Shao et al [65] . 

esearched the sensitivity and utility of chest CT scans for detect- 

ng COVID-19 and its potential surgical uses. The study acknowl- 

dged and addressed the sensitivity of CT for the diagnosis of 

OVID-19 positive cases, both symptomatic and asymptomatic. Ac- 

ording to findings, CT sensitivity can be ranged from 57%–100% 

or symptomatic and 46%–100% for asymptomatic COVID-19 pa- 

ients, whereas RT-PCR sensitivity ranges from 39%–89%. Recently, 

slam et al [66] . have published a taxonomy of deep learning algo- 

ithms for CT and X-ray modalities. Their review highlighted the 

ata partitioning techniques, various performance measures, and 

ell-known data sets developed for COVID-19 diagnosis. Readers 

an learn and obtain a lot of knowledge from these review articles. 

owever, these review articles do not adopt a systematic approach 

o categorize the COVID-19 CT literature, and numerous technical 

isciplines are ignored. 

A review [68] published in the recent past explored the multi- 

evel categorization of supervised and weakly supervised learning 

ethods for medical image segmentation. Inspired by that, this re- 

iew article aims to arrange the COVID-19 CT-based deep models 

nto multi-level learning groups, i.e., supervised and weakly super- 

ised learning. However, our review is different from that in many 

spects. For instance, our topic is COVID-19 CT diagnosis, and for 

his purpose, we collect, classify, and analyze 71 primary and cur- 

ent studies. We provide a short description for each selected re- 

earch and capture the most crucial information such as dataset 

nformation, adopted frameworks, and key results. Fig. 1 . depicts 

he overall structure of our envisioned approach for the collected 

iterature. 
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Fig. 1. Overview and arrangement of the collected literature based on supervised and weakly supervised learning. 
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Numerous COVID-19 CT diagnostic literature available and to in- 

lude the relevant literature, we filter the unnecessary articles and 

onsider their citations as a selection criterion, e.g., most of the 

ncluded techniques are highly cited. Different reliable databases 

uch as Google Scholar, IEEE Xplore, Web of Science, PubMed, Sci- 

nce Direct, and Scopus were used to obtain 71 pertinent stud- 

es on the given topic. We examine the selected approaches us- 

ng backbone networks, network blocks, and loss functions for su- 

ervised learning. For weakly supervised learning, we analyze the 

ollected literature using transfer learning and data augmentation 

echniques. Our review study is cascaded and aims to make it eas- 

er for researchers to find innovations to improve the accuracy 

f COVID-19 CT-based diagnosis. The other parts of this work are 

tructured as follows. In Section 2 , we examine the supervised 

earning-based literature. In Section 3 , we group the collected liter- 

ture based on weak supervision. Section 4 . contains a discussion 

nd future outlook on the provided issue. 

. COVID-19 CT diagnosis by supervised learning 

Deep learning and machine learning are both subfields of artifi- 

ial intelligence. Both can be divided into three types: supervised, 

eakly supervised, and unsupervised learning. Supervised learning 

nables us to acquire or generate data based on prior knowledge. 

n a supervised task, the data for training should be appropriately 

elected and handled. COVID-19 CT diagnosis widely utilizes super- 
3 
ised learning techniques, including network backbones, network 

locks, and the design of loss functions. The following subsections 

ategorize our collected literature accordingly. 

.1. Backbone networks 

Backbone networks are used to describe feature extractor net- 

orks. These feature extractor networks calculate features from 

he input image, which are then upsampled using a simple decoder 

odule to create the final feature maps. The previously proposed 

pproaches utilized Convolutional Neural Networks (CNNs) [69] , U- 

et [70] , UNet ++ [71] , 3DNet [72] , VNet [73] , and Recurrent Neural

etwork (RNN) architectures which are grouped in this category. 

o detect COVID-19 and community-acquired pneumonia, Li et al 

74] . presented a supervised learning COVNet architecture based on 

he ResNet-50 [75] . The proposed model detected COVID-19 with 

0% sensitivity and 96% specificity on an independent testing set. 

erte et al [76] . also leverage the power of deep CNN model such 

s ResNet-50 by fusing image-level predictions to diagnose COVID- 

9. DeepPneumonia [77] was introduced to distinguish individu- 

ls with COVID-19 from bacterial pneumonia. ResNet-50 and the 

eature Pyramid Network (FPN) [78] served as the foundation for 

heir architecture. Singh et al [79] . proposed a CNN-based multi- 

bjective differential evolution (MODE) framework to classify the 

OVID-19-infected patients as positive and negative infected. 
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Table 1 

COVID-19 diagnosis techniques based on CNN backbone networks. 

Source Operations 

No of CT 

Scans/Images/Slices/Patients 

Adopted 

Framework Results 

Li et al [74] . COVID-19, CAP, 

and 

non-pneumonia 

classification 

4356 chest CT 

exams from 3322 

patients 

ResNet-50 

For COVID-19 

SEN: 90%, SPEC: 

96%, AUC: 0.96 

For CAP 

SEN:87%, 

SPEC:92%, AUC: 

0.95 

For non-pneumonia 

SEN:94, SPEC:96, 

AUC:0.98 

Serte et al [76] . COVID-19 and 

normal CT volumes 

classification 

80 normal CT 

scans and 19 

COVID-19 CT scans 

ResNet-50 AUC: 96% 

DeepPneumonia [77] Classification of 

COVID-19 infection 

and bacterial 

infection 

COVID-19 88 chest 

CT scans 

Resnet-50 and 

Feature Pyramid 

Network [78] 

On Diagnosis Dataset 

RC:0.93, PRC:0.96, 

ACC:0.94 

F1-score:0.94, 

AUC:0.99 

Singh et al [79] . Classification of 

COVID-19 ( + ve) 

and (-ve) infection 

CT images adopted 

from [87] 

Multi-Objective 

Differential 

Evolution 

(MODE)–based 

CNN 

ACC: 93.5%, 

F-measure:89.9% 

Xu et al [80] . Classification of 

COVID-19, IAVP, 

and healthy cases 

618 CT Samples 

and 

(11,871 image 

patches) 

Multiple CNN 

models 

ACC:86.7% 

Liang et al [81] . Classification 

between COVID-19 

and CAP 

2522 chest CT 

images 

V-Net [73] and 

Deep forest model 

ACC: 91.79%, SEN: 

93.05%, SPEC: 

89.95%, AUC: 

96.35%, PRC: 

93.10%, F1-score: 

93.07% 

Rahimzadeh et al [83] . Identification and 

classification of 

COVID-19 and 

normal patients 

63,849 chest CT 

images 

ResNet50V2 [84] 

and 

Feature Pyramid 

Network (FPN) 

Accuracy: 98.49% 

Jiantao et al [85] . Distinguishing 

COVID-19 from 

CAP 

497 CT 

examinations 

3D CNN AUC: 0.70 with 

99% CI (0.56–0.85) 

Abdullah et al [86] . Classifying COVID 

and Non-COVID 

349 CT images Sequential CNN ACC: 92.48 

SEN: 94.17 

SPEC: 89.58 
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To calculate the infection probability of COVID-19, Xu et al [80] . 

sed various CNN models. The authors further classified COVID- 

9, non-COVID cases, and influenza-A viral pneumonia (IVAP). Sun 

t al [81] . anticipated technique targeted the deep high-level fea- 

ures. In their method, location-specific features were extracted 

rom the chest CT image. After that, a deep forest model [82] is 

sed to learn the latent high-level representations of extracted 

eatures. Finally, feature selection and classifier training are inte- 

rated adaptively into a cohesive framework for COVID-19 predic- 

ion. Rahimzadeh et al [83] . used ResNet50V2 [84] as a backbone 

nd categorized input CT as COVID-19 or normal. Using a feature 

yramid network (FPN), the proposed technique explored several 

esolutions of the input image [74] , which greatly enhanced clas- 

ification performance. In addition, Pu et al [85] . created multi- 

le classifiers based on three-dimensional (3D) CNNs to distinguish 

OVID-19 from community-acquired pneumonia (CAP). According 

o the authors, compared to their proposed method, the radiolo- 

ists’ interpretation of CT scans has a low ability to identify be- 

ween COVID19 and community-acquired pneumonia (CAP) cases. 

nother supervised-based technique [86] developed a sequential 

NN to detect COVID-19 by analyzing the CT images. The model 

chieved an accuracy of 92.5%. Table 1 depicts the COVID-19 diag- 

osis techniques based on CNN backbone networks. 
4 
Apart from the CNNs, many COVID-19 CT diagnosis works relied 

n U-Net [70] and its variants, such as 3D U-Net [72] , U-Net ++ ,

tc., as given in Table 2 . U-Nets are faster to train and generate

ighly detailed segmentation maps using minimal trading samples 

88] . Gozes et al [53] . proposed a technique using commercial soft- 

are with trained U-Net, including a pre-trained model on some 

xtensive CT data. The authors demonstrated that AI-based models 

ould help COVID detection with high accuracy. Amine et al [89] . 

roposed a multitask deep learning method for COVID classifica- 

ion and segmentation. The proposed method used one encoder 

nd two decoders for image reconstruction and infection segmen- 

ation. Their final step utilized fully connected layers to classify 

OVID and non-COVID. Pu et al [90] . adopted a U-Net-based frame- 

ork to segment the lung infected regions followed by the identi- 

cation process. Heatmaps were used to visualize and assess pro- 

ression. Similarly, another U-Net-based framework [91] is pro- 

osed where lung spaces and COVID anomalies were segmented 

rom chest CT scans. 

Table 1. Table 4. Table 5. Table 7. Table 8. 

Jun et al [93] . built a COVID-19 detection system on the top of 

-Net ++ [71] . ResNet-50 was used as the backbone of U-Net ++ . 

n external dataset containing 100 patients was used to evaluate 

he model’s performance. The authors calculated five evaluating 
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Table 2 

COVID-19 diagnosis techniques based on U-Net and its variants. 

Source Operations 

No of CT 

Scans/Images/Slices/Patients 

Adopted 

Framework Results 

Gozes et al [53] . Classification of 

COVID and 

non-COVID 

Multiple 

international chest 

CT datasets 

(US-China) 

RADLogics [92] (A 

commercial 

software) and 

U-Net 

AUC: 0.99(95%CI: 0.989–1.00), 

SEN: 98.2%, SPEC: 92.2% 

Amine et al [89] . COVID 

classification and 

COVID lesion 

segmentation 

1044 chest CT 

images, 744 

images, and 100 

CT scans 

U-Net For Segmentation 

SEN: 20.2%, SPEC: 99.7%, ACC: 

95.93 

For Classification 

AUC:0.97, SEN: 0.96%, SPEC: 0.92%, 

ACC: 94.67% 

Pu et al [90] . COVID 

identification and 

progression 

120 and 72 CT 

scans were used 

U-Net SEN: 95% (CI 94–97%) 

SPEC: 84% (CI 81–86%) 

Kuchana et al [91] . Lung spaces and 

COVID anomalies 

segmentation 

20 chest CT scans 

and 929 slices 

U-Net 

hyperparameters 

modification 

F1-Score: 97.31% 

Mean IoU: 84.6% 

Jun et al [93] . COVID-19 

identification 

46,096 Chest CT 

Images 

U-Net ++ and 

ResNet-50 

On External Dataset 

SEN: 98%, SPEC: 94%, ACC: 96%, 

PPV: 94.23%, NPV: 97.92% 

Ni et al [94] . COVID detection, 

voxel and 

pulmonary lobe 

segmentation. 

19,291 CT scans 3D U-Net and 

MVP-Net [95] 

For lesion Detection 

SEN: 1(95% CI 0.95,1.00) 

F1-measure: 0.97 

For lobe Segmentation 

SEN: 0.96(95% CI 0.94, 0.98) 

F1-measure: 0.86 

Shuo et al [96] . Segmentation and 

classification 

CT data collection 

from five hospitals 

For Segmentation 

(FCN-8 s), U-Net, 

V-Net and 3D 

U-Net ++ 

For Classification 

ResNet-50, 

Inception 

networks, DPN-92, 

and Attention 

ResNet-50 

For 3D U-Net ±+ and ResNet-50 

AUC 0.991, SEN 0.974, SPEC: 0.922 

Dominik et al [97] . 

Automated 

segmentation of 

COVID-19 infected 

regions 

Chest CT dataset 

from Ma et al [98] . 

3D U-Net DSC for lungs: 0.956 DSC for 

infection: 0.761 
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f

etrics: accuracy, sensitivity, specificity, positive prediction value 

PPV), and negative prediction value (NPV). Ni et al [94] . presented 

 COVID detection technique where lesion detection and segmen- 

ation were conducted. The authors claimed that the algorithm’s 

erformance is better compared to radiologists. Jin et al [96] . de- 

igned a combination of segmentation and classification model. 

egmentation was used for the lung lesion regions, followed by the 

lassification technique to classify the lesion regions into COVID 

nd non-COVID. For the segmentation task, several models were 

onsidered such as fully convolutional networks (FCN-8) [99] , U- 

et [70] , V-Net [73] and 3D U-Net ++ [71] . For classification task, 

he authors considered ResNet-50 [75] , Inception networks [100–

02] DPN-92 [103] , and Attention ResNet-50 [104] . Dominik et al 

97] . implemented a robust segmentation model for lungs and 

OVID-19 infected regions based on 3D U-Net architecture. The 

roposed method has comparatively better performance in terms 

f segmentation and improved medical image analysis with lim- 

ted data. 

As given in Table 3 , some works used Recurrent Neural Net- 

orks (RNN) to detect and diagnose COVID-19. A recurrent Neu- 

al Network (RNN) is a class of artificial neural networks that 

llows temporal dynamic behavior. More simply, it allows previ- 

us outputs to be used as inputs while having hidden states. The 

ong Short-Term Memory (LSTM) [105] is one of the popular ex- 

mples. Most of the RNN based techniques are utilized for the 

p

5 
rediction [106–109] and spreading of COVID-19 disease. For in- 

tance, Yang et al [110] . incorporated the LSTM model with SIER 

111] to predict COVID-19 in China. Many LSTM based techniques 

argeted the X-ray modality [112–114] . Some methods are data 

ining and prediction-based [ 109 , 115 , 116 ]. However, limited litera- 

ure exists that utilizes CT imagery and the RNN models. For exam- 

le, a DeepSense model (data mining-based hybrid model) [117] to 

iagnose the medical conditions of COVID patients. The developed 

odel combined convolutional neural network (CNN) and recur- 

ent neural network (RNN), which can extract and classify the re- 

ated features of COVID-19 lesions from the lungs. Hassan et al 

118] . presented technique extracted the relevant features with the 

-deformed entropy handcrafted features to diagnose COVID-19. 

hey used LSTM network to precisely discriminate between COVID- 

9, pneumonia and healthy case. 

.2. Network function blocks 

This section categorizes the collected literature based on dense 

onnections, multi-scale, attention mechanism, and inception as 

rovided in Table 4 . A dense connection is used to design a 

pecial convolution neural network. Dense Convolutional Network 

DenseNet) [122] connects each layer to another in a feed-forward 

ashion. Such types of convolutional neural networks also ex- 

anded for COVID detection. It can simultaneously extract the shal- 
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Table 3 

COVID-19 diagnosis techniques based on Recurrent Neural Network (RNN). 

Source Operations 

No of CT 

Scans/Images/Slices/Patients 

Adopted 

Framework Results 

DeepSense model 

[117] 

Extracting and 

classifying 

COVID-19 lung 

lesions 

IEEE8023 [119] , 

COVID-CT-Dataset 

[120] , COVID-19 

Open Research 

Dataset Challenge 

(CORD19) [121] 

CNN and RNN On COVID-CT with 80% training data 

ACC: 97.78%, F1-score: 92.14%, SEN: 

97.55%, SPEC: 97.42% 

Hasan et al [118] . Classification of 

Covid-19, 

Pneumonia and 

Healthy Lungs 

Total 321 chest CT 

scans including 

118 CT COVID-19 

patients, 96 CT 

scans pneumonia, 

and 107 CT scans 

of healthy people 

LSTM neural 

network 

classifier 

ACC: 99.68% 

Table 4 

COVID-19 CT diagnosis based on dense connections, multi-scale, attention mechanism, and inception. 

Source Operations 

No of CT 

Scans/Images/Slices/Patients 

Adopted 

Framework Results 

Yang et al [123] . COVID and 

non-COVID 

classification 

295 patient’s chest CT Slices DenseNet In the test set 

AUC: 0.98, ACC:92%, SEN:97%, 

SPEC: 87% 

Radiologist Performance 

ACC:95%, SEN: 94%, SPEC:96% 

Liu et al [124] . Classification of 

COVID and 

non-COVID-19 

CT data from 920 COVID 

patients and 1370 from 

non-COVID pneumonia 

patients 

modified 

DenseNet-264 

AUC: 0.98, ACC: 94.3% 

Yan [127] Detection of 

COVID-19 and 

differentiating it 

from other CP 

416 abnormal scans 412 

non-COVID pneumonia scans, 

412 pneumonia scans 

MSCNN SEN: 89.1%, SPEC: 85.7% 

Qingsen et al [129] . Segmentation of 

chest CT images 

with COVID-19 

infections 

21,658 annotated chest CT 

images 

Feature Variation 

FV and Progressive 

Atrous Spatial 

Pyramid Pooling 

(PASPP) 

For Lung 

DSC: 0.987 

For COVID-19 Segmentation 

DSC: 

0.726 

Mohamad et al [130] . COVID-19 

detection 

Total 2482 CT scan images 

1252 COVID-19 patients’ 

images and 1230 

non-COVID-19 images 

CNN, multi-scale 

features, and 

atrous convolution 

ACC: 96.16%. 

