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a b s t r a c t 

During the highly infectious pandemic of coronavirus disease 2019 (COVID-19), artificial intelligence (AI) has 

provided support in addressing challenges and accelerating achievements in controlling this public health crisis. 

It has been applied in fields varying from outbreak forecasting to patient management and drug/vaccine devel- 

opment. In this paper, we specifically review the current status of AI-based approaches for patient management. 

Limitations and challenges still exist, and further needs are highlighted. 
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. Introduction 

Severe acute respiratory distress syndrome coronavirus 2 (SARS-

oV-2) was identified in December 2019 [1] , followed by transmission

round the world. The public health emergency rapidly developed into a

andemic with global involvement and was declared a pandemic by the

orld Health Organization (WHO) on March 11, 2020 [2] . Although

uthorities in various countries launched different policies to contain

he pandemic, the daily new confirmed cases and deaths still increased,

ausing more than 34,495,176 infections and 1025,729 deaths by Octo-

er 4, 2020 [3] . A surge in medical burden within a short time, shortages

f medical resources and health workforce, weak public health surveil-

ance systems, and inefficient screening and triage routine were chal-

enging public health systems, emphasizing a need for better methods

o control the public health crisis. 

Artificial intelligence (AI) can actively learn and analyze differ-

nt kinds of data without complete knowledge. As shown in Figure 1 ,

are abnormalities can be identified after a huge amount of data min-

ng, and evidence or suspicions might be provided for differentia-

ion/classification. AI technology has successfully exhibited its promis-

ng potential in medical and health care fields and is altering the way

ealth services are delivered. Large datasets and various computational

lgorithms facilitated the development of AI. On January 31, 2020,

u et al. warned of a global outbreak of COVID-19 as assessed by

 susceptible-exposed-infectious-recovered metapopulation model [4] ,

nd a multivariate prediction model was used for adjusting dynamic mit-

gation and suppression interventions [5] . Additionally, with its success

n aggregating and mining big data, AI demonstrates beneficial contribu-
∗ Corresponding authors./7 

E-mail addresses: xuhaibo1120@hotmail.com (Haibo Xu), wangxinghuan@whu.ed

t  

ttps://doi.org/10.1016/j.imed.2021.05.005 

eceived 28 October 2020; Received in revised form 27 March 2021; Accepted 21 M

667-1026/© 2021 The Authors. Published by Elsevier B.V. on behalf of Chinese Med

 http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
ions in areas such as patient monitoring [6] , disease diagnosis [7–9] ,

rognostic prediction [ 7 , 10 , 11 ], drug and vaccine development [12] ,

tc. The latest studies have clarified the crucial supporting role of AI-

ased models in the control of the COVID-19 pandemic [13–14] . The

urpose of this review was to comprehensively assess current applica-

ions of AI-based tools in patient management during the public health

risis. Moreover, additional research needs are highlighted. 

. Current research on AI in COVID-19 patient management 

AI-based techniques are broadly applied in four categories, including

atient tracing and monitoring, screening and diagnosis, characteriza-

ion and severity assessment, and prognostic prediction. 

.1. Tracing and monitoring 

Disrupting the chain of transmission and timely quarantining of in-

ected individuals are essential for pandemic control. AI-based smart-

hone apps have facilitated implementing real-time tracing technolo-

ies. By integrating Global Positioning System (GPS), social media, and

eospatial AI, real-time spatiotemporal trajectory data were gathered

ia a smartphone so that every individual was traced and monitored

ccurately [6] . This type of effort is crucial in containing COVID-19, es-

ecially because of its high infectivity. Although there were concerns

bout confidentiality and privacy, these apps were widely accepted and

upported, and a variety of similar smartphone apps were used in dif-

erent countries [15–18] . 

