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2.1 Introduction

Since the onset of 2020, the outbreak of COVID-19 has been causing a
serious health crisis all around the world. COVID-19 as a novel coronavi-
rus (Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2)),
is a new strain in the family of coronaviruses that have not been previously
identified in humans [1]. Due to the very rapid transmission of COVID-19
over many territories in multiple continents, the World Health Organiza-
tion (WHO) declared it as a global pandemic on March 11, 2020. As of
August 23, 2020, over 23 million COVID-19 cases have been confirmed
worldwide with 808,697 number of confirmed deaths, according to Worl-
dometers report [2]. The outbreak of SARS-CoV-2 has imposed substan-
tial pressure on healthcare systems globally. A larger number of COVID-19
cases admitted to intensive care units (ICU) suffer from respiratory distress
and hypoxemia and require endotracheal intubation and ventilation treat-
ment facilities [3]. However, in the majority of cases, hospitals are not well
equipped with such expensive machines and medical facilities around the
globe. Furthermore, COVID-19 has a comparatively longer incubation
(1-2 weeks) period and is highly infectious, making it particularly impor-
tant to identify the infected cases at early stages and to isolate the subjects
from the healthy population to avoid the risk of human-to-human trans-
mission in the community level. The widespread availability of accurate
and rapid diagnostic procedures is extremely valuable in unwinding the
complex dynamics associated with SARS-CoV-2 infection and immunity.
Clinical laboratories, university research groups, and biotechnology com-
panies are working diligently toward the development and production of
crucially required diagnostic test kits.

Researches and Applications of Artificial Intelligence to Mitigate Pandemics Copyright © 2021 Elsevier Inc.
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COVID-19 displays a range of clinical manifestations, from mild flu-
like symptoms at the early onset to life-threatening conditions at severe
stages. Therefore, it is highly important to efficiently diagnose the initial
stages of infection to identify and isolate COVID-19 patients from in-
dividuals with and without comorbidities. This avoids the community
transmission and unnecessary quarantine of healthy individuals. More-
over, an early diagnosis allows the physicians to provide prompt medica-
tion to the patients with high risk for developing more serious compli-
cations from COVID-19 infection. The mutational variability associated
with SARS-CoV-2 necessitates the development of more advanced diag-
nostic tests based on viral genome sequencing. This could be an essential
tool to determine the rate and degree of mutational changes in viral
RNA genomes and unraveling newly emerging strains of the virus for
effective therapeutic development.

Currently, publicly available COVID-19 diagnostic tests can be clas-
sified into three major categories. The first category includes molecu-
lar assays for detection of SARS-CoV-2 viral RNA using reverse tran-
scriptase—polymerase chain reaction (RT-PCR) techniques, nucleic acid
hybridization or amplification strategies, and amplicon-based metage-
nomic sequencing methods. The second group belongs to serological
and immunological assays that mostly depend on detecting antibodies
in the human serum, produced by individuals previously exposed to
SARS-CoV-2 virus or on the detection of antigenic proteins in the cur-
rently infected individuals [4]. The final category includes the medical
imaging-based diagnosis that largely relies on identitying clinical mani-
festations of acute respiratory infection in radiography images, including
chest X-ray, computed tomography, and lung ultrasound, of the infected
individuals.

2.2 Molecular assay-based diagnosis

SARS-CoV-2, the causal virus for COVID-19, is a single-stranded positive-
sense RNA. On January 10, 2020, the entire genome sequence for SARS-
CoV-2 was published for a rapid demand for developing diagnostic kits for
the detection of viral genomes in affected individuals. The accessibility to
the viral sequence data greatly facilitated the design of primers and probes
for SARS-CoV-2-specific genomic DNA detection and amplification [3].
Reverse transcriptase—polymerase chain reaction is one of the principal
molecular assay techniques for viral nucleic acid detection.
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2.2.1 Reverse transcriptase polymerase chain reaction

RTP-PCR is a molecular diagnostic assay for the detection of SARS-
CoV-2 viral RNA. In the case of acute respiratory infection diagno-
sis, the RT-PCR is routinely utilized for the detection of causal viruses
from respiratory secretions [4] and is considered as the gold standard for
the identification of SARS-CoV-2 virus. At present, RT-PCR assay for
COVID-19 diagnosis generally relies on the nasopharyngeal and throat
swab-based specimens collected from the upper respiratory tract. Addition-
ally, the viral RNA was reported to be found in serum, saliva, stool, and
ocular secretions in a few RT-PCR-based diagnostic studies [5—8].The ma-
jority of the molecular diagnostic testing uses real-time RT-PCR technol-
ogy that targets different SARS-CoV-2 genomic regions. Specifically, 90%
of the currently available molecular assays for SARS-CoV-2 detection uti-
lize RT-PCR technologies [4].