Ouyang et al [131] . Diagnosing 

COVID-19 from 

CAP 

2186 CT scans for training 

2796 CT scans for testing 

3D CNN, 

Dual-Sampling 

Attention Network 

and 

VB-Net toolkit 

AUC: 0.944, ACC:87.5%, 

SEN:86.9%, SPEC: 90.1%, 

F1-score: 82.0% 

Bin et al [132] . Binary 

classification of 

COVID positive and 

negative 

Chest CT dataset from [133] Attention 

Mechanism 

AUC: 94.0%, SEN: 88.8%, 

PRC:87.9%, F1-score:88.6% 

Wang et al [93] . Identification of 

COVID-19 and ILD 

936 normal CT scans. 2406 ILD 

CT scans 

1315 COVID-19 CT scans 

3D ResNets with 

prior attention 

ACC:93.3%, SEN: 87.6%, SPEC: 

95.5% 

Zhao et al [134] . Segmentation of 

COVID-19 lung 

opacification 

19 lung CT scans, 

1117 segmented lung 

opacification and eight lung 

CT scans. 

And spatial-wise 

attention module 

DSC: 89.48%, SEN: 88.74% 

Alom et al [135] . Identification of 

COVID-19 patients 

420 CT samples collected from 

different sources 

Modified Nabla-net 

and inception 

neural network 

For Chest CT 

ACC: 98.78% 

For X-ray 

ACC: 84.67% 
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detection results. 
ow features and inner representation of the image. For instance, 

ang et al [123] . designed a DenseNet based model to classify im- 

ges as COVID-19 or healthy. The proposed model has been evalu- 

ted in terms of sensitivity, specificity, and accuracy. Liu et al [124] . 

resented a modified DenseNet-264 model to screen and diagnose 

OVID-19 infected patients. 

With the rapid development of deep learning, many archi- 

ectures are designed, such as multi-scale information fusion 
6 
 125 , 126 ]. Such architectures can effectively enhance the context 

nformation of networks and extract richer semantic information. 

owever, such architectures cannot restore the loss of detailed 

nformation due to the pooling process. A method [127] used 

 multi-scale convolutional neural network (MSCNN) to diagnose 

OVID-19. The proposed model performed well on both slice level 

nd scan level. The presented technique achieved promising COVID 
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Table 5 

COVID-19 CT diagnosis based on improved or novel loss functions. 

Source Operations 

No of CT 

Scans/Images/Slices/Patients 

Adopted 

Framework Results 

Li et al [141] . Improving the 

discrimination and 

detection 

performance of 

COVID-19 images 

COVID-CT-Dataset [120] Stacked- 

autoencoders 

[ 31 , 32 ] and 

reconstruction of a 

loss function 

AA: 94.7%, PRC: 

96.54%, RC:94.1%, 

F1-Score: 94.8% 

Tongxue et al [142] . Segmenting 

COVID-19 CT 

datasets 

473 CT slices U-Net and 

Attention 

Mechanism 

SEN: 86.7%, SPEC: 

99.3% 

Saeedizadeh et al 

[143] . 

COVID-19 infected 

region 

segmentation and 

detection 

Medseg Dataset [145] U-Net and 2D total 

variation [134] 

mIoU: 99%, Dice 

score: 86% 

Wang [144] COVID lesion 

segmentation 

558 COVID-19 patients CT 

scans CNN 

Dice loss, Mean 

Absolute Error 

(MAE) loss, and 

Self Ensembling 

CNNs [ 146 , 147 ] 

Dice (%): 

80.29 ±11.14, RVE 

(%): 17.72 ±23.40, 

HD 95 (mm): 

18.72 ±27.26 
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To overcome the loss of detailed information caused by pooling 

peration, Chen et al [128] . proposed the atrous spatial pyramid 

ooling module (ASPP) to improve image segmentation results. 

uch techniques are also extended for the COVID-19 detection and 

iagnosis. For instance, Qingsen et al [129] . proposed a COVIDSeg- 

et to segment COVID-19 infection regions and the entire lung 

rom chest CT images. The authors included a Feature Variation 

FV) block to address the difficulty distinguishing COVID-19 pneu- 

onia from the lung. The authors also introduced the Progressive 

trous Spatial Pyramid Pooling (PASPP), which progressively aggre- 

ated the information and obtained more useful contextual fea- 

ures. Another suggested technique by Mohamad et al [130] . em- 

loyed the EfficientNet architecture as the backbone and applied 

everal feature maps with varied scales to CT scans. Furthermore, 

he obtained multi-scale feature maps were used to atrous convo- 

ution at various rates to generate denser features, which aided the 

OVID-19 findings. 

To diagnose COVID-19 from CT images, some recent works 

dopted the attention mechanism [ 136 , 137 ]. The attention mech- 

nism is the notion or idea based on attaining focus, which pays 

reater attention to certain factors when processing the data. It is 

ne of the most prominent ideas in the deep learning techniques 

ven though this idea is also adopted for COVID-19 detection pur- 

oses. A method [131] introduced a dual-sampling attention net- 

ork to diagnose COVID- 19 from CAP and utilized VB-Net toolkit 

egmentation [138] for pneumonia infection regions to ensure the 

redictions based on infected regions. Liu et al [132] . developed a 

esion-attention deep neural network (LA-DNN) to predict COVID- 

9 positive or negative. Wang et al [93] . proposed a novel multitask 

rior-attention residual learning model to screen out COVID-19 and 

dentify pneumonia types between COVID-19 and interstitial lung 

isease (ILD). The proposed model coupled two 3D-ResNets into 

 single model to perform the mentioned tasks. Another atten- 

ion mechanism introduced a SCOAT-Net [134] framework, where 

 coarse-to-fine attention network is proposed for segmenting 

OVID-19 lung opacification from CT images. The method further 

nvolved embedding of spatial and channel-wise attention mecha- 

ism, which achieved comparatively a better performance. 

Meanwhile, Inception [101] based methods are also introduced. 

he inception modules allow utilizing multiple types of filter sizes, 

nstead of being restricted to a single filter size, in a single im- 

ge block, which can be concatenated and passed onto the next 

ayer. Alom et al [135] . proposed an inception-based method that 

argeted both the X-ray and CT imaging modalities for COVID-19 

etection. The authors used an Inception Residual Recurrent Con- 
7 
olutional Neural Network methodology for COVID-19 detection. 

he proposed method further comprises COVID-19 infected regions 

egmentation inspired by Nabla-Net [139] . Note that most of the 

OVID-19 diagnostic models explored the networks with transfer 

earning strategy. 

.3. Loss functions 

Apart from the backbone networks and function blocks, the se- 

ection of loss functions is also essential in improving network ef- 

ciency. Therefore, some works (organized in Table 5 ) also focused 

n improving COVID-19 CT diagnosis. Such types of networks could 

e helpful to avoid the class imbalance problem [140] . Li et al 

141] . proposed a stacked auto-encoder detector model. Initially, 

our auto-encoders were built, followed by four auto-encoders and 

urther connected with dense layer and softmax classifier. A new 

lassification loss feature is created by superimposing a recon- 

truction loss to improve the model’s detection accuracy. Another 

ethod [142] used U-Net based segmentation network by incor- 

orating an attention system, including spatial and channel atten- 

ion, into a U-Net architecture to capture rich contextual relation- 

hips for better feature representation. The proposed method in- 

roduced the focal Tversky loss to cope with minor lesion segmen- 

ation. Saeedizadeh et al [143] . trained an architecture similar to 

he U-Net model to detect ground glass regions. A regularization 

erm to the loss function is used to promote connectivity of the 

egmentation map for COVID-19 pixels. The proposed model was 

amed "TV-UNet" because it uses 2D-anisotropic total-variation. 

ang et al [144] . developed a noise-robust Dice loss for robust- 

ess against noise and then COVID-19 pneumonia lesion segmen- 

ation network (COPLE-Net). Further, a teacher model, where the 

oise-resistant dice loss and COPLE-Net are combined in which 

he Exponential Moving Average (EMA) of a student model was 

sed. The model had achieved better noise-robust loss functions, 

hile their COPLE-Net technique achieved higher performance in 

erms of segmentation. 

. COVID-19 ct diagnosis by weakly supervised learning 

Weakly supervised learning is another type of supervised learn- 

ng which lies between both supervised and unsupervised learning. 

upervised learning needs more annotative data to train and test 

he learning models. However, it isn’t easy to collect or generate 

xtensive scale data with more annotations in most cases. On the 
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ontrary, weakly supervised learning models require limited anno- 

ations, and most of the data remain unlabeled. Thus, recently it 

as been utilized extensively in medical imaging. Apart from its 

idespread applications in other areas of medical science, it has 

lso been adopted for COVID-19 CT analysis. 

For instance, an attention-based weakly supervised framework 

148] is presented to diagnose COVID-19 and bacterial pneumo- 

ia. The proposed method achieved an overall accuracy of 98.6% 

nd an AUC of 98.4%. Similarly, another attempt was made by Han 

t al [149] . with weak labels to achieve a more accurate and inter- 

retable analysis of COVID-19 CT diagnosis. The proposed approach 

ad a Cohen kappa score of 95.7%, an overall accuracy of 97.9%, and 

n AUC of 99.0%. In [150] , a weakly supervised framework was de- 

eloped for COVID-19 classification and lesion localization, where 

he pre-trained U-Net was used for the lung region segmentation. 

he infection probability was predicted based on the segmented 

D lung regions. The algorithm achieved a score of 0.959 ROC AUC 

nd 0.976 PR AUC. 

So basically, weak supervision is a branch of machine learning 

here noisy, limited, or imprecise sources provide supervision sig- 

als for labeling large amounts of training data in a supervised 

anner. Weak supervision can be further decomposed into trans- 

er learning and data augmentation procedures. Thus, in the sub- 

equent sections, we collected such COVID-19 CT diagnosis meth- 

ds which adopted transfer learning and data augmentation tech- 

iques. 

.1. Transfer learning 

Transfer learning is a method of reproposing a model or knowl- 

dge for another activity. In the framework of COVID-19 diagno- 

is, extensive research efforts have been done by employing trans- 

er learning. However, the literature on transfer learning has un- 

ergone multiple revisions, and the terms associated with it have 

een used loosely and frequently interchangeably. Therefore, there 

re various types of transfer learning approaches, such as, in our 

ase, domain adaptation. They are all linked in a few aspects and 

ttempt to solve similar problems [151] . The remaining COVID-19 

T diagnosis literature is further organized into subsections based 

n pre-trained, few-shot learning, and domain adaptation. 

.1.1. Pre-trained models (conventional transfer learning) 

In computer vision transfer learning is commonly expressed 

hrough pre-trained models. A pre-trained model has been trained 

n a big extensive benchmark dataset to address a problem compa- 

able to the one we’re working on. Due to the computational cost 

nd complexity of training new models, importing and using such 

odels from published literature (e.g., VGG, Inception, MobileNet). 

or example, Yu et al [152] . modified the GooLeNet, used the trans- 

er learning strategy, and proposed a GoogLeNet-COD model. The 

uthors suggested that the dropout layer and transitional layer are 

ecessary for better computer-aided detection (CAD) system. In 

153] , a diagnosis method was proposed that initially extracted the 

egion of interest (ROI) as input images for training and validation 

ohorts and then trained a modified inception network based on 

he extracted ROI images for further feature extraction. The pro- 

osed method reported accuracy, sensitivity, and specificity as pri- 

ary evaluating metrics. 

Wang et al [154] . proposed a two-step transfer learning prog- 

ostic model and claimed that their model could benefit medical 

esource optimization and COVID-19 prevention. The proposed sys- 

em not only identified COVID-19 but also visualized the suspicious 

nfected lung areas by using the heat maps. Aayush et al [155] .

sed the pre-trained neural networks to classify COVID positive 

nd negative. The proposed model utilized pre-trained DenseNet- 

01 [122] for the classification task. Their results showed that 
8 
enseNet-201 has better performance compared with VGG [156] , 

nception ResNetX [ 101 , 157 ] and ResNet 152V2 [75] . Pathak et al

79] . built a COVID-19 positive/negative classification model based 

n ImageNet pre-trained ResNet-32 [75] version. The findings of 

heir suggested method demonstrated that their transfer learning 

odel could obtain superior classification accuracy than super- 

ised learning-based models. 

To categorize COVID-19 and non-COVID-19 classes, Ali et al 

158] . employed the transfer learning approach using ten famous 

re-trained convolutional neural networks: AlexNet [69] , VGG-16 

nd VGG-19 [69] , SqueezeNet [159] , GoogleNet [101] , MobileNet- 

2 [160] , ResNet-18, ResNet-50, ResNet-101, and Xception [161] . 

esNet-101 and Xception had the best performance among all the 

etworks. Xuehai et al [133] . created a model using the Self-Trans 

ethod. To limit the risk of overfitting to learn dominant and un- 

iased characteristics, the authors adopted self-supervised learning 

ith a transfer learning strategy—the suggested framework clas- 

ified chest CT as COVID-positive or COVID-negative. Furthermore, 

he authors poised a publicly accessible dataset containing hun- 

reds of positive COVID-19 CT scans. 

Kassania et al [162] . used state-of-the-art deep CNN descrip- 

ors to extract highly representative features from chest X-ray and 

T images to differentiate between COVID-19 and healthy partic- 

pants. Dilbag et al [163] . constructed a deep transfer learning 

odel based on densely connected convolutional networks (DC- 

Ns), ResNet152V2, and VGG16 to categorize the suspected cases 

s COVID-19, TB, pneumonia, or healthy. Fu et al [164] . proposed 

 transfer learning strategy where they adopted ResNet-50 pre- 

rained weights on ImageNet and differentiated COVID-19 from 

ther viral pneumonia. 

Pham et al [165] . focused their research on using 16 pre-trained 

NNs. In terms of accuracy, sensitivity, specificity, F1-score, and 

rea under the curve, DenseNet-201 performed admirably. Their 

esearch showed that using transfer learning directly on the in- 

ut slice yields better results than data augmentation-based train- 

ng. Khan et al [166] . proposed optimized deep learning (DL) CT 

cheme to distinguish between COVID-19 infected and normal pa- 

ients. In their proposed method, contrast enhancement was used 

o improve the quality of the original images. The pre-trained 

enseNet-201 [122] classifier was then trained by adopting the 

ransfer learning methodology Table 6 . summarizes some conven- 

ional transfer learning methods proposed for COVID-19 CT analy- 

is. 

. 1. 2 domain adaptation-based transfer learning methods 

Domain adaptation is a subcategory of transfer and weakly su- 

ervised learning. The capacity to apply an algorithm trained in 

ne or more "source domains" to a different (but related) "target 

omain" is known as domain adaptation. The source and target do- 

ains have the same feature space (but distinct distributions) in 

omain adaptation. However, transfer learning includes scenarios 

here the target domain’s feature space differs from the source 

eature space or spaces [169–171] . The intuition behind this is that 

eep neural networks have a lot of capacity to learn representa- 

ions from a single dataset, and some of that information can be 

eused for future tasks [172] . Such approaches could be adopted 

hen there is a shortage of training data. 

Similarly, in the case of COVID-19 CT diagnosis, the required 

raining data scarcity has been addressed by the transfer learn- 

ng domain adaptation strategy. For instance, COVID-DA is a do- 

ain adaptation method introduced by Zhang et al [173] . with 

nly a few COVID-19 annotations. The suggested technique ef- 

ectively diagnoses COVID-19. Chen et al [174] . also adopted a 

omain adaptation strategy to segment COVID-19 CT lung infec- 

ions. The authors used limited real data without annotations and 

ore annotated synthetic data to jointly train the U-Net segmen- 
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Table 6 

COVID-19 diagnosis by conventional transfer learning pre-trained models. 

Source Operations 

No of CT 

Scans/Images/Slices/Patients 

Adopted 

Framework Results 

Shuai et al [153] . Classification of 

COVID-19 and 

typical pneumonia 

1065 Chest CT images Modified Inception 

Network 

Internal validation 

Total ACC: 89.5% 

SPEC: 0.88, SEN: 0.87 

External testing dataset 

Total ACC: 79.3% 

SPEC: 0.83, SEN: 0.67 

Yu et al [152] . COVID-19 

detection 

148 chests CT images GoogLeNet [94] ACC:0.87, SPEC:0.84, SEN: 

0.90 

Wang et al [154] . Classifying 

COVID-19 from 

other types of 

pneumonia 

A total of 5372 patients CT 

images including 

additional information 

DenseNet121 [45] 

and FPN [76] 

For COVID-19 

AUC: 0.87 

For Other Pneumonia 

AUC: 0.88 

For Viral Pneumonia 

AUC: 0.86 

Aayush et al [155] . Classification of 

COVID ( + ve) and 

COVID (-ve) 

2492 CT scans, 68% for 

training, 17% for 

validation, and 15% for 

testing 

Pre-trained 

DenseNet201 

On Test Set 

AUC:0.97, ACC:0.998, 

SPEC:0.992, 

F1-score:0.998, RC:0.997, 

PRC:0.999 

Pathak et al [79] . Classification of 

COVID + ve and 

COVID -ve 

413 COVID + ve images 

439 images of normal or 

pneumonia infected 

patients 

Pre-trained 

ResNet-32 

On Test Set 

ACC:0.93, SPE:0.95, 

SEN:0.91, PRC:0.95 

Ali et al [158] . COVID-19 

diagnosis 

And classification 

1020 CT slices from 108 

patients. 