Because automatic contact tracing is a mobile phone app-based in-

ervention, several caveats should be considered. It is vital to get near-
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Fig. 1. An example of the workflow of artificial intelligence (AI). COVID-19: coronavirus disease 2019; SVM: support vector machine. 
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erfect compliance, without people fearing isolation or quarantine after

hose with confirmed cases have been contacted. Moreover, various apps

r models were developed and applied in different countries. A univer-

al platform or network for sharing contact tracing information might

e of more benefit for containing a global pandemic. Although transmis-

ion from presymptomatic and asymptomatic carriers has been widely

roven [ 12 , 19 ], current app-based contact tracing is still challenging

20–21] . 

.2. Screening and diagnosis 

Because of the high infectivity of COVID-19, early detection and

iagnosis is of great importance. Real-time reverse transcriptase poly-

erase chain reaction (RT-PCR) testing is the standard of reference for

onfirming a COVID-19 diagnosis. Nevertheless, testing is limited and

ime consuming. The uncertain sensitivity of RT-PCR testing, varying

rom 37% to 71% as reported in early studies [22–24] , is another im-

ortant impediment for early detection of COVID-19. 

In addition to RT-PCR testing, thoracic imaging is an important com-

onent of COVID-19 diagnosis. However, the sensitivity and specificity

f COVID-19 recognition in chest imaging varied among radiologists

25] . Most AI-based radiological diagnostic systems, based on radio-

raphs or CT images, reportedly have high sensitivity and specificity or

igh accuracy, comparable to diagnosis by senior radiologists [ 7 , 8 , 26–

9 ]. Moreover, assisted by AI, radiologists’ performance in distinguish-

ng COVID-19 was optimized, with a better test accuracy (90% vs. 85%,

 < 0.001), sensitivity (88% vs. 79%, P < 0.001) and specificity (91% vs.

8%, P = 0.001) [ 7 , 26 ]. 
11 
AI-driven diagnostic systems/models mainly refer to dual classifica-

ion problems (including COVID-19 vs. healthy control, COVID-19 vs .

on-COVID-19, and COVID-19 vs. other pneumonia), three-class classi-

cation problems (including COVID-19 vs. other pneumonia vs. healthy

ontrol, etc.) and multiclass classification problems (including COVID-

9 vs. viral pneumonia vs. bacterial pneumonia vs. healthy control,

tc.). Because COVID-19 infection could not be ruled out in a propor-

ion of patients because of lack of RT-PCR testing early in the pandemic,

everal studies recruited previous non-COVID-19 cases for model train-

ng [ 26 , 30–32 ]. They compensated the limited sample size as well as

voided falsely assigning patients with COVID-19 to the non-COVID-

9 group. Nevertheless, the value of the proposed model might be di-

inished, because coinfection with SARS-CoV-2 and other respiratory

athogens has been confirmed [ 33 , 34 ]. Several studies shared this prob-

em. Minaee et al. [28] compared efficacies of four convolutional neu-

al networks (CNNs) (including ResNet18, ResNet50, SqueezeNet, and

enseNet-121) used to detect COVID-19 in chest radiographs. Although

he average sensitivity rate was around 98% and the specificity was

round 90%, the deployment of the proposed model was limited. An-

ther study combined the discrimination deep learning model and the

ocalization deep learning model for COVID-19 identification. By train-

ng on both a community-acquired pneumonia (CAP) and a COVID-

9 radiograph dataset from the Radiological Society of North Amer-

ca (RSNA), the proposed model achieved an accuracy of 98.71% [29] .

ince differentiating COVID-19 from other viral pneumonias in flu sea-

on was a big challenge for junior radiologists, it was hoped that a 3D

NN-based model, based on CT images from multicenters during the

andemic period, successfully differentiated COVID-19 from influenza-
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 viral pneumonia and healthy controls (accuracy rate: 86.7%) [35] .

t would truly aid in the clinic, but its application is still limited by the

verlap of radiological manifestations in multiple diseases as well as the

mall sample size. 