2.2.2 RT-PCR assay procedure

The RT-PCR is a variation of a standard polymerase chain reaction that
involves the amplification of specific viral genetic material obtained from
small samples. The assay begins with the laboratory conversion of SARS-
CoV-2 into complementary DNA (cDNA) strands using RINA-dependent
DNA polymerase, which is also known as reverse transcriptase (RT). The
RT relies on small DNA sequence primers designed to specifically bind
complementary sequences in the viral RNA genome and the DNA poly-
merase enzyme to generate a short cONA copy of the viral RNA. RT-PCR.
technique consists of two steps: (1) SARS-CoV-2-specific genome detec-
tion and (2) amplification. In real-time RT-PCR, the amplification can be
monitored in real-time with the progression of the PCR, using either a
fluorescent dye or a sequence-specific fluorescent-labeled DNA probe. The
amplification process is repeated for about 40 cycles using an automated
procedure until a fluorescent or an electric signal detects the viral cDNA,
indicating the presence of SARS-CoV-2 in the sample [8]. An illustration
of the RT-PCR assay procedure is shown in Fig. 2.1.

2.2.3 Diagnostic precision of RT-PCR-based diagnosis

The real-time RT-PCR, in general, is sensitive (i.c., the ability to accurately
identify the patients with the disease) and a specific (i.e., the ability to ac-
curately identify the patients without the disease) diagnostic procedure for
COVID-19. A recent systematic review-based meta-analysis on 16 studies
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Figure 2.1 Reverse transcription-polymerase chain reaction (RT-PCR) mechanism ex-
plained. The reverse transcriptase generates cDNA copy of the specific segments of
SARS-CoV-2 viral mRNA, which is then multiplied by multiple cycles of PCR amplification
with DNA polymerase. Reproduced and modified the image from [9].

showed that RT-PCR with sputum sample provided the highest sensitivity
(97.2% [90%(min)—99.7%(max)]) among all other available testing methods
for COVID-19 diagnosis, including clinical (computed tomography) and
immunological (IgM and IgG antibodies) testing [10]. Additionally, in this
study, the authors reported the meta-analysis results of RT-PCR  diagnos-
tic tests using different types of samples, including rectal stool/swab, urine,
plasma, saliva, nasopharyngeal aspirate/swab, and throat swab. Of all these
samples, RT-PCR results with the respiratory samples demonstrate higher
sensitivities when compared to clinical samples in the sensitivity analyses.
Concerning the specificity parameter, no statistical meta-analysis result was
reported due to the scarcity of RT-PCR studies involving control groups.
The computed tomography-based testing turned out to be the second most
sensitive method by the meta-analysis presented in the study, followed by
the immunological antibody testing as the third-highest sensitive assay.

2.2.4 Limitations of RT-PCR-based diagnosis

Although RT-PCR is considered as the golden-standard diagnostic test and
is reported to be the most sensitive method for diagnosing COVID-19, it
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is hardly without any downside. The main limitation associated with the
RT-PCR test is the risk of eliciting false-positive and false-negative results.
RT-PCR test may yield false-negative results if there is a viral genome in-
sufficiency in the sample or non-amplification of viral genomes during the
PCR reaction [10]. Furthermore, several “suspected” cases were reported
in a study by Wang et al. (2020), in which discrepancies were observed
between typical clinical COVID-19 characteristics (with identical findings
in computed tomography) and RT-PCR test results [11]. Hence, a nega-
tive RT-PCR outcome does not exclude the possibility of COVID-19 in
all cases and should not be used as the sole criterion for making critical
decisions related to treatment and patient care management. Other notable
disadvantages are (1) the RT-PCR process requires expensive laboratory
instrumentation; (2) highly skilled health technicians; and (3) it is time con-
suming and can even take several days to generate results [12].

2.2.5 Conclusion

RT-PCR is the most definitive diagnostic method for the detection of the
SARS-CoV-2 virus, which demonstrates high accuracy for the identifica-
tion of true positive infections. However, in the case of dubious RT-PCR
results under typical clinical manifestations, the clinical features, such as
computed tomography diagnosis, could be combined to achieve a more
reliable diagnostic decision. Biotechnological companies and laboratories
worldwide are striving to accelerate the molecular assay procedure and de-
velop various other alternative assay techniques to further improve the di-
agnostic efticiency of the molecular assays.