Ten pre-trained 

convolutional 

neural networks 

ResNet-101 Performance 

AUC: 0.994, SEN: 100%, 

SPEC: 99.02%, ACC: 99.51% 

Xception Performance 

AUC: 0.994, SEN: 98.04%, 

SPEC: 100%, ACC: 99.02% 

Xuehai et al [133] . COVID-19 

diagnosis and 

construction of 

publicly available 

dataset 

349 positive CT scans 

397 negative CT scans 

Train 

DenseNet-169 

[122] by Self-Trans 

[167] method 

On Test Set 

ACC:0.86, F1-score:0.85, 

AUC:0.94 

Kassania et al [162] . To differentiate 

between COVID-19 

and healthy 

participants 

COVID-19 image data 

collection [119] 

Pre-trained CNN 

models with 

machine learning 

classifiers 

Best Performer 

DenseNet121 feature 

extractor with Bagging 

tree classifier 

achieved 99% classification 

accuracy 

Singh et al [163] . Classification of 

COVID ( + ve), 

pneumonia, and 

tuberculosis 

2373 COVID, 2890 

pneumonia infected, 3193 

tuberculosis, and 3038 

healthy images 

VGG16, 

DenseNet201, and 

ResNet152V2 

On Test Set 

AUC: 98.29%, ACC: 98.94%, 

SEN: 98.84%, SPEC: 98.83%, 

F1-score: 98.31% 

Fu et al [164] . Detection and 

differentiating 

COVID-19 and 

other 

common infectious 

diseases 

Private CT dataset Pre-trained 

ResNet-50 

For the test dataset, 

ACC: 98.8%, SEN: 98.2%, 

SPEC: 98.9%, PPV: 94.5%, 

NPV:99.5 

Pham et al [165] . COVID–19 

Classification 

COVID-CT-Dataset [120] 16 pre-trained 

CNNs 

DenseNet-201: ACC (%): 

96.20 ± 4.95, SEN (%): 

95.78 ± 5.27, SPEC (%): 

96.67 ± 4.59, F1-score: 

0.96 ± 0.05, AUC: 

0.98 ± 0.03 

Khan et al [166] . COVID-19 

classification 

Radiopaedia COVID-19 

dataset [168] 

Pretrained 

DenseNet-201 and 

contrast 

enhancement 

Average classification ACC: 

94.76% 
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ation network. The authors introduced conditional GAN for ad- 

ersarial training to overcome the domain mismatch. The pro- 

osed network outperformed a few of the state-of-the-art methods 

ignificantly. 

To address various infections and domain shift concerns in 

OVID-19 datasets, Jin et al [175] . presented a domain adaption- 

ased self-correction model (DASC –Net). The proposed DASC –Net 

ontained a novel attention and feature domain enhanced domain 

daptation model (AFD-DA) to solve the domain shifts and a self- 

orrection learning process to refine segmentation results. Com- 
9 
ared to other state-of-the-art methods, the suggested method in- 

icated that DASC –Net performance is quite promising. Li et al 

176] . also solved the insufficient COVID-19 CT medical data prob- 

em by adopting the domain adaptation strategy and successfully 

etected the infected regions. The proposed model achieved bet- 

er accuracy upon comparing with SOTA approaches. A few of the 

omain-adaptation inspired works are provided in Table 7 . 

.1.2.1. Few-shot learning-based transfer learning models. Few-shot 

earning (FSL), also known as low-shot learning (LSL), is a machine 
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Table 7 

Selective information from collected domain adaptation-based transfer learning methods. 

Source Operations 

No of CT 

Scans/Images/Slices/Patients Adopted Framework Results 

Zhang et al [173] . COVID-19 

screening 

A self-created COVID-DA 

dataset collected from 

different online sources 

Transferring domain 

knowledge from 

a labeled source domain 

F1-score: 92.98%, RC: 

88.33%, PRC: 98.15%, AUC: 

0.985% 

Chen et al [174] . COVID-19 infection 

segmentation 

Medseg dataset [145] U-Net and conditional 

GAN 

For Infections 

DICE: 86.15 ±0.29, SEN: 

84.29 ±0.31, SPEC: 

99.81 ±0.01 

For Lung 

Dice: 96.13 ±0.07, SEN: 

94.61 ±0.09, SPEC: 

99.67 ±0.01 

Jin et al [175] . COVID-19 infection 

segmentation 

A dataset collected from 

three sources [ 98 , 145 , 177 ] 

Segmentation, adversarial 

learning, and class 

activation map (CAM) 

[ 178 ] 

COVID-19-T1 dataset 

Dice: 77%, SEN: 81.2%, 

SPEC: 98.0% 

Li et al [176] . COVID-19 infection 

detection 

300 slices from Zhongnan 

Hospital, Wuhan 

University and 

Medsegdataset [145] 

Vanilla ResNet50, 

Network-in-Network (NIN) 

[179] , Adversarial loss, and 

vanilla Faster R-CNN [180] 

SEN:94.2%, SPE: 99.5%, 

ACC: 96.85% 

Table 8 

Important selective information from Few-shot learning-based transfer earning models. 

Source Operations 

No of CT 

Scans/Images/Slices/Patients Adopted Framework Results 

Yifan et al [181] . COVID-19 

diagnosis 

6000 source domains 

slices (synthetic data) and 

60 target domain slices 

(real data). 

600 real CT scans as 

test set. 

Siamese network structure ACC: 0.8040 ±0.0356 

F1-score: 0.7998 ±0.038 

Voulodimos [182] COVID-19 infected 

area segmentation 

Radiopaedia [168] and 

[ 98 , 187 ] 

U-Net and on-line 

few-shot learning process 

Few-shot U-Net (AUC): 

0.968 

Abdel et al [183] . COVID-19 infection 

segmentation 

Medseg Dataset [145] Encoder (using Res2Net 

module) [184] and 

Decoder Network 

On Test Set 

DSC: 0.798, SEN: 0.803, 

SPE: 0.986, MAE: 0.065 

Chen et al [185] . COVID-19 

diagnosis 

216 patients COVID ( + ve) 

scans 

171 persons have COVID 

(-ve) scans 

Pre-trained encoder and 

self-supervised strategy 

On Test Set 

ACC:0.868, PRC:0.883, 

AUC:0.931, RC:0.872 
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earning problem in which the training dataset contains just a tiny 

mount of data. This has been introduced to address the issue 

f domain adaptation with a limited number of training samples. 

achine learning applications need extensive data and the com- 

on practice to feed as much data as the model can take. Feeding 

ore data enables the model to predict better. Contrary to this, 

SL seeks to create accurate machine learning models with fewer 

raining data. Note that FSL has different variations and cases such 

s N-Shot Learning, One-Shot Learning, Zero-Shot Learning. 

As medical CT datasets are limited for COVID-19 analysis. In or- 

er to tackle that, Yifan et al [181] . proposed a domain adaption- 

ased COVID-19 CT diagnostic model on few-shot COVID-19 condi- 

ions. The authors utilized many synthetic COVID-19 CT images and 

djusted the networks from the source domain (synthetic data) to 

he target domain (real data) with a cross-domain training mech- 

nism. Voulodimos et al [182] . explored the efficacy of few-shot 

earning in U-Net architectures. Their experimental results indi- 

ated improved segmentation accuracy in identifying COVID-19 in- 

ected regions. 

Abdel et al [183] . suggested another COVID-19 diagnosis tech- 

ique based on few-shot segmentation. The primary goal of their 

esearch was to create accurate segmentation from a small set 

f annotated lung CT data. The proposed FSS architecture al- 

owed learning from small support samples and improved query 

ample generalization. Furthermore, the Res2Net50-based encoder 

p

10 
184] allowed for better network convergence. Chen et al [185] . 

eveloped a few-shot learning approach for predicting COVID-19 

T analysis with minimum training. Initially, the instance discrim- 

nation task was carried out to test the model’s ability to distin- 

uish between two images, regardless of whether they are identi- 

al instances or not. They also avoided data augmentation by gen- 

rating alternative views of the same images to supplement the 

ame dataset. Finally, a self-supervised technique [186] based on 

omentum contrastive training was used to improve performance. 

he suggested model’s efficacy was tested using two publicly avail- 

ble datasets. Table 8 depicts some of the COVID-19 CT diagnosis 

orks based on Few-shot learning approch. 

.2. Data augmentation 

Data augmentation is another type of weak supervision. It is 

lso introduced to address the data scarcity problem. The data 

ugmentation techniques could be further categorized into con- 

entional data augmentation techniques and generative adversarial 

etworks (GANs). This section organizes the COVID-19 CT diagnosis 

iterature according to data augmentation with pre-trained models 

nd data augmentation with GANs. 

.2.1. Data augmentation with pre-trained models 

For COVID-19 CT analysis, several works adopted such ap- 

roaches with pre-trained models to diagnose COVID-19. Silva et al 
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188] . used data augmentation and transfer learning techniques 

o overcome data scarcity. Image rotation, zooming, and horizon- 

al flipping were used as a data augmentation procedure. Horry 

t al [189] . performed a comparative study by adopting the trans- 

er learning strategy with data augmentation. They optimized the 

GG-19 model considering three different image modalities, in- 

luding CT to COVID-19 against pneumonia or normal. In [190] , 

 transfer learning-based DensNet-121 approach was adopted to 

dentify COVID-19. In order to increase more training samples, a 

ata augmentation-based procedure was applied. Ko et al [191] . 

erformed classification on chest CT images to classify COVID-19 

neumonia, other pneumonia, and non-pneumonia. The proposed 

etwork applied two distinct forms of data augmentation: im- 

ge rotation and zoom. It used transfer learning-based pre-trained 

onvolutional neural network (CNN) models as a backbone where 

esNet-50 achieved better predictions. Ahuja et al [192] . developed 

 three-phase COVID19-CT detection model with three stages. For 

ata augmentation in Phase 1, stationary wavelets decomposition 

as used. For binary classification in Phase 2, a trained CNN model 

as used. Finally, defects in CT scan images were found in Phase 3. 

heng et al [193] . proposed a model that used the 3D CT volumes

o detect COVID-19. A pre-trained U-Net is used to segment the 

ung region of each patient. The segmented 3D lung region was 

ed into a 3D deep neural network to predict the probability of 

OVID-19 infection. Data augmentation with random affine trans- 

ormation and color jittering strategies were applied to avoid the 

verfitting problem. The proposed model identified COVID1–19 in 

 faster way. 

Hu et al [194] . applied sixteen data augmentation operations 

o enrich the training set for the training phase. The authors used 

NN with ShuffleNet-V2 as a backbone to efficiently distinguish the 

OVID-19 patients from non-infected or infected by other pneu- 

onia (bacterial pneumonia or SARS). Hasan et al [195] . applied 

 newly adopted DenseNet-121 CNN with a data augmentation 

echnique to classify and identify COVID-19 patients. The adopted 

enseNet-121 CNN resulted in better COVID-19 predictions. Some 

uthors [196] utilized ensemble transfer learning and fine-tuned 

 total of 15 pre-trained convolutional neural networks (CNNs) 

o detect COVID-19. Data augmentation was used during train- 

ng to reduce the overfitting problem of deep CNN. A COVID-19 

creening strategy based on transfer learning and data augmen- 

ation was also applied in a method [197] . The VGG-16 architec- 

ure has been fine-tuned and extracted features from CT scans. 

or feature selection, principal component analysis (PCA) was em- 

loyed. Four distinct classifiers were employed for the final classi- 

cation. Bagging ensemble using SVM achieved better classification 

esults. Using less labeled data, Hu et al [198] . achieved a weakly 

upervised learning framework of COVID-19 classification and le- 

ion localization. The suggested network considered data pre-and 

ost-processing for lung segmentation. For lesion localization, the 

uthors used multi-scale learning followed by weakly supervised 

earning. Bai et al [199] . adopted the pre-trained weights of Effi- 

ientNet with data augmentation technique and classified between 

OVID-19 and non–COVID-19 chest CT slices. The respective infor- 

ation for each selected article is provided in Table 9 . 

.2.2. GAN based data augmentation methods 

The fundamental reason for introducing GAN-based techniques 

s COVID-19 benchmark datasets scarcity. The primary goal is to 

ollect feasible CT benchmark datasets and use traditional data 

ugmentations with CGAN to generate new images to help COVID- 

9 identification. Such that, Loey et al [209] . induced a deep trans- 

er learning (DTL) model to classify COVID-19. The authors com- 

osed a small dataset and enriched their collected dataset using 

lassical data augmentation and CGAN. After that, a classifier was 

sed to predict COVID/non-COVID as classification outcomes. Song 
11 
t al [210] . introduced a representation learning technique based 

n a large-scale bi-directional generative adversarial network (Big- 

iGAN) architecture. The architecture was mainly designed to ex- 

ract semantic features from the CT images. The semantic fea- 

ure matrix was utilized as input for linear classifier construction. 

edik et al [211] . proposed bi-data-augmentation models to detect 

OVID-19 accurately. The purpose of the two data-augmentation 

odels was to enhance the learnability of the Convolutional Neu- 

al Network (CNN) and the Convolutional Long Short-Term Mem- 

ry (ConvLSTM) based deep learning models (DADLMs). The au- 

hors also used a data-augmentation-based strategy with CGAN. 

he proposed DALDLM model outperformed the data-augmented 

GAN model in terms of the COVID-19 detection accuracy. 

Mobiny et al [212] . created a Detail-Oriented Capsule Networks 

ECAPS framework by boosting the COVID-19 classification accu- 

acy. The authors adopted conditional generative adversarial net- 

orks (GANs) based data augmentation procedure on dealing with 

ata scarcity. Goel et al [213] . established a generative adversar- 

al network (GAN) [214] and ResNet-50 based model to classify 

OVID-19 and non-COVID-19. The Whale Optimization Algorithm 

WOA) [215] optimized GAN parameters and generated more CT 

mages. In the final stage of the proposed model, the newly con- 

tructed images were further fed into ResNet-50 for diagnosis pur- 

oses. Ghassemi et al [216] . utilized a cyclic generative adversar- 

al net (CycleGAN) as data augmentation and the transfer learning 

trategy. The proposed model achieved a high accuracy rate, i.e., 

9.60% accuracy. The respective information about each selected 

rticle is given in Table 10 . 

. Discussions and future perspectives 

After extensive analysis of the COVID-19 CT diagnosis literature, 

t is evident that the supervised and weakly supervised deep learn- 

ng models have been adopted extensively. Supervised learning has 

uite great benefits, but it is also challenging. For instance, super- 

ised learning helps solve real-world problems, and for that, we 

eed to choose lots of good examples from each class while train- 

ng the classifier. However, it is not easy to have extensive and 

ood data collection in hand for training. Classifying big data is 

nother real challenge. Moreover, the comprehensive training data 

hould be representative rather than non-representative, which 

ould generalize the new cases and classes. Apart from these chal- 

enges, supervised learning requires a lot of computation time. 

For artificial intelligence models (both machine and deep learn- 

ng models), the data is the fuel: the more data, the more ac- 

uracy and reliability of the model. Many works either modified 

r retrained the deep learning models by adopting the supervised 

earning strategies and conducted their experiments. Similarly, nu- 

erous COVID research implemented the pre-trained models and 

ransfer learning techniques (weakly supervised). 

Initially, for COVID-19 diagnosis, these learning models were 

pplied with limited CT datasets. Gradually, relatively large COVID- 

9 CT datasets [222–226] were introduced. Though, these datasets 

re still insufficient to solve the data scarcity problem. There- 

ore, weakly supervised learning techniques (especially conven- 

ional transfer learning) have been adopted extensively compared 

o supervised learning strategies. Along with these transfer learn- 

ng techniques, many researchers used synthetic data procedures 

uch as GANs and data augmentation to address the data scarcity. 

imilarly, some works in sections 3.1.2 and 3.1.2.1 adopted transfer 

earning data adaption and few-shot learning techniques to make 

he COVID-19 detection models more efficient. Despite an excel- 

ent performance, such strategies still don’t provide closed-end so- 

utions. 

We may see a large number of conventional transfer learning 

esearch have good performance in test and validation phases, but 
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Table 9 

COVID-19 CT data augmentation with pre-trained Models methods and their selective information. 

Source Operations 

No of CT 

Scans/Images/Slices/Patients Adopted Framework Results 

Silva et al [188] . COVID-19 detection Datasets [ 120 , 200 ] EfficientNet [201] ACC: 87.6, F1-score: 86.19, AUC: 

90.5 

Horry et al [189] . COVID-19 detection Multi-Modal datasets e.g., 

X-ray dataset [119] , Chest CT 

dataset [202] , and Ultrasound 

dataset [203] 

CNN pre-trained model 

with data augmentation 

technique. 

VGG19 model performed well and 

achieved a precision of up to 84% 

for CT 

Li et al [190] . COVID-19 

identification 

349 CT images with 

clinical findings of 216 

COVID-19 patient cases 

Pre-trained DensNet-121 ACC: 0.87 and F1-score: 0.86, 

Ko et al [191] . COVID-19 diagnosis 3993 chest CT images, 

comprises COVID-19, other 

pneumonia, and 

nonpneumonia disease from 

various sources 

CNN pretrained Models 

VGG16 [156] , ResNet-50 

[75] , Inception-v3 [100] , 

and Xception [161] with 

data augmentation 

Results ResNet-50 as best performer 

COVID-19 pneumonia ACC: 98.67% 

Other pneumonia ACC: 98.63% 

Nonpneumonia ACC: 100% 

Ahuja et al [192] . COVID-19 detection 

with binary 

classification e.g., 

COVID and non-COVID 

349 positive CT images and 

397 CT images of non-COVID 

patients 

ResNet18, ResNet50, 

ResNet-101, and 

Squeeze-Net [159] 

On Testing 

ACC: 99.4%, SEN: 100%, SPE: 

98.6%, AUC: 0.9965 

Zheng et al [193] . COVID-19 detection 499 CT volumes for training 

131 CT volumes for testing 

Pre-trained U-Net, with 

random affine 

transformation and color 

jittering data 

augmentation techniques 

ACC: 0.901, PPV: 0.840, and 

NPV:0.982 

Hu et al [194] . Classification of 

COVID-19 positive and 

negative 

521 COVID-19 and 397 healthy 

subjects 

ShuffleNet V2 [ 204 , 205 ] On Test Set 

AUC:0.969, SEN:0.902, SPE:0.916, 

ACC:0.912 

Hassan et al [195] . COVID-19 Prediction CT Dataset [206] , Sao Paulo, 

Brazil 

DenseNet-121 Non-COVID 

PRC:0.96, RC:0.85 

COVID-19 

PRC: 0.84, RC: 0.95 

Shalbaf et al [196] . COVID-19 detection COVID-CT-dataset [202] EfficientNets(B0-B5), 

NasNetLarge, 

NasNetMobile, 

InceptionV3, ResNet-50, 

SeResnet 50, Xception, 

DenseNet121, ResNext50 

and Inception_resnet_v2 

PRC: 0.857, RC: 0.854, and ACC: 

0.85 

Singh et al [197] . COVID-19 detection Covid-19 image data collection 

[119] , Covid-ct-dataset [120] , 

and 

Italian Society of Medical and 

Interventional Radiology [207] 

VGG16 architecture, 

principal component 

analysis (PCA), deep 

convolutional neural 

network (DCNN), extreme 

learning machine (ELM), 

online sequential ELM, 

bagging ensemble with 

support vector machine 

(SVM), and data 

augmentation techniques. 