The study of Karthik et al. [36] was more impressive. By integrat-

ng channel shuffled dual-branched (CSDB) CNN and distinctive filter

earning (DFL), the proposed model attained an accuracy of 99.8% in

etecting COVID-19 or a particular type of pneumonia (viral pneumo-

ia or bacterial pneumonia) on radiographs. It might perform well in

 realistic scenario, but lack of external validation would curb its wide

eployment. 

Other common weaknesses in early studies concern (1) limited sam-

le size, which might affect the robustness of models and increase the

isk of overfitting [ 35 , 37–38 ]; (2) training and testing images belong-

ng to one or limited datasets and lack of heterogeneity of data sources,

hich might hinder generalization of the proposed system [39] ; (3)

tudies that were mostly retrospectively designed, and the efficacy of

nly a few models was prospectively validated in clinic; (4) only a few

tudies reported on the applicable scope of the proposed models (such as

he prevalence), although it is of great importance for deployment; and

5) lack of external dataset validation or validated with dataset contain-

ng few COVID-19 cases, which might not reveal the real performance

f models. 

In order to overcome limited training data, Oh et al. [40] introduced

 novel patch-based deep neural network architecture. Each COVID-

9 radiograph was randomly divided into numerous small patches for

odel training. Regarding the study of Al, Waisy et al. tried to employ

re-trained deep learning models and a high-resolution network model

or the proposed system [41] . In addition, a transfer learning technique

nd large datasets of preprocessed radiographs were adopted to ensure

he stability and generalizability of the system. 

Researchers have also focused on joint AI models integrating CT im-

ges and clinical information for rapid diagnosis. One study proposed a

oint model based on a multicenter dataset of 905 cases. It achieved a

etter performance than models based on CT images or clinical informa-

ion only, obtaining 84.3% sensitivity (95% CI: 77.1%- 90.0%), 82.8%

pecificity (95% CI: 75.6% − 88.5%) and 0.92 area under the curve (AUC)

95% CI: 0.887–0.948) [8] . Additionally, Nikolas et al. introduced an AI

ystem for rapid diagnosis based on a chest CT score [ 27 , 42 ]. The AUC

as 0.95 on test dataset and 0.88 on the external validation dataset.

egardless of good performance, they were also either limited by small

ample size or the homogeneity of data source. 

Harmon et al. [9] considered the heterogeneity of data sources and

eveloped a deep learning model based on a diverse multinational co-

ort of 1280 patients, maintaining an accuracy of 90.8% and suffi-

ient generalizability. Another study proposed an AI system for a three-

lass classification problem. A 3D classification network was employed

nd the proposed system was based on 6752 CT scans from 4154 pa-

ients, obtaining an overall performance of 92.49% accuracy and AUC

f 0.9813 (95% CI: 0.9691–0.9902) [7] . Across races and prevalence,

alidation was conducted with an internal cohort and one retrospective

nd three prospective external cohorts. 

Other authors highlighted a chest CT-based deep learning algorithm

or medical triage [43] . The proposed model utilized U-Net and was

ased on a dataset of 2447 patients. Multiple external validations were

sed to assess the performance of the algorithm. Comparing to radio-

ogical reports, the model achieved a high degree of accuracy. Authors

mphasized the great importance of reducing reporting time with an

ccurate diagnostic AI system in patient management. 

Applications of thoracic imaging have been controversial, and the

alue of imaging tests has been diminished by risk of radiation expo-

ure and potential transmission to uninfected medical staff [44] . Be-

ause symptoms of COVID-19 are nonspecific and less than half of pa-

ients present with fever before admission [45] , studies on identifica-

ion of reliable biomarkers for disease screening are difficult. Wagner

t al. [46] introduced a clinical symptom-based augmented intelligence
12 
latform to predict impending COVID-19 onset. Another study enabled