2.3 Serological and immunological assay-based diagnosis

Serology, in general, is a diagnostic examination procedure involving blood
serum, concerning immune system's response to pathogens or introduced
substances. In the case of COVID-19, the serologic test is primarily de-
signed to detect antibodies produced in serum or plasma components of
blood in response to SARS-CoV-2 spike protein. The finding of the pres-
ence of antibodies in serum often indicates an immune system response to
an antigen (SARS-CoV-2 virus) from recent exposure to the disease or the
foreign protein. As antibodies are specific proteins made by the immune
system in response to infection, they can be detected in the blood of people
who are tested after infection, indicating an immune response to the infec-
tion. Furthermore, antibody test results can be important for identitying
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previous infections in mild or asymptomatic people [11,13]. Antibodies, also
known as immunoglobulins, are specialized proteins with a form of Y-shape
that can recognize antigen proteins located on microbial surfaces as foreign
particles [4]. Among the antibodies that are specific to the SARS-CoV-2 vi-
rus, [gM and IgG are the most notable ones. IgM appears first in response to
a SARS-CoV-2-specific antigen implying an inception stage of the infec-
tion. On the other hand, IgG antibodies have a higher affinity for the target
antigen and are more specifically able to bind the substance which triggers
the immune response. This type of antibody is generated later in the course
of infection and plays a key role in establishing a postinfection community
[4,14]. The principle of COVID-19 serology testing is based on targeted
antibodies binding to SARS-CoV-2-specitic antigens. The collected blood
serum is first applied to a testing platform containing copies of viral antigen.
The capillary action draws the blood through the testing device where it
mixes with the antigens. If antibodies are developed in the patient's blood
against SARS-CoV-2, they will recognize and bind to the corresponding
antigens, indicating previous exposure to SARS-CoV-2.

2.3.1 Types of serology-based testing

Serology-based tests, as a rapid and a point-of-care test, detect the presence
of patient-generated antibodies against the SARS-CoV-2 virus that causes
the disease COVID-19. Several platforms for the COVID-19 serology test
are available in the market including enzyme-linked immunosorbent assay
(ELISA), lateral low immunoassay (LFIA), and chemiluminescent immu-
noassay (CLIA) [4]. These immunoassay procedures can quantitatively or
qualitatively detect SARS-CoV-2 specific antibody isotypes, such as IgM
and IgG in human serum, plasma, or whole blood in vitro.

The test principles of ELISA, LFIA, and CLIA assays are briefly de-
scribed in the subsequent paragraphs based on relevant literature.

ELISA: ELISA is one of the most common assay techniques for quanti-
tative and qualitative measurement of the human anti-COVID-19 antibody
in serum. The procedure utilizes a microplate-based enzyme immunoassay
technique and the time required to produce the result is typically 1-5 h.
In the case of SARS-CoV-2, the microplate is coated with viral protein. If
the specific antiviral antibodies are present in the tested specimen, that will
bind the antigen specifically, and the bound antibody—protein complex can
be detected using an additional tracer antibody producing a colorimetric
or fluorescent-based readout, proportional to the amount of the level of
antibodies present in the sample. ELISA 1s designed to test multiple samples
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at a time and can be adapted to the increased throughput automation as a
point-of-care diagnostic tool [14].

LFIA: LFIA is a chromatographic assay-based test that qualitatively as-
sesses the presence of an antibody from a patient's sample or specimen. The
test device is small, portable, and can be used at the point-of-care. LFIA is
considered as a rapid diagnostic test (RIDT) as the typical time to obtain the
result is 10-30 min. When the serum fluid is applied to a substrate mate-
rial, the lateral capillary flow allows the sample to flow over a membrane
of immobilized-coated SARS-CoV-2 antigen. If the specimen contains the
anti-CoV antibodies, that are collected at the membrane line. Along with
cocollected tracer antibodies, a colored line is visualized in either IgM or
IgG antibody region to indicate the results. If the specimen does not con-
tain SARS-CoV-2 antibodies, no colored test band will appear, indicating
a negative result. The LFIA is inexpensive with no requirement of trained
personnel. One of the drawbacks is that it provides only qualitative (posi-
tive or negative) results. A diagnosis of infection may become more feasible
when the assay result is used in conjunction with other symptoms [14].

CLIA: CLIA is an assay procedure that combines the chemilumines-
cence technique with immunochemical reactions. Like other labeled im-
munoassays, such as ELISA, CLIA also uses chemical probes that generate
light emission for labeling the antibody [12]. Recently, Cai et al. (2020) pro-
posed a peptide based magnetic chemiluminescence enzyme immunoassay
technique for serological diagnosis of COVID-19 [15]. At a commercial
level, Diazyme Laboratories, Inc. (San Diego, CA) introduced two serologi-
cal tests for SARS-CoV-2 that can be run on the fully automated Diazyme
DZ-lite 3000 plus chemiluminescence analyzer [16].