Bagging ensemble with SVM 

ACC: 95.7%, PRC: 95.8%, 

(AUC): 0.958, and an F1-score: 

95.3% 

Hu et al [198] . COVID-19 infection 

detection 

Total 450 patient scans, 150 

chest CT exams of COVID-19, 

CAP and NP patients with 

additional information, and 

Lung Segmentation dataset 

[208] 

CNN and U-Net NP with AUC: of 0.90 ±0.03 

CAP with AUC: 0.86 ±0.03 

COVID-19 with AUC: 0.92 ±0.02 

Bai et al [199] . Classification of COVID 

and non–COVID 132,583 CT slices EfficientNet B4 and Fully 

Connected Neural Network 

(FCNN) 

External Testing Dataset 

ACC: 87%, SEN: 89% SPEC: 86% 

AUC: 0.90, PRC: 0.87 
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t may fail in practical clinical analysis. For instance, the most pre- 

rained weights are borrowed from ImageNet, where the images 

re common objects such as cars, airplanes, humans, buses, boats, 

tc. On the other hand, biomedical imaging data is quite different. 

t is also evident from recent research [227] that traditional trans- 

er learning is over-hyped and not much that helpful for medi- 

al image processing. Therefore, transfer learning can be utilized 

ffectively by reusing the sophisticated features rather than over- 

arameterizing the standard models. 

Recently, the trend has been diverting towards few-shot and 

elf-supervised learning to address data scarcity and model effi- 

acy. Few-shot learning is a concept for learning a common repre- 
12 
entation for a wide range of tasks and then training task-specific 

lassifiers on top of it. Compared with the few-shot learning, self- 

upervised learning can do tasks without labeled data. The self- 

upervised learning process is multi-layered like human cognition 

nd can acquire more knowledge from fewer and simple data. Self- 

upervised learning is an emerging research area and relatively 

ess explored in COVID-19 CT diagnosis. As a result, this paradigm 

as a lot of promise for clinical enterprises. It can also help with 

eep learning’s most complex challenges, such as data/sample in- 

fficiency and subsequent expensive training. 

Current medical imaging research [228–231] has demonstrated 

he feasibility of self-supervised learning. In order to preserve 
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Table 10 

Selective information from GAN-based data augmentation COVID-19 diagnosis methods. 

Source Operations 

No of CT 

Scans/Images/Slices/Patients Adopted Framework Results 

Loey et al [209] . COVID-19 

detection 

Utilized CGAN network 

and data augmentation to 

construct 4425 images for 

the training set and 418 

for the validation set from 

the dataset [98] 

Pre-trained CNNs (AlexNet, 

VGGNet16, VGGNet19, 

GoogleNet, and ResNet50) 

ACC: 82.91%, SEN: 7.66%, SPE: 

87.62% 

Song et al [210] . COVID-19 

diagnosis and 

classification 

Chest CT data from 227 

patients (106 COVID-19 

positive patients and 121 

non-COVID-19 patients) 

BigBiGAN [217] , additionally, 

support vector 

machine (SVM) and k-nearest 

neighbor (KNN) were used 

for comparison. 

BigBiGAN performance on Test set 

AUC for test set: 0.972, 

SEN: 92%, SPEC: 91%. 

SVM AUC for Test set: 0.531 

KNN AUC for Test set: 0.998 

Sedik et al [211] . COVID-19 

Detection 

500 Images and training 

set from [218] 

CNN, ConvLSTM, and data 

augmentation (image 

transformations) along with 

GANs 

CNN 1 

CGAN DADLM Performance 

SEN: 100%, SPEC: 97.8%, PPV: 

97.7%, NPV: 100%, and 

F1-Score: 99.0% 

Mobiny et al [212] . COVID-19 

classification 

Covid-ct-dataset [120] Capsule Networks (CapsNets) 

[ 219,220 ] and GAN [221] 

For Classification 

PRC: 0.843, RC: 0.915, SPEC: 

0.860, ACC: 0.876, F1-score: 

0.871, AUC: 0.961 

Goel et al [213] . COVID-19 

screening and 

classification 

1252 COVID-19 images 

1230 non-COVID-19 

images 

Generative adversarial 

network (GAN) and ResNet-50 

On Test set 

ACC: 99.2%, SEN: 99.78%, 

SPEC:97.78%, F1-score: 98.79% 

Ghassemi et al 

[216] . 

COVID-19 

diagnosis 

1766 abnormal slices 

1397 normal slices 

several pre-trained CNN 

networks 

ACC: 99.60% 
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ore information, Zhuo et al [228] . presented Preservational 

earning. Their study compared ImageNet pre-trained model with 

he pre-trained model on Luna [232] , BraTS [233] , and LiTS 

234] and found that self-supervised training on related data sets 

an improve the performance of segmentation and detection mod- 

ls for medical imaging. In [229] , a Swin UNETR structure was pro- 

osed with a hierarchical encoder by leveraging the self-supervised 

re-training on CT modality and outperformed all the competitors 

n MSD and BTCV datasets. In [230] , a self-supervised model for 

econstructing and predicting geometric transformations was de- 

eloped. Predictions based on geometric transformations have a 

reater influence on learning imaging features and have shown sig- 

ificant performance in predicting deviant scores in clinical brain 

T data. Azizi et al [231] . introduced a novel Multi-Instance Con- 

rastive Learning (MICLe) technique that combines several pictures 

f the underlying pathology of each patient case to create more 

nformative positive pairs for self-supervised learning, increasing 

op-1 accuracy by 6.7%. 

Similarly, a few works [235–239] successfully induced the self- 

upervised intuition for COVID-19 diagnosis. Taking the above dis- 

ussion into account, self-supervised learning has the protentional 

nd can be applied successfully. For instance, combining the com- 

osition of data augmentations, introducing a learnable nonlinear 

ransformation, and contrastive learning from larger batch sizes 

nd more training steps can uplift the performance of a pre- 

ictive model [167] . Likewise, the famous Momentum Contrast 

MoCo) can be adapted to facilitate contrastive unsupervised learn- 

ng [240] . Besides, the Masked autoencoders (MAE) introduced by 

e et al [241] . can be utilized to reconstruct the missing pixels and

nable the model to learn richer semantic representations. 

Another factor is evaluating the reliability and efficacy of intel- 

igent diagnostics systems before their deployment into real-time 

ractices; thus, uncertainty quantification [242] becomes essential 

243–245] . This extra vision attempts to improve the overall trust- 

orthiness of the systems so that clinicians and users can un- 

erstand when and where they may trust the models’ predictions 
13 
246] . In other words, the uncertainty quantification minimizes the 

oor generalization of a model in real-world clinical practice [247] . 

onsequently, accurate uncertainty estimations are required to im- 

rove the model’s efficacy and apply it to the medical domain with 

rust and reliability. Therefore, to quantify the uncertainty of tra- 

itional deep learning methods, the Bayesian Deep Learning (BDL) 

ethods can be a great solution [248] . Modeling uncertainty quan- 

ification not only improves the predictive performance but is also 

apable of detecting predictive failures [249] . 

. Conclusion 

Despite the current gold standard RT-PCR and other COVD-19 

iagnosis tests, CT diagnosis by computer vision and artificial in- 

elligence is an active area of research. Considerable research has 

een conducted, and many research articles cascaded that exten- 

ive spontaneous research works in the form of review articles by 

onsidering different aspects. Inspired by that, in this review ar- 

icle, we explored, arranged, and classified COVID-19 CT diagno- 

is research. For this purpose, we collected the relevant literature 

nd categorized the collected techniques according to multi-level 

upervised and weakly supervised learning. Many works adopted 

he supervised schemes, such as network backbones and network 

lock-based procedures. 

On the other hand, due to the limitations of COVID-19 CT 

atasets, weakly supervised learning approaches gained much at- 

ention compared to supervised learning. To predict COVID-19, the 

re-trained models with data-augmentation procedures are exten- 

ively adopted with traditional transfer learning. It is noted that 

ecently, domain adaptation-based transfer learning methods have 

een introduced, which is helpful to alleviate data scarcity to 

ome extent. However, limited attention has been given to self- 

upervised learning, which can do tasks without massive amount 

f labeled data. Therefore, self-supervised strategies could be an- 

ther ultimate solution for COVID-19 CT analysis and dataset 

carcity. Last but not least, uncertainty quantification procedures 
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re also essential to evaluate the reliability of a diagnostic system 

efore its deployment into clinical practices. 
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[9] Ş . Öztürk , U. Özkaya , M. Barstu ̆gan , Classification of Coronavirus (COVID-19) 
from X-ray and CT images using shrunken features, Int. J. Imaging Syst. Tech- 

nol. 31 (1) (2021 Mar) 5–15 . 
[10] FDA, Food and DrugAdministration . 2019: p. https://www.fda.gov/consumers/ 

consumer- updates/coronavirus- disease- 2019- testing- basics . Accessed on Jan- 
uary 28 2022, 

[11] B. Udugama , P. Kadhiresan , H.N. Kozlowski , A. Malekjahani , M. Osborne ,

V.Y. Li , H. Chen , S. Mubareka , J.B. Gubbay , W.C. Chan , Diagnosing COVID-19:
the disease and tools for detection, ACS Nano 14 (4) (2020 Mar 30) 

3822–3835 . 
[12] R. Kubina , A. Dziedzic , Molecular and serological tests for COVID-19. A com-

parative review of SARS-CoV-2 coronavirus laboratory and point-of-care di- 
agnostics, Diagnostics 10 (6) (2020 Jun) 434 . 

[13] C. Huang , Y. Wang , X. Li , L. Ren , J. Zhao , Y. Hu , L. Zhang , G. Fan , J. Xu , X. Gu ,

Z. Cheng , Clinical features of patients infected with 2019 novel coronavirus in 
Wuhan, China, Lancet North Am. Ed. 395 (10223) (2020 Feb 15) 497–506 . 

[14] M.J. Binnicker , Emergence of a novel coronavirus disease (COVID-19) and the 
importance of diagnostic testing: why partnership between clinical laborato- 

ries, public health agencies, and industry is essential to control the outbreak, 
Clin. Chem. 66 (5) (2020 May 1) 664–666 . 

[15] S.A. Bustin , T. Nolan , RT-qPCR testing of SARS-CoV-2: a primer, Int. J. Mol. Sci.

21 (8) (2020 Jan) 3004 . 
[16] A.S. Fauci , H.C. Lane , R.R. Redfield , Covid-19—Navigating the uncharted, N. 

Engl. J. Med. 382 (13) (2020 Mar 26) 1268–1269 . 
[17] W.J. Guan , Z.Y. Ni , Y. Hu , W.H. Liang , C.Q. Ou , J.X. He , L. Liu , H. Shan , C.L. Lei ,

D.S. Hui , B. Du , China medical treatment expert group for Covid-19, Clin. 
Character. Coronavirus Dis. (2019) 1708–1720 . 

[18] C.I. Paules , H.D. Marston , A.S. Fauci , Coronavirus infections—More than just 

the common cold, JAMA 323 (8) (2020 Feb 25) 707–708 . 
[19] H. Lu , C.W. Stratton , Y.W. Tang , Outbreak of pneumonia of unknown etiology

in Wuhan, China: the mystery and the miracle, J. Med. Virol. 92 (4) (2020 
Apr) 401 . 

[20] V.M. Corman , O. Landt , M. Kaiser , R. Molenkamp , A. Meijer , D.K. Chu , T. Ble-
icker , S. Brünink , J. Schneider , M.L. Schmidt , D.G. Mulders , Detection of 2019

novel coronavirus (2019-nCoV) by real-time RT-PCR, Eurosurveillance 25 (3) 
(2020 Jan 23) 20 0 0 045 . 

[21] S. Stephanie , T. Shum , H. Cleveland , S.R. Challa , A. Herring , F.L. Jacobson ,

H. Hatabu , S.C. Byrne , K. Shashi , T. Araki , J.A. Hernandez , Determinants of
chest radiography sensitivity for COVID-19: a multi-institutional study in the 

United States, Radiology 2 (5) (2020 Sep 24) e200337 . 
[22] J.M. Sharfstein , S.J. Becker , M.M. Mello , Diagnostic testing for the novel coro-

navirus, JAMA 323 (15) (2020 Apr 21) 1437–1438 . 
14 
[23] World Health Organization. Laboratory testing for 2019 novel coronavirus 
(2019-nCoV) in suspected human cases, Interim guidance, 2 March 2020. 

[24] W. Zhang , R.H. Du , B. Li , X.S. Zheng , X.L. Yang , B. Hu , Y.Y. Wang , G.F. Xiao ,
B. Yan , Z.L. Shi , P. Zhou , Molecular and serological investigation of 2019-nCoV

infected patients: implication of multiple shedding routes, Emerg. Microbes 
Infect. 9 (1) (2020 Jan 1) 386–389 . 

[25] M. Dramé, M.T. Teguo , E. Proye , F. Hequet , M. Hentzien , L. Kanagaratnam ,
L. Godaert , Should RT-PCR be considered a gold standard in the diagnosis of 

Covid-19? J. Med. Virol. (2020 Nov 1) . 

[26] K. Liu , Y. Chen , R. Lin , K. Han , Clinical features of COVID-19 in elderly pa-
tients: a comparison with young and middle-aged patients, J. Infect. 80 (6) 

(2020 Jun 1) e14–e18 . 
[27] R. Liu , H. Han , F. Liu , Z. Lv , K. Wu , Y. Liu , Y. Feng , C. Zhu , Positive rate of

RT-PCR detection of SARS-CoV-2 infection in 4880 cases from one hospital 
in Wuhan, China, from Jan to Feb 2020, Clin. Chim. Acta 505 (2020 Jun 1)

172–175 . 

[28] J. Xie , C. Ding , J. Li , Y. Wang , H. Guo , Z. Lu , J. Wang , C. Zheng , T. Jin , Y. Gao ,
H He , Characteristics of patients with coronavirus disease (COVID-19) con- 

firmed using an IgM-IgG antibody test, J. Med. Virol. 92 (10) (2020 Oct) 
2004–2010 . 

[29] C.M. Umemneku Chikere , K. Wilson , S. Graziadio , L. Vale , A.J. Allen , Diagnostic
test evaluation methodology: a systematic review of methods employed to 

evaluate diagnostic tests in the absence of gold standard–an update, PLoS One 

14 (10) (2019 Oct 11) e0223832 . 
[30] R. Vaishya , M. Javaid , I.H. Khan , A. Haleem , Artificial Intelligence (AI) applica-

tions for COVID-19 pandemic, Diabetes Metabol. Syndrome 14 (4) (2020 Jul 
1) 337–339 . 

[31] Sharma C. Artificial Intelligence in Healthcare–A case study of Covid-19. 2022 
[32] A. Keshavarzi Arshadi , J. Webb , M. Salem , E. Cruz , S. Calad-Thomson ,

N. Ghadirian , J. Collins , E. Diez-Cecilia , B. Kelly , H. Goodarzi , J.S Yuan , Artifi-

cial intelligence for COVID-19 drug discovery and vaccine development, Front. 
Artific. Intell. 3 (2020 Aug 18) 65 . 

[33] Radiology, A., Study: chest X-rays Highly Predictive of COVID-19. p. https:// 
www.appliedradiology.com/articles/study-chest-x-rays-highly-predictive-of- 

covid-19 . Accessed on 28 January 2022. 
[34] H.Y. Paul , T.K. Kim , C.T. Lin , Generalizability of deep learning tuberculosis 

classifier to COVID-19 chest radiographs: new tricks for an old algorithm? 

J. Thorac. Imaging 35 (4) (2020 Jul 1) W102–W104 . 
[35] L. Wang , Z.Q. Lin , A. Wong , Covid-net: a tailored deep convolutional neural 

network design for detection of covid-19 cases from chest x-ray images, Sci. 
Rep. 10 (1) (2020 Nov 11) 1–2 . 

[36] Farooq M., Hafeez A. Covid-resnet: a deep learning framework for screening 
of covid19 from radiographs. arXiv preprint arXiv: 2003.14395 . 2020 Mar 31. 

[37] T.K. Kim , H.Y. Paul , G.D. Hager , C.T. Lin , Refining dataset curation methods for

deep learning-based automated tuberculosis screening, J. Thorac. Dis. 12 (9) 
(2020 Sep) 5078 . 

[38] M.B. Weinstock , A.N. Echenique , J.W. Russell , A.R. Leib , J. Miller , D. Cohen ,
S. Waite , A. Frye , F. Illuzzi , Chest x-ray findings in 636 ambulatory patients

with COVID-19 presenting to an urgent care center: a normal chest x-ray is 
no guarantee, J. Urgent Care Med. 14 (7) (2020) 13–18 . 

[39] D. Gandhi , N. Jain , K. Khanna , S. Li , L. Patel , N. Gupta , Current role of imaging
in COVID-19 infection with recent recommendations of point of care ultra- 

sound in the contagion: a narrative review, Ann. Transl. Med. 8 (17) (2020 

Sep) . 
[40] J. Cleverley , J. Piper , M.M. Jones , The role of chest radiography in confirming

covid-19 pneumonia, BMJ (2020 Jul 16) 370 . 
[41] M. Chung , A. Bernheim , X. Mei , N. Zhang , M. Huang , X. Zeng , J. Cui , W. Xu ,

Y. Yang , Z.A. Fayad , A. Jacobi , CT imaging features of 2019 novel coronavirus
(2019-nCoV), Radiology 295 (1) (2020 Apr) 202–207 . 

[42] H. Kim , Outbreak of novel coronavirus (COVID-19): what is the role of radi- 

ologists?, in: Eur. Radiol., 30, 2020 Jun, pp. 3266–3267 . 
[43] S. Salehi , A. Abedi , S. Balakrishnan , A. Gholamrezanezhad , Coronavirus dis-

ease 2019 (COVID-19): a systematic review of imaging findings in 919 pa- 
tients, Am. J. Roentgenol. 215 (1) (2020 Jul) 87–93 . 