reliminary diagnosis of COVID-19 with cough feature-based AI model

47] . Banerjee et al. [48] applied random forest machine learning and

rtificial neural networks to identify an altered immune cell profile as a

apid diagnosis tool for COVID-19. The model was based on 598 cases,

chieving an AUC of 0.81 and 0.85 in regular ward and in the commu-

ity, respectively, with a false negative rate of 50%. These insights might

rovide evidence for risk stratification of individuals out of hospital, but

urther multicenter large-scale validation is required before real-life ap-

lication. In addition, Naeem et al. [49] suggested a genomic signal

rocessing-based automatic diagnostic system for accurate COVID-19

iagnosis. It was executed by detecting DNA features, and the entire

rocess was accomplished within several minutes. Although the accu-

acy results were perfect, its specific technology hinders deployment in

ost countries and regions, especially the low and middle-income coun-

ries. 

Previous studies provide value and promise of deploying AI-based

ystems for patient screening and diagnosis. It is vital for patient risk

tratification, effective medical triage, and better allocation of medical

esources. Deployment in the real world is still a big challenge for the re-

iewed studies. Open access to diverse datasets in different regions and

ifferent populations may facilitate generalizing AI systems. Close col-

aboration between regions and countries will ensure the cross-border

ccess, while patient privacy and data safety should raise special con-

ern. Because there is no need for individual sharing, federated learning-

ased unified AI systems/models might be a promising alternative to

mprove the generalizability of models [50] . 

.3. Characterization and severity assessment 

Medical imaging is of special importance in tissue characterization

nd the assessment of pathophysiological process in the body [51] . Pul-

onary involvement measured by a semiquantitative visual score on

hest CT has been proved highly consistent with disease severity in early

tudies [52–53] . In order to avoid subjectivity, quantitative methods,

uch as deep learning and deep reinforcement learning-based algorithms

54] and multi-scale convolutional neural networks-based algorithms

55] have been suggested for automated quantification of CT abnormal-

ties, as well as quantification of the severity of both lobular involvement

nd lung involvement. Another algorithm based on a Siamese neural net-

ork was also suggested for evaluating severity on chest radiographs by

utomatically calculating the pulmonary X-ray score, defined as the Eu-

lidean distance between an image-of-interest and normal images [56] .

Quantitative parameters and whole lung radiomics demonstrated a

uperior reliance and accuracy [ 57 , 58 ]. Severe COVID-19 pneumonia

as correlated with higher percentage of consolidation and larger ex-

ent of pulmonary involvement [55] . In the study of Kang et al. [59] ,

ulmonary lesions were automatically detected and quantified by a deep

earning-based system. The authors clarified correlations between pul-

onary lesion extent and respiratory function, as well as clinical param-

ters reflecting other organ damage. 

.4. Prognostic prediction 

Severity and adverse outcome prediction in the early stage of the dis-

ase is of great importance for risk stratification and allocation of inten-

ive care medical resources, especially with limited medical resources.

linical biomarkers and dynamic changes in laboratory parameters were

oted by researchers in early observational studies. Patients’ precondi-

ions including age and comorbidities (obesity, diabetes, hypertension,

nd chronic renal insufficiency) predicted high risk of intensive care

nit (ICU) admission, ventilator requirements, and mortality [60] . Dif-

erent combinations of clinical and laboratory parameters were used in

 logistic regression model that performed well in predicting severity

rogression [61–62] . D-dimer, oxygen index, neutrophil-to- lymphocyte

atio, C-reactive protein, and lactate dehydrogenase were employed in a
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eep neural network-based model, achieving an AUC for mortality pre-

iction of 0.968 [63] . Another artificial neural network-based system

ad a similar predictive efficacy with an AUC of 0.9012 [64] . 

Many studies highlighted the predictive value of quantitative CT

arameters in assessing condition deterioration and adverse outcomes.

uantitative disease burden on chest CT in early stages predicted se-

ere outcomes [ 10 , 65 ]. With a 3D U-Net-based model, Grodecki et al.