[44] G. Pontone , S. Scafuri , M.E. Mancini , C. Agalbato , M. Guglielmo , A. Baggiano ,
G. Muscogiuri , L. Fusini , D. Andreini , S. Mushtaq , E. Conte , Role of computed

tomography in COVID-19, J. Cardiovasc. Comput. Tomogr. 15 (1) (2021 Jan 1) 

27–36 . 
[45] M.D. Hope , C.A. Raptis , A. Shah , M.M. Hammer , T.S. Henry , A role for CT in

COVID-19? What data really tell us so far, Lancet North Am. Ed. 395 (10231) 
(2020 Apr 11) 1189–1190 . 

[46] H. Zuo , Contribution of CT Features in the Diagnosis of COVID-19, Can. Respir. 
J. (2020 Nov 12) 2020 . 

[47] Y.X. Wang , W.H. Liu , M. Yang , W. Chen , The role of CT for Covid-19 patient’s

management remains poorly defined, Ann. Transl. Med. 8 (4) (2020 Feb) . 
[48] G.D. Rubin , C.J. Ryerson , L.B. Haramati , N. Sverzellati , J.P. Kanne , S. Raoof ,

N.W. Schluger , A. Volpi , J.J. Yim , I.B. Martin , D.J. Anderson , The role of chest
imaging in patient management during the COVID-19 pandemic: a multina- 

tional consensus statement from the Fleischner Society, Radiology 296 (1) 
(2020 Jul) 172–180 . 

[49] D. Dong , Z. Tang , S. Wang , H. Hui , L. Gong , Y. Lu , Z. Xue , H. Liao , F. Chen ,

F. Yang , R Jin , The role of imaging in the detection and management of
COVID-19: a review, IEEE Rev. Biomed. Eng. 14 (2020 Apr 27) 16–29 . 

[50] J.P. Kanne , Chest CT findings in 2019 novel coronavirus (2019-nCoV) infections 
from Wuhan, China: key points for the radiologist, Radiology 295 (1) (2020 

Apr) 16–17 . 

http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0001
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0001
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0001
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0001
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0001
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0001
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0001
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0001
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0001
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0001
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0003
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0003
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0003
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0003
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0003
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0003
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0003
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0003
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0003
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0003
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0003
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0003
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0004
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0004
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0004
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0004
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0004
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0004
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0004
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0004
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0004
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0004
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0004
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0005
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0005
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0005
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0005
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0005
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0005
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0005
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0005
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0005
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0005
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0006
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0006
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0006
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0006
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0006
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0006
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0006
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0006
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0006
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0006
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0006
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0006
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0007
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0007
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0007
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0007
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0007
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0007
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0007
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0007
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0007
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0007
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0007
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0007
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0008
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0008
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0008
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0008
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0008
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0008
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0008
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0008
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0008
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0009
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0009
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0009
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0009
https://www.fda.gov/consumers/consumer-updates/coronavirus-disease-2019-testing-basics
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0011
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0011
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0011
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0011
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0011
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0011
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0011
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0011
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0011
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0011
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0011
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0012
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0012
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0012
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0013
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0013
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0013
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0013
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0013
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0013
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0013
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0013
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0013
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0013
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0013
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0013
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0014
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0014
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0015
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0015
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0015
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0016
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0016
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0016
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0016
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0017
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0017
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0017
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0017
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0017
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0017
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0017
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0017
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0017
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0017
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0017
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0017
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0018
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0018
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0018
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0018
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0019
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0019
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0019
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0019
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0020
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0020
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0020
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0020
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0020
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0020
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0020
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0020
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0020
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0020
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0020
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0020
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0021
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0021
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0021
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0021
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0021
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0021
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0021
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0021
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0021
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0021
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0021
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0021
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0022
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0022
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0022
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0022
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0024
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0024
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0024
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0024
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0024
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0024
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0024
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0024
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0024
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0024
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0024
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0024
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0025
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0025
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0025
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0025
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0025
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0025
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0025
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0025
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0026
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0026
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0026
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0026
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0026
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0027
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0027
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0027
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0027
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0027
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0027
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0027
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0027
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0027
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0028
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0028
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0028
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0028
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0028
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0028
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0028
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0028
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0028
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0028
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0028
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0028
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0029
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0029
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0029
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0029
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0029
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0029
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0030
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0030
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0030
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0030
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0030
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0032
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0032
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0032
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0032
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0032
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0032
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0032
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0032
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0032
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0032
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0032
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0032
https://www.appliedradiology.com/articles/study-chest-x-rays-highly-predictive-of-covid-19
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0034
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0034
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0034
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0034
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0035
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0035
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0035
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0035
http://arxiv.org/abs/2003.14395
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0037
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0037
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0037
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0037
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0037
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0038
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0038
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0038
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0038
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0038
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0038
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0038
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0038
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0038
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0038
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0039
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0039
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0039
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0039
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0039
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0039
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0039
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0040
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0040
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0040
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0040
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0041
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0041
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0041
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0041
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0041
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0041
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0041
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0041
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0041
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0041
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0041
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0041
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0042
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0042
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0043
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0043
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0043
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0043
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0043
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0044
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0044
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0044
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0044
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0044
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0044
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0044
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0044
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0044
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0044
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0044
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0044
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0045
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0045
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0045
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0045
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0045
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0045
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0046
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0046
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0047
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0047
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0047
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0047
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0047
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0048
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0048
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0048
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0048
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0048
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0048
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0048
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0048
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0048
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0048
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0048
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0048
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0049
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0049
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0049
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0049
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0049
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0049
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0049
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0049
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0049
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0049
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0049
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0049
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0050
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0050


H. Hassan, Z. Ren, C. Zhou et al. Computer Methods and Programs in Biomedicine 218 (2022) 106731 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

[51] T.C. Kwee , R.M. Kwee , Chest CT in COVID-19: what the radiologist needs to
know, Radiographics 40 (7) (2020 Nov) 1848–1865 . 

[52] Adams H.J., Kwee T.C., Yakar D., Hope M.D., Kwee R.M. Chest CT imaging sig- 
nature of coronavirus disease 2019 infection: in pursuit of the scientific evi- 

dence. Chest. 2020 Nov 1;158(5):1885–95. 
[53] Gozes O., Frid-Adar M., Greenspan H., Browning P.D., Zhang H., Ji W., Bern- 

heim A., Siegel E. Rapid ai development cycle for the coronavirus (covid-19) 
pandemic: initial results for automated detection & patient monitoring using 

deep learning ct image analysis. arXiv preprint arXiv: 2003.05037 . 2020 Mar 

10. 
[54] J. Lei , J. Li , X. Li , X. Qi , CT imaging of the 2019 novel coronavirus (2019-nCoV)

pneumonia, Radiology 295 (1) (2020 Apr) 18 . 
[55] F. Fu , J. Lou , D. Xi , Y. Bai , G. Ma , B. Zhao , D. Liu , G. Bao , Z. Lei , M. Wang ,

Chest computed tomography findings of coronavirus disease 2019 (COVID-19) 
pneumonia, Eur. Radiol. 30 (2020 Oct) 5489–5498 . 

[56] R. Grassi , R. Fusco , M.P. Belfiore , A. Montanelli , G. Patelli , F. Urraro , A. Petrillo ,

V. Granata , P. Sacco , M.A. Mazzei , B. Feragalli , Coronavirus disease 2019
(COVID-19) in Italy: features on chest computed tomography using a struc- 

tured report system, Sci. Rep. 10 (1) (2020 Oct 14) 1-1 . 
[57] S.B. Desai , A. Pareek , M.P. Lungren , Deep learning and its role in COVID-19

medical imaging, Intell.-Based Med. 3 (2020 Dec 1) 10 0 013 . 
[58] T. Aishwarya , V.R. Kumar , Machine learning and deep learning approaches to 

analyze and detect COVID-19: a review, SN Comput. Sci. 2 (3) (2021 May) 

1–9 . 
[59] Bharati S., Podder P., Mondal M., Prasath V.B. Medical imaging with deep 

learning for COVID-19 diagnosis: a comprehensive review. arXiv preprint 
arXiv: 2107.09602 . 2021 Jul 13. 

[60] M. Ghaderzadeh , F. Asadi , Deep learning in the detection and diagnosis of
COVID-19 using radiology modalities: a systematic review, J Healthc Eng 

(2021 Mar 15) 2021 . 

[61] S. Bhattacharya , P.K. Maddikunta , Q.V. Pham , T.R. Gadekallu , C.L. Chowdhary ,
M. Alazab , M.J. Piran , Deep learning and medical image processing for coron- 

avirus (COVID-19) pandemic: a survey, Sustainable cities and society 65 (2021 
Feb 1) 102589 . 

[62] S. Lalmuanawma , J. Hussain , L. Chhakchhuak , Applications of machine learn- 
ing and artificial intelligence for Covid-19 (SARS-CoV-2) pandemic: a review, 

Chaos Solitons Fractals 139 (2020 Oct 1) 110059 . 

[63] T.T. Nguyen, Q.V. Nguyen, D.T. Nguyen, E.B. Hsu, S. Yang, P. Eklund, Artificial 
intelligence in the battle against coronavirus (COVID-19): a survey and future 

research directions, arXiv preprint (2020 Jul 30) arXiv:2008.07343 . 
[64] I. Ozsahin , B. Sekeroglu , M.S. Musa , M.T. Mustapha , Uzun Ozsahin D. Review

on diagnosis of COVID-19 from chest CT images using artificial intelligence, 
Comput Math Methods Med (2020) 2020 Oct . 

[65] J.M. Shao , S.A. Ayuso , E.B. Deerenberg , S.A. Elhage , V.A. Augenstein , B.T. Heni-

ford , A systematic review of CT chest in COVID-19 diagnosis and its potential 
application in a surgical setting, Colorectal Dis. 22 (9) (2020 Sep) 993–1001 . 

[66] M.M. Islam , F. Karray , R. Alhajj , J. Zeng , A review on deep learning techniques
for the diagnosis of novel coronavirus (covid-19), IEEE Access 9 (2021 Feb 10) 

30551–30572 . 
[67] T. Zhou , H. Lu , Z. Yang , S. Qiu , B. Huo , Y. Dong , The ensemble deep learning

model for novel COVID-19 on CT images, Appl. Soft Comput. 98 (2021 Jan 1) 
106885 . 

[68] Lei T., Wang R., Wan Y., Zhang B., Meng H., Nandi A.K. Medical image segmen-

tation using deep learning: a survey. arXiv preprint arXiv: 2009.13120 . 2020 
Sep 28. 

[69] A. Krizhevsky , I. Sutskever , G.E. Hinton , Imagenet classification with deep 
convolutional neural networks, Adv Neural Inf Process Syst 25 (2012) 

1097–1105 . 
[70] O. Ronneberger , P. Fischer , Brox T. U-net , in: Convolutional networks for 

biomedical image segmentation. InInternational Conference on Medical im- 

age computing and computer-assisted intervention, Springer, Cham, 2015 Oct 
5, pp. 234–241 . 

[71] Z. Zhou , M.M. Siddiquee , N. Tajbakhsh , J. Liang , in: Unet ++ : A nested U-Net
Architecture For Medical Image segmentation. InDeep learning in Medical Im- 

age Analysis and Multimodal Learning For Clinical Decision, Springer, Cham, 
2018 Sep 20, pp. 3–11. support . 

[72] Ö. Çiçek , A. Abdulkadir , S.S. Lienkamp , T. Brox , O. Ronneberger , in: 3D U-Net:

learning dense volumetric segmentation from sparse annotation. InInterna- 
tional conference on medical image computing and computer-assisted inter- 

vention, Springer, Cham, 2016 Oct 17, pp. 424–432 . 
[73] F. Milletari , N. Navab , S.A. Ahmadi , V-net: fully convolutional neural networks 

for volumetric medical image segmentation, in: In2016 fourth international 
conference on 3D vision (3DV), IEEE, 2016 Oct 25, pp. 565–571 . 

[74] L. Li , L. Qin , Z. Xu , Y. Yin , X. Wang , B. Kong , J. Bai , Y. Lu , Z. Fang , Q. Song ,

K. Cao , Artificial intelligence distinguishes COVID-19 from community ac- 
quired pneumonia on chest CT, Radiology (2020 Mar 19) . 

[75] K. He , X. Zhang , S. Ren , J. Sun , Deep residual learning for image recogni-
tion, in: InProceedings of the IEEE conference on computer vision and pattern 

recognition, 2016, pp. 770–778 . 
[76] S. Serte , H. Demirel , Deep learning for diagnosis of COVID-19 using 3D CT

scans, Comput. Biol. Med. 132 (2021 May 1) 104306 . 

[77] Y. Song , S. Zheng , L. Li , X. Zhang , X. Zhang , Z. Huang , J. Chen , R. Wang ,
H. Zhao , Y. Zha , J. Shen , Deep learning enables accurate diagnosis of novel

coronavirus (COVID-19) with CT images, IEEE/ACM Trans. Comput. Biol. Bioinf. 
(2021 Mar 11) . 

[78] T.Y. Lin , P. Dollár , R. Girshick , K. He , B. Hariharan , S. Belongie , Feature pyramid
15 
networks for object detection, in: InProceedings of the IEEE conference on 
computer vision and pattern recognition, 2017, pp. 2117–2125 . 

[79] Y. Pathak , P.K. Shukla , A. Tiwari , S. Stalin , S. Singh , Deep transfer learning
based classification model for COVID-19 disease, Irbm (2020 May 20) . 

[80] X. Xu , X. Jiang , C. Ma , P. Du , X. Li , S. Lv , L. Yu , Q. Ni , Y. Chen , J. Su , G. Lang ,
A deep learning system to screen novel coronavirus disease 2019 pneumonia, 

Engineering 6 (10) (2020 Oct 1) 1122–1129 . 
[81] L. Sun , Z. Mo , F. Yan , L. Xia , F. Shan , Z. Ding , B. Song , W. Gao , W. Shao , F. Shi ,

H. Yuan , Adaptive feature selection guided deep forest for covid-19 classifi- 

cation with chest ct, IEEE J. Biomed. Health Inform 24 (10) (2020 Aug 26) 
2798–2805 . 

[82] Zhou Z.H., Feng J. Deep forest. arXiv preprint arXiv: 1702.08835 . 2017 Feb 28. 
[83] M. Rahimzadeh , A. Attar , S.M. Sakhaei , A fully automated deep learning-based 

network for detecting covid-19 from a new and large lung ct scan dataset, 
Biomed. Signal Process. Control 68 (2021 Jul 1) 102588 . 

[84] K. He , X. Zhang , S. Ren , J. Sun , in: Identity Mappings in Deep Residual Net-

works, Springer, Cham, 2016 Oct 8, pp. 630–645. InEuropean conference on 
computer vision . 

[85] J. Pu , J. Leader , A. Bandos , J. Shi , P. Du , J. Yu , B. Yang , S. Ke , Y. Guo , J.B. Field ,
C. Fuhrman , Any unique image biomarkers associated with COVID-19? Eur. 

Radiol. 30 (2020 Nov) 6221–6227 . 
[86] Jim A .A ., Rafi I., Chowdhury M.S., Sikder N., Mahmud M.P., Rubaie S., Masud 

M., Bairagi A.K., Bhakta K., Nahid A.A. An automatic computer-based method 

for fast and accurate Covid-19 diagnosis. medRxiv. 2020 Jan 1. 
[87] X. Li , X. Zeng , B. Liu , Y. Yu , COVID-19 infection presenting with CT halo sign,

Radiology 2 (1) (2020 Feb 12) e20 0 026 . 
[88] Siddique N., Sidike P., Elkin C., Devabhaktuni V. U-Net and its variants 

for medical image segmentation: theory and applications. arXiv preprint 
arXiv: 2011.01118 . 2020 Nov 2. 

[89] A. Amyar , R. Modzelewski , H. Li , S. Ruan , Multi-task deep learning based CT

imaging analysis for COVID-19 pneumonia: classification and segmentation, 
Comput. Biol. Med. 126 (2020 Nov 1) 104037 . 

[90] J. Pu , J.K. Leader , A. Bandos , S. Ke , J. Wang , J. Shi , P. Du , Y. Guo , S.E. Wen-
zel , C.R. Fuhrman , D.O. Wilson , Automated quantification of COVID-19 sever- 

ity and progression using chest CT images, Eur. Radiol. 31 (1) (2021 Jan) 
436–446 . 

[91] M. Kuchana , A. Srivastava , R. Das , J. Mathew , A. Mishra , K. Khatter , AI aiding

in diagnosing, tracking recovery of COVID-19 using deep learning on Chest CT 
scans, Multimed Tools Appl 80 (6) (2021 Mar) 9161–9175 . 

[92] Boston., R.I.: p. www.radlogics.com/.Accessed on 28 January 2022. 
[93] J. Wang , Y. Bao , Y. Wen , H. Lu , H. Luo , Y. Xiang , X. Li , C. Liu , D. Qian , Prior-at-

tention residual learning for more discriminative COVID-19 screening in CT 
images, IEEE Trans. Med. Imaging 39 (8) (2020 May 15) 2572–2583 . 

[94] Q. Ni , Z.Y. Sun , L. Qi , W. Chen , Y. Yang , L. Wang , X. Zhang , L. Yang , Y. Fang ,

Z. Xing , Z. Zhou , A deep learning approach to characterize 2019 coronavirus 
disease (COVID-19) pneumonia in chest CT images, Eur. Radiol. 30 (12) (2020 

Dec) 6517–6527 . 
[95] Z. Li , S. Zhang , J. Zhang , K. Huang , Y. Wang , Y. Yu , Mvp-net: multi-view fpn

with position-aware attention for deep universal lesion detection, in: InIn- 
ternational Conference on Medical Image Computing and Computer-Assisted 

Intervention, Springer, Cham, 2019 Oct 13, pp. 13–21 . 
[96] Jin S., Wang B., Xu H., Luo C., Wei L., Zhao W., Hou X., Ma W., Xu Z., Zheng Z.,

Sun W. AI-assisted CT imaging analysis for COVID-19 screening: building and 

deploying a medical AI system in four weeks. MedRxiv. 2020 Jan 1. 
[97] Müller D., Rey I.S., Kramer F. Automated chest ct image segmentation of 

covid-19 lung infection based on 3d u-net. arXiv preprint arXiv: 2007.04774 . 
2020 Jun 24. 

[98] Ma J., Wang Y., An X., Ge C., Yu Z., Chen J., Zhu Q., Dong G., He J., He Z., Nie Z.
Towards efficient covid-19 ct annotation: a benchmark for lung and infection 

segmentation. arXiv e-prints. 2020 Apr:arXiv-2004. 

[99] J. Long , E. Shelhamer , T. Darrell , Fully convolutional networks for semantic 
segmentation, in: InProceedings of the IEEE conference on computer vision 

and pattern recognition, 2015, pp. 3431–3440 . 
[100] C. Szegedy , V. Vanhoucke , S. Ioffe , J. Shlens , Z. Wojna , Rethinking the incep-

tion architecture for computer vision, in: InProceedings of the IEEE confer- 
ence on computer vision and pattern recognition, 2016, pp. 2818–2826 . 

[101] C. Szegedy , W. Liu , Y. Jia , P. Sermanet , S. Reed , D. Anguelov , D. Erhan , V. Van-

houcke , A. Rabinovich , Going deeper with convolutions, in: InProceedings 
of the IEEE conference on computer vision and pattern recognition, 2015, 

pp. 1–9 . 
[102] C. Szegedy , S. Ioffe , V. Vanhoucke , A .A . Alemi , Inception-v4, inception-resnet

and the impact of residual connections on learning, InThirty-first AAAI con- 
ference on artificial intelligence, 2017 Feb 12 . 

[103] Chen Y., Li J., Xiao H., Jin X., Yan S., Feng J. Dual path networks. arXiv preprint

arXiv: 1707.01629 . 2017 Jul 6. 
[104] F. Wang , M. Jiang , C. Qian , S. Yang , C. Li , H. Zhang , X. Wang , X. Tang , Resid-

ual attention network for image classification, in: InProceedings of the IEEE 
conference on computer vision and pattern recognition, 2017, pp. 3156–3164 . 

[105] S. Hochreiter , J. Schmidhuber , Long short-term memory, Neural Comput. 9 (8) 
(1997 Nov 15) 1735–1780 . 

[106] Huang C.J., Chen Y.H., Ma Y., Kuo P.H. Multiple-input deep convolutional neu- 

ral network model for covid-19 forecasting in china. MedRxiv. 2020 Jan 1. 
[107] Hu Z., Ge Q., Li S., Jin L., Xiong M. Artificial intelligence forecasting of covid-

19 in china. arXiv preprint arXiv: 2002.07112 . 2020 Feb 17. 
[108] Punn N.S., Sonbhadra S.K., Agarwal S. COVID-19 epidemic analysis using ma- 

chine learning and deep learning algorithms. MedRxiv. 2020 Jan 1. 

http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0051
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0051
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0051
http://arxiv.org/abs/2003.05037
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0054
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0054
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0054
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0054
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0054
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0055
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0055
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0055
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0055
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0055
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0055
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0055
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0055
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0055
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0055
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0055
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0056
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0056
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0056
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0056
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0056
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0056
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0056
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0056
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0056
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0056
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0056
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0056
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0057
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0057
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0057
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0057
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0058
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0058
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0058
http://arxiv.org/abs/2107.09602
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0060
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0060
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0060
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0061
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0061
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0061
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0061
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0061
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0061
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0061
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0061
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0062
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0062
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0062
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0062
http://arxiv.org/abs/arXiv:2008.07343
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0064
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0064
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0064
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0064
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0064
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0065
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0065
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0065
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0065
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0065
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0065
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0065
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0066
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0066
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0066
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0066
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0066
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0067
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0067
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0067
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0067
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0067
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0067
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0067
http://arxiv.org/abs/2009.13120
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0069
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0069
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0069
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0069
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0070
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0070
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0070
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0070
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0071
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0071
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0071
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0071
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0071
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0072
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0072
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0072
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0072
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0072
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0072
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0073
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0073
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0073
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0073
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0074
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0074
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0074
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0074
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0074
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0074
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0074
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0074
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0074
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0074
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0074
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0074
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0075
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0075
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0075
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0075
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0075
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0076
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0076
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0076
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0077
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0077
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0077
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0077
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0077
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0077
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0077
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0077
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0077
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0077
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0077
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0077
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0078
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0078
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0078
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0078
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0078
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0078
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0078
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0078
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0079
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0079
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0079
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0079
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0079
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0079
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0080
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0080
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0080
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0080
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0080
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0080
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0080
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0080
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0080
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0080
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0080
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0080
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0081
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0081
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0081
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0081
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0081
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0081
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0081
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0081
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0081
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0081
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0081
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0081
http://arxiv.org/abs/1702.08835
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0083
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0083
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0083
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0083
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0084
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0084
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0084
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0084
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0084
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0085
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0085
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0085
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0085
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0085
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0085
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0085
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0085
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0085
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0085
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0085
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0085
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0087
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0087
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0087
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0087
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0087
http://arxiv.org/abs/2011.01118
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0089
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0089
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0089
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0089
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0089
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0090
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0090
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0090
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0090
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0090
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0090
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0090
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0090
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0090
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0090
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0090
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0090
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0091
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0091
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0091
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0091
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0091
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0091
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0091
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0093
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0093
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0093
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0093
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0093
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0093
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0093
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0093
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0093
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0093
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0094
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0094
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0094
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0094
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0094
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0094
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0094
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0094
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0094
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0094
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0094
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0094
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0095
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0095
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0095
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0095
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0095
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0095
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0095
http://arxiv.org/abs/2007.04774
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0099
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0099
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0099
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0099
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0100
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0100
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0100
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0100
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0100
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0100
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0101
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0101
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0101
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0101
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0101
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0101
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0101
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0101
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0101
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0101
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0102
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0102
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0102
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0102
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0102
http://arxiv.org/abs/1707.01629
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0104
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0104
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0104
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0104
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0104
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0104
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0104
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0104
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0104
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0105
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0105
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0105
http://arxiv.org/abs/2002.07112


H. Hassan, Z. Ren, C. Zhou et al. Computer Methods and Programs in Biomedicine 218 (2022) 106731 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

[109] S. Shastri , K. Singh , S. Kumar , P. Kour , V. Mansotra , Deep-LSTM ensemble
framework to forecast Covid-19: an insight to the global pandemic, Int. J. Inf. 

Technol. (2021 Jan 3) 1-1 . 
[110] Z. Yang , Z. Zeng , K. Wang , S.S. Wong , W. Liang , M. Zanin , P. Liu , X. Cao , Z. Gao ,

Z. Mai , J. Liang , Modified SEIR and AI prediction of the epidemics trend of
COVID-19 in China under public health interventions, J. Thorac. Dis. 12 (3) 

(2020 Mar) 165 . 
[111] M.J. Keeling , P. Rohani , Modeling Infectious Diseases in Humans and Animals, 

Princeton university press, 2011 Sep 19 . 

[112] M.Z. Islam , M.M. Islam , A. Asraf , A combined deep CNN-LSTM network for
the detection of novel coronavirus (COVID-19) using X-ray images, Inf. Med. 

Unlocked 20 (2020 Jan 1) 100412 . 
[113] F. Demir , DeepCoroNet: a deep LSTM approach for automated detection of 

COVID-19 cases from chest X-ray images, Appl. Soft Comput. 103 (2021 May 
1) 107160 . 

[114] P.M. Shah , F. Ullah , D. Shah , A. Gani , C. Maple , Y. Wang , A. Shahid , M. Abrar ,

S. ul Islam , Deep GRU-CNN Model For COVID-19 Detection from Chest X-rays 
Data, IEEE Access, 2021 May 5 . 

[115] F. Shahid , A. Zameer , M. Muneeb , Predictions for COVID-19 with deep learn-
ing models of LSTM, GRU and Bi-LSTM, Chaos Solitons Fractals 140 (2020 Nov 

1) 110212 . 
[116] S. Kumar , R. Sharma , T. Tsunoda , T. Kumarevel , A. Sharma , Forecasting the

spread of COVID-19 using LSTM network, BMC Bioinformatics 22 (6) (2021 

Jun) 1–9 . 
[117] A . Khadidos , A .O. Khadidos , S. Kannan , Y. Natarajan , S.N. Mohanty ,

G. Tsaramirsis , Analysis of COVID-19 Infections on a CT Image Using 
DeepSense Model, Front. Public Health 8 (2020) . 

[118] A.M. Hasan , M.M. Al-Jawad , H.A. Jalab , H. Shaiba , R.W. Ibrahim ,
A .A . AL-Shamasneh , Classification of Covid-19 coronavirus, pneumonia 

and healthy lungs in CT scans using Q-deformed entropy and deep learning 

features, Entropy 22 (5) (2020 May) 517 . 
[119] Cohen J.P., Morrison P., Dao L., Roth K., Duong T.Q., Ghassemi M. Covid-19 

image data collection: prospective predictions are the future. arXiv preprint 
arXiv: 2006.11988 . 2020 Jun 22. 

[120] Zhao J., Zhang Y., He X., Xie P. Covid-ct-dataset: a ct scan dataset about covid-
19. arXiv preprint arXiv: 2003.13865 . 2020 Jun;490. 

[121] Ai AI , Covid-19 open research dataset challenge (cord-19), Allen Institute for 

Artificial Intelligence, 2020 . 
[122] G. Huang , Z. Liu , L. Van Der Maaten , K.Q. Weinberger , Densely connected con-

volutional networks, in: InProceedings of the IEEE conference on computer 
vision and pattern recognition, 2017, pp. 4700–4708 . 

[123] S. Yang , L. Jiang , Z. Cao , L. Wang , J. Cao , R. Feng , Z. Zhang , X. Xue , Y. Shi ,
F. Shan , Deep learning for detecting corona virus disease 2019 (COVID-19) on 

high-resolution computed tomography: a pilot study, Ann. Transl. Med. 8 (7) 

(2020 Apr) . 
[124] B. Liu , P. Liu , L. Dai , Y. Yang , P. Xie , Y. Tan , J. Du , W. Shan , C. Zhao , Q. Zhong ,

X. Lin , Assisting scalable diagnosis automatically via CT images in the combat 
against COVID-19, Sci. Rep. 11 (1) (2021 Feb 18) 1–8 . 

[125] K. He , X. Zhang , S. Ren , J. Sun , Spatial pyramid pooling in deep convolutional
networks for visual recognition, in: IEEE Transactions On Pattern Analysis 

And Machine Intelligence, 37, 2015 Jan 9, pp. 1904–1916 . 
[126] Z. Gu , J. Cheng , H. Fu , K. Zhou , H. Hao , Y. Zhao , T. Zhang , S. Gao , J. Liu ,

Ce-net: context encoder network for 2d medical image segmentation, IEEE 

Trans. Med. Imaging 38 (10) (2019 Mar 7) 2281–2292 . 
[127] T. Yan , P.K. Wong , H. Ren , H. Wang , J. Wang , Y. Li , Automatic distinction

between covid-19 and common pneumonia using multi-scale convolutional 
neural network on chest ct scans, Chaos Solitons Fractals 140 (2020 Nov 1) 

110153 . 
[128] L.C. Chen , G. Papandreou , I. Kokkinos , K. Murphy , A.L. Yuille , Deeplab: seman-

tic image segmentation with deep convolutional nets, atrous convolution, and 

fully connected crfs, in: IEEE Transactions On Pattern Analysis And Machine 
Intelligence., 40, 2017 Apr 27, pp. 834–848 . 

[129] Yan Q., Wang B., Gong D., Luo C., Zhao W., Shen J., Shi Q., Jin S., Zhang L.,
You Z. COVID-19 chest CT image segmentation–a deep convolutional neural 

network solution. arXiv preprint arXiv: 2004.10987 . 2020 Apr 23. 
[130] M.M. Al Rahhal , Y. Bazi , R.M. Jomaa , M. Zuair , N. Al Ajlan , Deep Learning Ap-

proach for COVID-19 detection in computed tomography images, Cmc-Com- 

puters Mater. Continua (2021) 2093–2110 . 
[131] X. Ouyang , J. Huo , L. Xia , F. Shan , J. Liu , Z. Mo , F. Yan , Z. Ding , Q. Yang , B. Song ,

F. Shi , Dual-sampling attention network for diagnosis of COVID-19 from com- 
munity acquired pneumonia, IEEE Trans. Med. Imaging 39 (8) (2020 May 18) 

2595–2605 . 
[132] Liu B., Gao X., He M., Lv F., Yin G. Online COVID-19 diagnosis with chest CT

images: lesion-attention deep neural networks. medRxiv. 2020 Jan 1. 

[133] He X., Yang X., Zhang S., Zhao J., Zhang Y., Xing E., Xie P. Sample-efficient
deep learning for COVID-19 diagnosis based on CT scans. medrxiv. 2020 Jan 

1. 
[134] S. Zhao , Z. Li , Y. Chen , W. Zhao , X. Xie , J. Liu , D. Zhao , Y. Li , SCOAT-Net: a

novel network for segmenting COVID-19 lung opacification from CT images, 
Pattern Recognit. (2021 Jun 10) 108109 . 

[135] M.Z. Alom , M. Hasan , C. Yakopcic , T.M. Taha , V.K. Asari , in: Improved Incep-

tion-Residual Convolutional Neural Network for Object Recognition, 32, Neu- 
ral Computing and Applications, 2020 Jan, pp. 279–293 . 

[136] Bahdanau D., Cho K., Bengio Y. Neural machine translation by jointly learning 
to align and translate. arXiv preprint arXiv: 1409.0473 . 2014 Sep 1. 
16 
[137] Luong M.T., Pham H., Manning C.D. Effective approaches to attention-based 
neural machine translation. arXiv preprint arXiv: 1508.04025 . 2015 Aug 17. 

[138] Shan F., Gao Y., Wang J., Shi W., Shi N., Han M., Xue Z., Shen D., Shi Y. Lung
infection quantification of COVID-19 in CT images with deep learning. arXiv 

preprint arXiv: 2003.04655 . 2020 Mar 10. 
[139] R. McKinley , R. Wepfer , T. Gundersen , F. Wagner , A. Chan , R. Wiest , M. Reyes ,

in: Nabla-net: A deep Dag-Like Convolutional Architecture For Biomedical Im- 
age segmentation. InInternational Workshop on Brainlesion: Glioma, Multiple 

Sclerosis, Stroke and Traumatic Brain Injuries, Springer, Cham, 2016 Oct 17, 

pp. 119–128 . 
[140] J. Ma , J. Chen , M. Ng , R. Huang , Y. Li , C. Li , X. Yang , A.L. Martel , Loss odyssey

in medical image segmentation, Med. Image Anal. (2021 Mar 19) 102035 . 
[141] D. Li , Z. Fu , J. Xu , Stacked-autoencoder-based model for COVID-19 diagnosis

on CT images, Applied Intell. 51 (5) (2021 May) 2805–2817 . 
[142] T. Zhou , S. Canu , S. Ruan , Automatic COVID-19 CT segmentation using U-Net

integrated spatial and channel attention mechanism, Int. J. Imaging Syst. 

Technol. 31 (1) (2021 Mar) 16–27 . 
[143] N. Saeedizadeh , S. Minaee , R. Kafieh , S. Yazdani , Sonka M.COVID TV-Unet ,

Segmenting COVID-19 chest CT images using connectivity imposed Unet, 
Comput. Methods Program. Biomed. Update 1 (2021 Jan 1) 10 0 0 07 . 

[144] G. Wang , X. Liu , C. Li , Z. Xu , J. Ruan , H. Zhu , T. Meng , K. Li , N. Huang , S. Zhang ,
A noise-robust framework for automatic segmentation of COVID-19 pneumo- 

nia lesions from CT images, IEEE Trans. Med. Imaging 39 (8) (2020 Jun 5) 

2653–2663 . 
[145] Medseg, COVID-19 CT segmentation dataset. 2020. p. 

http://medicalsegmentation.com/covid19/. Accessed on 28 January 2022. 
[146] Tarvainen A., Valpola H. Mean teachers are better role models: weight- 

averaged consistency targets improve semi-supervised deep learning results. 
arXiv preprint arXiv: 1703.01780 . 2017 Mar 6. 

[147] L. Yu , S. Wang , X. Li , C.W. Fu , P.A. Heng , Uncertainty-aware self-ensembling

model for semi-supervised 3D left atrium segmentation, in: International 
Conference on Medical Image Computing and Computer-Assisted Interven- 

tion, Springer, Cham, 2019 Oct 13, pp. 605–613 . 
[148] P. Chikontwe , M. Luna , M. Kang , K.S. Hong , J.H. Ahn , S.H. Park , Dual atten-

tion multiple instance learning with unsupervised complementary loss for 
COVID-19 screening, Med. Image Anal. (2021 May 24) 102105 . 

[149] Z. Han , B. Wei , Y. Hong , T. Li , J. Cong , X. Zhu , H. Wei , W. Zhang , Accu-

rate screening of COVID-19 using attention-based deep 3D multiple instance 
learning, IEEE Trans. Med. Imaging 39 (8) (2020 May 21) 2584–2594 . 

[150] X. Wang , X. Deng , Q. Fu , Q. Zhou , J. Feng , H. Ma , W. Liu , C. Zheng , A weak-
ly-supervised framework for COVID-19 classification and lesion localization 

from chest CT, IEEE Trans. Med. Imaging 39 (8) (2020 May 20) 2615–2625 . 
[151] D. Sarkar , R. Bali , T. Ghosh , Hands-on Transfer Learning with Python: Imple-

ment Advanced Deep Learning and Neural Network Models Using TensorFlow 

and Keras, Packt Publishing Ltd, 2018 Aug 31 . 
[152] X. Yu , S.H. Wang , X. Zhang , Y.D. Zhang , in: Detection of COVID-19

by GoogLeNet-COD. InInternational Conference on Intelligent Computing, 
Springer, Cham, 2020 Oct 2, pp. 499–509 . 