66] showed higher odds with older age and a larger consolidation bur-

en in upper lobes on admission in assessing poor outcomes. In an-

ther multivariable regression model, the volumes of consolidation and

round glass opacities were identified as independent predictors of con-

ition deterioration or death and demonstrated incremental predictive

fficacy when being integrated in a model based only on clinical data

67] . These findings were consistent with other studies. The Light Gra-

ient Boosting Machine and Cox proportional-hazards regression-based

rediction system were based on quantitative pulmonary lesion features

f 456 patients and had an AUC of 0.8479 for predicting severe progres-

ion. Performance was significantly improved by being combined with

linical parameters, reaching an AUC of 0.9039 with a sensitivity of

6.71% and specificity of 80.00% [59] . Additionally, with respect to the

volution of the pattern of pulmonary lesions, other authors compared

T features seen on admission (day 0) and on day 4. Although a bet-

er predictive value of CT features on day 4 was shown by an AI-driven

ystem, it was still inferior to that of changes in CT features [11] . 

. Further requirements for AI during the COVID-19 pandemic 

.1. Assisting treatment modality options or adjustment 

There are diverse classes of drugs under evaluation and the effi-

acies of different treatment modalities might vary according to the

OVID-19 manifestations and disease course in patients [68] . A novel

I-based model should automatically record every response of patients

o the associated treatment modality and identify the correlation be-

ween certain kinds of alteration in patients’ condition and treatment.

oreover, with its powered data aggregating and mining ability, the

roposed model is expected to provide step-by-step suggestions based

n real-time conditions in each patient for clinical decision making in

reatment modality options or adjustment. 

.2. Prediction of important complications 

Recent studies suggest that COVID-19 patients may experience multi-

rgan impairment, including brain, heart, kidney, etc. [69-73] Comor-

idities increase risk for severe complications [74] . Because medical

maging and biomarkers are important factors for outcome predic-

ion, there may be opportunities to develop AI-driven prediction sys-

ems for important complications, such as electrocardiograph-based or

ltrasound-based AI models. These would be quite helpful for patient-

isk stratification and decision making in medical testing and treatment

ptions. For example, for patients classified as high risk for cardiovas-

ular complications, possible myocardial injury would be closely mon-

tored and treatment that may induce myocardial damage would be

voided. 

.3. Detection of asymptomatic patients and patients with unspecific 

ymptoms 

Asymptomatic patients have been estimated to account for

7.9% − 33.3% of all COVID-19 patients [ 19 , 75 ]. Given confirmed trans-

ission by asymptomatic carriers to others [ 76 , 77 ], early identification

f asymptomatic patients is crucial to contain the pandemic. However,

mage screening is not indicated in asymptomatic patients and patients

ith nonspecific symptoms, especially those who are not in high preva-

ence regions [ 44 , 78 ]. It would be more challenging to identify and
13 
uarantine them, as well as control further spread by undetected in-

ected and nonspecific symptomatic individuals [79] . Recent research

eported applications of a facial features-based AI model in coronary

rtery disease detection [80] . Identification of novel biomarkers with

etter availability for COVID-19 screening, such as respiratory pattern,

ight be an important direction for further investigation in AI. 

.4. Prediction of mental health 

COVID-19 and its associated control measures have greatly affected

eople’s lives as well as their mental health [81] . However, effective

pproaches for assessment and intervention have been lacking. In In-

ia, an AI-based smartphone app for mental health evaluation has been

aunched, although few studies provide further information. More at-

empts are required to identify risk factors and predict mental illness

ith AI algorithms, because it is a health issue with global relevance,

nd some of the mental symptoms might persist. 

. Summary 

AI-based approaches have enabled accurate patient tracing and mon-

toring, rapid diagnosis, severity assessment, and early prognostic pre-

iction in patient management during the COVID-19 pandemic. Al-

hough limitations and challenges still exist, the deployment of AI-based

ystems promises to save more lives and ameliorate the public health

risis. In the near future, more AI utilities need to be explored in differ-

nt domains, including drug and vaccine development, origin-tracing

esearch, and prediction of virus mutation. 
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