[153] S. Wang , B. Kang , J. Ma , X. Zeng , M. Xiao , J. Guo , M. Cai , J. Yang , Y. Li , X. Meng ,
B. Xu , A deep learning algorithm using CT images to screen for Corona Virus

Disease (COVID-19), Eur. Radiol. (2021 Feb 24) 1–9 . 
[154] S. Wang , Y. Zha , W. Li , Q. Wu , X. Li , M. Niu , M. Wang , X. Qiu , H. Li , H. Yu ,

W. Gong , A fully automatic deep learning system for COVID-19 diagnostic and 

prognostic analysis, Eur. Respir. J. 56 (2) (2020 Aug 1) . 
[155] A. Jaiswal , N. Gianchandani , D. Singh , V. Kumar , M. Kaur , Classification of the

COVID-19 infected patients using DenseNet201 based deep transfer learning, 
J. Biomol. Struct. Dyn. (2020 Jul 2) 1–8 . 

[156] Simonyan K., Zisserman A. Very deep convolutional networks for large-scale 
image recognition. arXiv preprint arXiv: 1409.1556 . 2014 Sep 4. 

[157] S. Xie , R. Girshick , P. Dollár , Z. Tu , K. He , Aggregated residual transformations

for deep neural networks, in: InProceedings of the IEEE conference on com- 
puter vision and pattern recognition, 2017, pp. 1492–1500 . 

[158] A .A . Ardakani , A .R. Kanafi, U.R. Acharya , N. Khadem , A. Mohammadi , Applica-
tion of deep learning technique to manage COVID-19 in routine clinical prac- 

tice using CT images: results of 10 convolutional neural networks, Comput. 
Biol. Med. 121 (2020 Jun 1) 103795 . 

[159] Iandola F.N., Han S., Moskewicz M.W., Ashraf K., Dally W.J., Keutzer K. 

SqueezeNet: AlexNet-level accuracy with 50x fewer parameters and < 0.5MB 
model size. arXiv preprint arXiv: 1602.07360 . 2016 Feb 24. 

[160] M. Sandler , A. Howard , M. Zhu , A. Zhmoginov , L.C. Chen , Mobilenetv2: in-
verted residuals and linear bottlenecks, in: Proceedings of the IEEE confer- 

ence on computer vision and pattern recognition, 2018, pp. 4510–4520 . 
[161] F. Chollet , Xception: deep learning with depthwise separable convolutions, 

in: InProceedings of the IEEE Conference on Computer Vision And Pattern 

Recognition, 2017, pp. 1251–1258 . 
[162] S.H. Kassania , P.H. Kassanib , M.J. Wesolowskic , K.A. Schneidera , R. Detersa ,

Automatic detection of coronavirus disease (COVID-19) in X-ray and CT im- 
ages: a machine learning based approach, Biocybernetics and Biomedical En- 

gineering 41 (3) (2021 Jul 1) 867–879 . 
[163] D. Singh , V. Kumar , M. Kaur , Densely connected convolutional network- 

s-based COVID-19 screening model, Applied Intelligence 51 (5) (2021 May) 

3044–3051 . 
[164] Fu M., Yi S.L., Zeng Y., Ye F., Li Y., Dong X., Ren Y.D., Luo L., Pan J.S., Zhang

Q. Deep learning-based recognizing covid-19 and other common infectious 
diseases of the lung by chest ct scan images. medRxiv. 2020 Jan 1. 

http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0109
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0109
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0109
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0109
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0109
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0109
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0110
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0110
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0110
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0110
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0110
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0110
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0110
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0110
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0110
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0110
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0110
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0110
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0111
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0111
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0111
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0112
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0112
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0112
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0112
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0113
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0113
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0114
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0114
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0114
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0114
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0114
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0114
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0114
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0114
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0114
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0114
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0115
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0115
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0115
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0115
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0116
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0116
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0116
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0116
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0116
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0116
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0117
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0117
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0117
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0117
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0117
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0117
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0117
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0118
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0118
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0118
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0118
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0118
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0118
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0118
http://arxiv.org/abs/2006.11988
http://arxiv.org/abs/
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0121
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0121
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0122
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0122
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0122
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0122
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0122
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0123
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0123
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0123
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0123
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0123
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0123
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0123
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0123
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0123
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0123
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0123
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0124
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0124
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0124
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0124
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0124
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0124
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0124
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0124
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0124
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0124
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0124
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0124
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0125
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0125
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0125
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0125
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0125
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0126
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0126
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0126
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0126
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0126
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0126
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0126
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0126
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0126
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0126
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0127
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0127
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0127
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0127
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0127
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0127
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0127
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0128
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0128
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0128
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0128
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0128
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0128
http://arxiv.org/abs/
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0130
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0130
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0130
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0130
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0130
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0130
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0131
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0131
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0131
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0131
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0131
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0131
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0131
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0131
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0131
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0131
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0131
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0131
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0134
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0134
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0134
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0134
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0134
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0134
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0134
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0134
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0134
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0135
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0135
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0135
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0135
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0135
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0135
http://arxiv.org/abs/1409.0473
http://arxiv.org/abs/
http://arxiv.org/abs/2003.04655
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0139
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0139
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0139
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0139
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0139
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0139
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0139
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0139
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0140
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0140
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0140
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0140
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0140
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0140
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0140
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0140
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0140
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0141
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0141
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0141
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0141
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0142
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0142
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0142
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0142
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0143
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0143
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0143
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0143
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0143
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0143
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0144
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0144
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0144
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0144
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0144
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0144
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0144
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0144
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0144
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0144
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0144
http://arxiv.org/abs/1703.01780
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0147
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0147
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0147
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0147
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0147
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0147
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0148
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0148
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0148
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0148
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0148
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0148
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0148
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0149
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0149
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0149
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0149
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0149
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0149
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0149
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0149
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0149
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0150
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0150
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0150
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0150
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0150
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0150
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0150
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0150
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0150
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0151
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0151
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0151
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0151
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0152
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0152
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0152
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0152
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0152
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0153
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0153
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0153
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0153
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0153
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0153
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0153
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0153
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0153
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0153
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0153
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0153
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0154
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0154
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0154
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0154
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0154
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0154
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0154
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0154
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0154
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0154
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0154
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0154
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0155
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0155
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0155
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0155
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0155
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0155
http://arxiv.org/abs/1409.1556
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0157
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0157
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0157
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0157
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0157
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0157
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0158
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0158
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0158
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0158
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0158
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0158
http://arxiv.org/abs/1602.07360
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0160
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0160
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0160
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0160
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0160
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0160
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0161
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0161
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0162
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0162
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0162
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0162
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0162
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0162
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0163
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0163
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0163
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0163


H. Hassan, Z. Ren, C. Zhou et al. Computer Methods and Programs in Biomedicine 218 (2022) 106731 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

[

[  

[

[  

[

[

[

[  

 

[  

 

 

 

 

 

 

 

[165] T.D. Pham , A comprehensive study on classification of COVID-19 on computed 
tomography with pretrained convolutional neural networks, Sci. Rep. 10 (1) 

(2020 Oct 9) 1–8 . 
[166] M.A. Khan , M. Alhaisoni , U. Tariq , N. Hussain , A. Majid , R. Damaševi ̌cius ,

R. Maskeli ̄unas , COVID-19 case recognition from chest CT images by deep 
learning, entropy-controlled firefly optimization, and parallel feature fusion, 

Sensors 21 (21) (2021 Jan7286) . 
[167] T. Chen , S. Kornblith , M. Norouzi , G. Hinton , A simple framework for con-

trastive learning of visual representations, in: International Conference On 

Machine Learning, 2020 Nov 21, pp. 1597–1607. PMLR . 
[168] Radiopaedia, Radiopaedia COVID-19 Dataset. p. https://radiopaedia.org/articles/ 

covid- 19- 4 . Accessed on January 28 2022 ,. 
[169] J. Donahue , Y. Jia , O. Vinyals , J. Hoffman , N. Zhang , E. Tzeng , T. Darrell , in:

Decaf: a deep convolutional activation feature for generic visual recognition, 
2014 Jan 27, pp. 647–655. PMLR . 

[170] S. Sun , H. Shi , Y. Wu , A survey of multi-source domain adaptation, Inf. Fusion

24 (2015 Jul 1) 84–92 . 
[171] Hajiramezanali E., Dadaneh S.Z., Karbalayghareh A., Zhou M., Qian X. Bayesian 

multi-domain learning for cancer subtype discovery from next-generation se- 
quencing count data. arXiv preprint arXiv: 1810.09433 . 2018 Oct 22. 

[172] W. Xu , J. He , Y. Shu , Transfer learning and deep domain adaptation, in: Ad-
vances and Applications in Deep Learning, 2020 Oct 29, p. 45 . 

[173] Zhang Y., Niu S., Qiu Z., Wei Y., Zhao P., Yao J., Huang J., Wu Q., Tan M.

COVID-DA: deep domain adaptation from typical pneumonia to COVID-19. 
arXiv preprint arXiv: 2005.01577 . 2020 Apr 30. 

[174] Chen H., Jiang Y., Loew M., Ko H. Unsupervised domain adaptation based 
COVID-19 CT infection segmentation network. arXiv preprint arXiv: 2011. 

11242 . 2020 Nov 23. 
[175] Q. Jin , H. Cui , C. Sun , Z. Meng , L. Wei , R. Su , Domain adaptation based self-

-correction model for COVID-19 infection segmentation in CT images, Expert 

Syst. Appl. 176 (2021 Aug 15) 114 84 8 . 
[176] W. Li , J. Chen , P. Chen , L. Yu , X. Cui , Y. Li , F. Cheng , W. Ouyang , NIA-Network:

towards improving lung CT infection detection for COVID-19 diagnosis, Artif. 
Intell. Med. 117 (2021 Jul 1) 102082 . 

[177] Morozov S.P., Andreychenko A .E., Pavlov N.A ., Vladzymyrskyy A .V., Ledikhova 
N.V., Gombolevskiy V.A., Blokhin I.A., Gelezhe P.B., Gonchar A.V., Chernina 

VY. Mosmeddata: Chest ct scans with covid-19 related findings dataset. arXiv 

preprint arXiv: 2005.06465 . 2020 May 13. 
[178] B. Zhou , A. Khosla , A. Lapedriza , A. Oliva , A. Torralba , Learning deep features

for discriminative localization, in: InProceedings of the IEEE conference on 
computer vision and pattern recognition, 2016, pp. 2921–2929 . 

[179] Lin M.Q. Chen, and S. Yan. Network in network. arXiv preprint arXiv: 1312. 
4400 v3. 2013. 

[180] S. Ren , K. He , R. Girshick , J. Sun , Faster r-cnn: towards real-time object detec-

tion with region proposal networks, Adv. Neural. Inf. Process Syst. 28 (2015) 
91–99 . 

[181] Y. Jiang , H. Chen , H. Ko , D.K. Han , Few-shot Learning for CT Scan based
COVID-19 Diagnosis, in: InICASSP 2021-2021 IEEE International Conference 

on Acoustics, Speech and Signal Processing (ICASSP, IEEE, 2021 Jun 6, 
pp. 1045–1049 . 

[182] A. Voulodimos , E. Protopapadakis , I. Katsamenis , A. Doulamis , N. Doulamis , A
Few-Shot U-Net Deep Learning Model for COVID-19 Infected Area Segmenta- 

tion in CT Images, Sensors 21 (6) (2021 Jan) 2215 . 

[183] M. Abdel-Basset , V. Chang , H. Hawash , R.K. Chakrabortty , M Ryan ,
FSS-2019-nCov: a deep learning architecture for semi-supervised few-shot 

segmentation of COVID-19 infection, Knowl. Based Syst. 212 (2021 Jan 5) 
106647 . 

[184] S. Gao , M.M. Cheng , K. Zhao , X.Y. Zhang , M.H. Yang , P.H. Torr , Res2net: a new
multi-scale backbone architecture, IEEE Transactions On Pattern Analysis And 

Machine Intelligence, 2019 Aug 30 . 

[185] X. Chen , L. Yao , T. Zhou , J. Dong , Y. Zhang , Momentum contrastive learning
for few-shot COVID-19 diagnosis from chest CT images, Pattern Recognit. 113 

(2021 May 1) 107826 . 
[186] van den Oord A., Li Y., Vinyals O. Representation learning with contrastive 

predictive coding. arXiv reprint. arXiv preprint arXiv: 1807.03748 . 2018;2. 
[187] M. Jun , G. Cheng , W. Yixin , A. Xingle , G. Jiantao , Y. Ziqi , Z. Minqing , L. Xin ,

D. Xueyuan , C. Shucheng , W. Hao , COVID-19 CT lung and infection segmenta-

tion dataset, Zenodo (Apr. 2020) 20 . 
[188] P. Silva , E. Luz , G. Silva , G. Moreira , R. Silva , D. Lucio , D Menotti , COVID-19 de-

tection in CT images with deep learning: a voting-based scheme and cross–
datasets analysis, Inf. Medicine Unlocked 20 (2020 Jan 1) 100427 . 

[189] M.J. Horry , S. Chakraborty , M. Paul , A. Ulhaq , B. Pradhan , M. Saha , N. Shukla ,
in: COVID-19 Detection Through Transfer Learning Using Multimodal Imaging 

Data, 8, IEEE Access, 2020 Aug 14, pp. 14 9808–14 9824 . 

[190] C. Li , Y. Yang , H. Liang , B. Wu , Transfer learning for establishment of recog-
nition of COVID-19 on CT imaging using small-sized training datasets, Knowl. 

Based Syst. 218 (2021 Apr 22) 106 84 9 . 
[191] H. Ko , H. Chung , W.S. Kang , K.W. Kim , Y. Shin , S.J. Kang , J.H. Lee , Y.J. Kim ,

N.Y. Kim , H. Jung , J. Lee , COVID-19 pneumonia diagnosis using a simple 2D
deep learning framework with a single chest CT image: model development 

and validation, J. Med. Internet Res. 22 (6) (2020) e19569 . 

[192] S. Ahuja , B.K. Panigrahi , N. Dey , V. Rajinikanth , T.K. Gandhi , Deep transfer
learning-based automated detection of COVID-19 from lung CT scan slices, 

Appl. Intell. 51 (1) (2021 Jan) 571–585 . 
17 
[193] Zheng C., Deng X., Fu Q., Zhou Q., Feng J., Ma H., Liu W., Wang X. Deep
learning-based detection for COVID-19 from chest CT using weak label. 

MedRxiv. 2020 Jan 1. 
[194] Hu R., Ruan G., Xiang S., Huang M., Liang Q., Li J. Automated diagnosis of

covid-19 using deep learning and data augmentation on chest ct. medRxiv. 
2020 Jan 1. 

[195] N. Hasan , Y. Bao , A. Shawon , Y. Huang , DenseNet convolutional neural net-
works application for predicting COVID-19 using CT image, SN Comput. Sci. 2 

(5) (2021 Sep) 1-1 . 

[196] A. Shalbaf , M. Vafaeezadeh , Automated detection of COVID-19 using en- 
semble of transfer learning with deep convolutional neural network based 

on CT scans, Int. J. Comput. Assist. Radiol. Surg. 16 (1) (2021 Jan) 115–
123 . 

[197] M. Singh , S. Bansal , S. Ahuja , R.K. Dubey , B.K. Panigrahi , N. Dey , Trans-
fer learning–based ensemble support vector machine model for automated 

COVID-19 detection using lung computerized tomography scan data, Med. 

Biol. Eng. Comput. 59 (4) (2021 Apr) 825–839 . 
[198] S. Hu , Y. Gao , Z. Niu , Y. Jiang , L. Li , X. Xiao , M. Wang , E.F. Fang , W. Menpes–

Smith , J. Xia , H Ye , in: Weakly Supervised Deep Learning For covid-19 Infec-
tion Detection and Classification from Ct Images, 8, IEEE Access, 2020 Jun 29, 

pp. 118869–118883 . 
[199] H.X. Bai , R. Wang , Z. Xiong , B. Hsieh , K. Chang , K. Halsey , T.M. Tran , J.W. Choi ,

D.C. Wang , L.B. Shi , J. Mei , Artificial intelligence augmentation of radiologist

performance in distinguishing COVID-19 from pneumonia of other origin at 
chest CT, Radiology 296 (3) (2020 Sep) E156–E165 . 

200] Angelov P., Almeida Soares E. SARS-CoV-2 CT-scan dataset: a large dataset of 
real patients CT scans for SARS-CoV-2 identification. MedRxiv. 2020 Apr 29. 

[201] M. Tan , Q Le , Efficientnet: rethinking model scaling for convolutional neural 
networks, in: International Conference on Machine Learning, 2019 May 24, 

pp. 6105–6114. PMLR . 

202] Yang X., He X., Zhao J., Zhang Y., Zhang S., Xie P. COVID-CT-dataset: a CT scan
dataset about COVID-19. arXiv preprint arXiv: 2003.13865 . 2020 Mar 30. 

203] Born J., Brändle G., Cossio M., Disdier M., Goulet J., Roulin J., Wiedemann N. 
POCOVID-Net: automatic detection of COVID-19 from a new lung ultrasound 

imaging dataset (POCUS). arXiv preprint arXiv: 2004.12084 . 2020 Apr 25. 
204] H. Liu , D. Yao , J. Yang , X. Li , Lightweight convolutional neural network and its

application in rolling bearing fault diagnosis under variable working condi- 

tions, Sensors 19 (22) (2019 Jan) 4827 . 
205] D.M. Ibrahim , N.M. Elshennawy , A.M. Sarhan , Deep-chest: multi-classification 

deep learning model for diagnosing COVID-19, pneumonia, and lung cancer 
chest diseases, Comput. Biol. Med. 132 (2021 May 1) 104348 . 

206] P. Angelov , E. Soares , Towards explainable deep neural networks (xDNN), 
Neural Netw. 130 (2020 Oct 1) 185–194 . 

207] Radiology, I.S.o.M.a.I., SIRM . 2020: p. https://www.sirm.org/en/category/ 

articles 
/covid- 19- database/ . Accessed on January 28 2022. 

208] J. Yang , H. Veeraraghavan , S.G. Armato III , Farahani K , Kirby JS , Kalpa-
thy-Kramer J , van Elmpt W , Dekker A , Han X , Feng X , Aljabar P , Autosegmen-

tation for thoracic radiation treatment planning: a grand challenge at AAPM 

2017, Med. Phys. 45 (10) (2018 Oct) 4568–4581 . 

209] M. Loey , G. Manogaran , N.E. Khalifa , in: A Deep Transfer Learning Model With
Classical Data Augmentation and CGAN to Detect covid-19 from Chest CT Ra- 

diography Digital Images, Neural Computing and Applications, 2020 Oct 26, 

pp. 1–3 . 
[210] J. Song , H. Wang , Y. Liu , W. Wu , G. Dai , Z. Wu , P. Zhu , W. Zhang , K.W. Yeom ,

K. Deng , End-to-end automatic differentiation of the coronavirus disease 2019 
(COVID-19) from viral pneumonia based on chest CT, Eur. J. Nucl. Med. Mol. 

Imaging 47 (11) (2020) 2516–2524 Oct . 
[211] A . Sedik , A .M. Iliyasu , A . El-Rahiem , M.E. Abdel Samea , A. Abdel-Raheem ,

M. Hammad , J. Peng , A. El-Samie , E. Fathi , A. El-Latif , A Ahmed , Deploying

machine and deep learning models for efficient data-augmented detection of 
COVID-19 infections, Viruses 12 (7) (2020 Jul) 769 . 

[212] Mobiny A., Cicalese P.A., Zare S., Yuan P., Abavisani M., Wu C.C., Ahuja J., de
Groot P.M., Van Nguyen H. Radiologist-level covid-19 detection using ct scans 

with detail-oriented capsule networks. arXiv preprint arXiv: 2004.07407 . 2020 
Apr 16. 

[213] T. Goel , R. Murugan , S. Mirjalili , D.K. Chakrabartty , Automatic screening of

covid-19 using an optimized generative adversarial network, Cognit. Comput. 
(2021 Jan 25) 1–6 . 

[214] I. Goodfellow , J. Pouget-Abadie , M. Mirza , B. Xu , D. Warde-Farley , S. Ozair ,
A. Courville , Y. Bengio , Generative adversarial nets, Adv. Neural. Inf. Process 

Syst. (2014) 27 . 
[215] S. Mirjalili , A. Lewis , in: The Whale Optimization Algorithm, 95, Advances in 

engineering software, 2016 May 1, pp. 51–67 . 

[216] Ghassemi N., Shoeibi A., Khodatars M., Heras J., Rahimi A., Zare A., Pachori 
R.B., Gorriz J.M. Automatic Diagnosis of COVID-19 from CT Images using Cy- 

cleGAN and Transfer Learning. arXiv preprint arXiv: 2104.11949 . 2021 Apr 24. 
[217] Donahue J., Simonyan K. Large scale adversarial representation learning. arXiv 

preprint arXiv: 1907.02544 . 2019 Jul 4. 
[218] A. Waheed , M. Goyal , D. Gupta , A. Khanna , F. Al-Turjman , P.R. Pinheiro , in:

Covidgan: Data Augmentation Using Auxiliary Classifier Gan for Improved 

covid-19 Detection, 8, Ieee Access, 2020 May 14, pp. 91916–91923 . 
[219] Sabour S., Frosst N., Hinton G.E. Dynamic routing between capsules. arXiv 

preprint arXiv: 1710.09829 . 2017 Oct 26. 

http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0165
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0165
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0166
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0166
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0166
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0166
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0166
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0166
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0166
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0166
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0167
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0167
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0167
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0167
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0167
https://radiopaedia.org/articles/covid-19-4
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0169
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0169
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0169
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0169
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0169
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0169
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0169
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0169
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0170
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0170
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0170
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0170
http://arxiv.org/abs/1810.09433
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0172
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0172
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0172
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0172
http://arxiv.org/abs/2005.01577
http://arxiv.org/abs/2011.11242
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0175
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0175
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0175
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0175
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0175
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0175
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0175
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0176
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0176
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0176
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0176
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0176
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0176
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0176
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0176
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0176
http://arxiv.org/abs/2005.06465
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0178
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0178
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0178
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0178
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0178
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0178
http://arxiv.org/abs/1312.4400
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0180
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0180
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0180
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0180
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0180
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0181
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0181
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0181
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0181
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0181
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0182
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0182
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0182
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0182
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0182
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0182
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0183
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0183
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0183
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0183
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0183
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0183
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0184
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0184
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0184
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0184
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0184
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0184
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0184
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0185
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0185
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0185
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0185
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0185
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0185
http://arxiv.org/abs/1807.03748
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0187
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0187
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0187
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0187
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0187
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0187
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0187
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0187
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0187
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0187
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0187
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0187
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0188
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0188
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0188
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0188
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0188
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0188
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0188
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0188
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0189
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0189
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0189
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0189
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0189
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0189
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0189
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0189
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0190
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0190
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0190
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0190
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0190
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0191
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0191
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0191
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0191
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0191
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0191
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0191
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0191
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0191
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0191
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0191
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0191
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0192
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0192
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0192
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0192
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0192
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0192
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0195
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0195
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0195
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0195
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0195
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0196
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0196
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0196
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0197
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0197
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0197
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0197
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0197
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0197
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0197
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0198
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0198
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0198
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0198
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0198
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0198
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0198
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0198
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0198
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0198
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0198
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0198
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0199
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0199
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0199
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0199
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0199
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0199
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0199
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0199
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0199
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0199
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0199
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0199
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0201
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0201
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0201
http://arxiv.org/abs/2003.13865
http://arxiv.org/abs/2004.12084
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0204
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0204
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0204
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0204
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0204
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0205
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0205
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0205
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0205
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0206
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0206
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0206
https://www.sirm.org/en/category/articles/covid-19-database/
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0208
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0208
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0208
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0208
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0208
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0208
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0208
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0208
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0208
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0208
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0208
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0208
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0209
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0209
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0209
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0209
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0210
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0210
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0210
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0210
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0210
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0210
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0210
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0210
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0210
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0210
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0210
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0211
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0211
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0211
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0211
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0211
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0211
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0211
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0211
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0211
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0211
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0211
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0211
http://arxiv.org/abs/2004.07407
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0213
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0213
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0213
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0213
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0213
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0214
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0214
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0214
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0214
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0214
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0214
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0214
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0214
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0214
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0215
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0215
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0215
http://arxiv.org/abs/2104.11949
http://arxiv.org/abs/1907.02544
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0218
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0218
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0218
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0218
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0218
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0218
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0218
http://arxiv.org/abs/1710.09829


H. Hassan, Z. Ren, C. Zhou et al. Computer Methods and Programs in Biomedicine 218 (2022) 106731 

[  

 

[  

[  

[  

[

[  

[  

[  

[

 

[  

 

[

[  

[  

[  

 

[

[  

[  

 

[

[  

 

[  

[

[

[  

 

[  
220] G.E. Hinton , S. Sabour , N. Frosst , Matrix capsules with EM routing, InInterna-
tional Conference on Learning Representations, 2018 Feb 15 . 

[221] P. Isola , J.Y. Zhu , T. Zhou , A .A . Efros , Image-to-image translation with con-
ditional adversarial networks, in: InProceedings of the IEEE Conference on 

Computer Vision and Pattern Recognition, 2017, pp. 1125–1134 . 
222] K. Zhang , X. Liu , J. Shen , Z. Li , Y. Sang , X. Wu , Y. Zha , W. Liang , C. Wang ,

K. Wang , L. Ye , Clinically applicable AI system for accurate diagnosis, quanti- 
tative measurements, and prognosis of COVID-19 pneumonia using computed 

tomography, Cell 181 (6) (2020 Jun 11) 1423–1433 . 

223] Y.H. Wu , S.H. Gao , J. Mei , J. Xu , D.P. Fan , R.G. Zhang , M.M. Cheng , Jcs: an ex-
plainable covid-19 diagnosis system by joint classification and segmentation, 

IEEE Trans. Image Process. 30 (2021 Feb 18) 3113–3126 . 
224] H. Gunraj , L. Wang , A. Wong , Covidnet-ct: a tailored deep convolutional neu-

ral network design for detection of covid-19 cases from chest ct images, 
Front. Med. (Lausanne) 7 (2020) . 

225] Gunraj H., Sabri A., Koff D., Wong A. COVID-Net CT-2: enhanced deep neural 

networks for detection of covid-19 from chest ct images through bigger, more 
diverse learning. arXiv preprint arXiv: 2101.07433 . 2021 Jan 19. 

226] He X., Wang S., Shi S., Chu X., Tang J., Liu X., Yan C., Zhang J., Ding G. Bench-
marking deep learning models and automated model design for covid-19 de- 

tection with chest ct scans. medRxiv. 2020 Jan 1. 
[227] Raghu M., Zhang C., Kleinberg J., Bengio S. Transfusion: understanding trans- 

fer learning for medical imaging. arXiv preprint arXiv: 1902.07208 . 2019 Feb 

14. 
228] H.Y. Zhou , C. Lu , S. Yang , X. Han , Y. Yu , Preservational Learning Improves Self-

-supervised Medical Image Models by Reconstructing Diverse Contexts, in: 
InProceedings of the IEEE/CVF International Conference on Computer Vision, 

2021, pp. 3499–3509 . 
229] Tang Y., Yang D., Li W., Roth H., Landman B., Xu D., Nath V., Hatamizadeh A.

Self-supervised pre-training of swin transformers for 3d medical image anal- 

ysis. arXiv preprint arXiv: 2111.14791 . 2021 Nov 29. 
230] Venkatakrishnan A.R., Kim S.T., Eisawy R., Pfister F., Navab N. Self-supervised 

out-of-distribution detection in brain CT scans. arXiv preprint arXiv: 2011. 
05428 . 2020 Nov 10. 

[231] Azizi S., Mustafa B., Ryan F., Beaver Z., Freyberg J., Deaton J., Loh A., Karthike-
salingam A., Kornblith S., Chen T., Natarajan V. Big self-supervised models 

advance medical image classification. arXiv preprint arXiv: 2101.05224 . 2021 

Jan 13. 
232] A .A . Setio , A . Traverso , T. De Bel , M.S. Berens , C. Van Den Bogaard , P. Cerello ,

H. Chen , Q. Dou , M.E. Fantacci , Geurts B, van der Gugten R. Validation, com-
parison, and combination of algorithms for automatic detection of pulmonary 

nodules in computed tomography images: the LUNA16 challenge, Med. Image 
Anal. 42 (2017 Dec 1) 1–3 . 

233] Bakas S., Reyes M., Jakab A., Bauer S., Rempfler M., Crimi A., Shinohara 

R.T., Berger C., Ha S.M., Rozycki M., Prastawa M. Identifying the best ma- 
chine learning algorithms for brain tumor segmentation, progression assess- 

ment, and overall survival prediction in the BRATS challenge. arXiv preprint 
arXiv: 1811.02629 . 2018 Nov 5. 

234] Bilic P., Christ P.F., Vorontsov E., Chlebus G., Chen H., Dou Q., Fu C.W., Han
X., Heng P.A., Hesser J., Kadoury S. The liver tumor segmentation benchmark 

(lits). arXiv preprint arXiv: 1901.04056 . 2019 Jan 13. 
18 
235] D.L. Fung , Q. Liu , J. Zammit , C.K. Leung , P. Hu , Self-supervised deep learning
model for COVID-19 lung CT image segmentation highlighting putative causal 

relationship among age, underlying disease and COVID-19, J. Transl. Med. 19 
(1) (2021 Dec) 1–8 . 

236] J. Park , I.Y. Kwak , C. Lim , A deep learning model with self-supervised learning
and attention mechanism for COVID-19 diagnosis using chest X-ray images, 

Electronics (Basel) 10 (16) (2021 Jan) 1996 . 
[237] A. Muneer , R.F. Ali , S.M. Fati , S. Naseer , COVID-19 recognition using self-su-

pervised learning approach in three new computed tomography databases, J. 

Hunan Univ. Nat. Sci. 48 (8) (2021 Sep 11) . 
238] Sriram A., Muckley M., Sinha K., Shamout F., Pineau J., Geras K.J., Azour 

L., Aphinyanaphongs Y., Yakubova N., Moore W. COVID-19 prognosis via 
self-supervised representation learning and multi-image prediction. arXiv 

preprint arXiv: 2101.04909 . 2021 Jan 13. 
239] K. Hu , Y. Huang , W. Huang , H. Tan , Z. Chen , Z. Zhong , X. Li , Y. Zhang , X. Gao ,

Deep supervised learning using self-adaptive auxiliary loss for COVID-19 di- 

agnosis from imbalanced CT images, Neurocomputing 458 (2021 Oct 11) 
232–245 . 

240] K. He , H. Fan , Y. Wu , S. Xie , R. Girshick , Momentum contrast for unsupervised
visual representation learning, in: Proceedings of the IEEE/CVF Conference on 

Computer Vision and Pattern Recognition, 2020, pp. 9729–9738 . 
[241] K. He, X. Chen, S. Xie, Y. Li, P. Dollár, R. Girshick, Masked autoencoders are

scalable vision learners, arXiv preprint (2021 Nov 11) arXiv: 2111.06377 . . 

242] R. Rahaman, A.H. Thiery, Uncertainty quantification and deep ensembles, 
arXiv preprint (2020 Jul 17) arXiv: 2007.08792 . . 

243] M. Abdar , F. Pourpanah , S. Hussain , D. Rezazadegan , L. Liu , M. Ghavamzadeh ,
P. Fieguth , X. Cao , A. Khosravi , U.R. Acharya , V. Makarenkov , A review of un-

certainty quantification in deep learning: techniques, applications and chal- 
lenges, Information Fusion, 2021 May 23 . 

244] Z. Senousy , M. Abdelsamea , M.M. Gaber , M. Abdar , R.U. Acharya , A. Khosravi ,

Nahavandi S. Mcua , Multi-level context and uncertainty aware dynamic deep 
ensemble for breast cancer histology image classification, IEEE Trans. Biomed. 

Eng. (2021 Aug 30) . 
245] R.L. Russell , C. Reale , Multivariate uncertainty in deep learning, IEEE Trans. 

Neural Netw. Learn. Syst. (2021 Jun 17) . 
246] Abdar M., Salari S., Qahremani S., Lam H.K., Karray F., Hussain S., Khosravi 

A., Acharya U.R., Nahavandi S. UncertaintyFuseNet: Robust uncertainty-aware 

hierarchical feature fusion with ensemble monte carlo dropout for COVID-19 
detection. arXiv preprint arXiv: 2105.08590 . 2021 May 18. 

[247] Li Y., Luo L., Lin H., Chen H., Heng P.A. Dual-Consistency semi-supervised 
learning with uncertainty quantification for COVID-19 lesion segmentation 

from CT Images. arXiv preprint arXiv: 2104.03225 . 2021 Apr 7. 
248] M. Abdar , M. Samami , S.D. Mahmoodabad , T. Doan , B. Mazoure , R. Hashemife-

sharaki , L. Liu , A. Khosravi , U.R. Acharya , V. Makarenkov , S. Nahavandi , Un-

certainty quantification in skin cancer classification using three-way deci- 
sion-based Bayesian deep learning, Comput. Biol. Med. (2021 Apr 28) 104418 . 

249] R. Tanno , D.E. Worrall , E. Kaden , A. Ghosh , F. Grussu , A. Bizzi , S.N. Sotiropou-
los , A. Criminisi , D.C. Alexander , Uncertainty modelling in deep learning for 

safer neuroimage enhancement: demonstration in diffusion MRI, Neuroimage 
225 (2021 Jan 15) 117366 . 

http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0220
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0220
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0220
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0220
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0221
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0221
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0221
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0221
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0221
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0222
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0222
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0222
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0222
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0222
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0222
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0222
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0222
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0222
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0222
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0222
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0222
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0223
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0223
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0223
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0223
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0223
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0223
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0223
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0223
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0224
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0224
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0224
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0224
http://arxiv.org/abs/2101.07433
http://arxiv.org/abs/1902.07208
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0228
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0228
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0228
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0228
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0228
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0228
http://arxiv.org/abs/2111.14791
http://arxiv.org/abs/2011.05428
http://arxiv.org/abs/2101.05224
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0232
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0232
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0232
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0232
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0232
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0232
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0232
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0232
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0232
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0232
http://arxiv.org/abs/1811.02629
http://arxiv.org/abs/1901.04056
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0235
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0235
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0235
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0235
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0235
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0235
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0236
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0236
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0236
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0236
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0237
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0237
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0237
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0237
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0237
http://arxiv.org/abs/2101.04909
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0239
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0239
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0239
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0239
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0239
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0239
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0239
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0239
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0239
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0239
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0240
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0240
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0240
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0240
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0240
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0240
http://arxiv.org/abs/2111.06377
http://arxiv.org/abs/2007.08792
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0243
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0243
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0243
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0243
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0243
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0243
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0243
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0243
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0243
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0243
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0243
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0243
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0244
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0244
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0244
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0244
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0244
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0244
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0244
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0244
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0245
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0245
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0245
http://arxiv.org/abs/2105.08590
http://arxiv.org/abs/2104.03225
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0248
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0248
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0248
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0248
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0248
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0248
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0248
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0248
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0248
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0248
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0248
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0248
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0249
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0249
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0249
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0249
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0249
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0249
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0249
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0249
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0249
http://refhub.elsevier.com/S0169-2607(22)00117-1/sbref0249

	Supervised and weakly supervised deep learning models for COVID-19 CT diagnosis: A systematic review
	1 Introduction
	2 COVID-19 CT diagnosis by supervised learning
	2.1 Backbone networks
	2.2 Network function blocks
	2.3 Loss functions

	3 COVID-19 ct diagnosis by weakly supervised learning
	3.1 Transfer learning
	3.1.1 Pre-trained models (conventional transfer learning)
	3. 1. 2 domain adaptation-based transfer learning methods

	3.2 Data augmentation
	3.2.1 Data augmentation with pre-trained models
	3.2.2 GAN based data augmentation methods


	4 Discussions and future perspectives
	5 Conclusion
	Declaration of Competing Interest
	Acknowledgment
	References