2.3.2 Diagnostic precision of serology-based testing

Several researches were undergone to analyze the diagnostic accuracy of
serological testing of COVID-19 [17-20]. De Moura et al. conducted a
structured systematic review and meta-analysis to statistically evaluate the
diagnostic characteristics of serology-based COVID-19 testing [17]. Five
available studies (IgM and IgG-antibody test results with rRT-PCR di-
agnostic reference standards) were extracted from the literature to assess
the accuracy, sensitivity, specificity, and other relevant evaluation metrics
for serology-based tests for COVID-19 diagnosis. The meta-analysis in this
study demonstrated suboptimal performances (in terms of pooled sensitiv-
ity and specificity) of IgM and IgG antibody-based diagnostic testing for
SARS-CoV-2 and argued about the adequacy of serology-based testing
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to confront the challenges posed by COVID-19. In another meta-analysis
study by Bastos et al., the sensitivity and specificity were analyzed based
on 40 literature studies, stratified by serological testing methods (ELISA,
CLIA, and LFIA) and immunoglobulin class (IgG, IgM, or both) [18]. In
this systematic meta-analysis study, the pooled sensitivity for CLIAs found
to be highest (97.8%), followed by ELISAs (84.3%), and LFIAs (66.0%).
The study undermines the potentiality of LFIAs as a rapid point-of-care
test by demonstrating a lower pooled sensitivity of commercial kits than
the noncommercial tests. Another important finding in this study is that the
serology-based testing is found to have a significantly higher sensitivity at
the later stage of the disease compared to the initial phase. Freeman et al.
conducted a study describing the optimization and validation of a SARS-
CoV-2 spike protein ELISA using receiver operating curve (ROC)-based
specificity and sensitivity analyses [19]. The study reported an ELISA-based
serologic testing method that showed more than 99% of specificity and a
sensitivity of 96%, with the recommendation of using the assay in identify-
ing prior SARS-CoV-2 infections without molecular diagnostic informa-
tion. At the commercial-level research, ACROBiosystems, a target thera-
peutic manufacturing company, analyzed nine commercial SARS-CoV-2
ELISA immunoassay kits and reported the sensitivities (93%, 93%, and 67%)
and specificities (100%, 93%, and 96%) for a total antibody, IgA and IgG
antibody testing, respectively [20].

2.3.3 Uses of laboratory-based assays in the context of Al and
data science

Generally, laboratory-based assays serve as reference standard to assess oth-
er alternative assay techniques for COVID-19 diagnosis. Especially, RT-
PCR-based molecular assay is widely used as a gold standard reference for
evaluating diagnostic performances of all other testing methods, including
immunological assays and clinical feature-based assays. “Al-assisted diagnos-
tic” also utilizes the RT-PCR results (COVID-19 positive or negative) as
ground truth labels for patient classifications. From data science perspective,
quantitative immunological assay data could be important predictors for
forecasting the prognosis and predicting the severity level of COVID-19.

2.3.4 Conclusion

Serology-based antibody testing can be used as a supplementary tool for
diagnostic, public health, and epidemiological surveillances. While molec-
ular testing provides the gold standard for identifying viremia cases, the
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serological detection of SARS-CoV-2 specific antibodies can contribute to
increase the true positive case counts and in identifying the asymptomatic
infections. As a rapid and a point-of-care method, the antibody testing may
assist with precision diagnoses as well as characterization of the spread and
prevalence of the disease.

2.4 Chest and lung imaging-based diagnosis

Until this point, COVID-19 diagnosis is predominantly conducted by the
viral nucleic acid detection technique called RT-PCR. However, lower di-
agnostic precision, unavailability of adequate sampling kits due to high de-
mands, and time-consuming assay procedure are making the RT-PCR less
favorable in the current clinical practices.

On the contrary, the medical diagnostic imaging has arisen to be prom-
ising and a feasible alternative for many decision-making processes related
to COVID-19 including diagnosis, complication assessment, prognosis, and
triage decisions for hospitalization, because chest imaging of COVID-19
patients typically manifest pulmonary abnormalities in most cases [21-25].
Specifically, chest radiography (CXR) and computed tomography (CT)
are two imaging modalities that are being extensively employed by the
forefront hospitals in outbreak sites for making clinical decisions related to
COVID-19 [26-29]. Lung ultrasound is the final imaging modality, which
shows potential findings of COVID-19 pneumonia in an evaluation study
on the critically ill patients in China [30].

2.4.1 Chest X-ray imaging modality

Chest X-ray (CXR) imaging modality is a technique that generates static
images following the passage of X-rays through the patient. The imaging
technology in CXR is based on X-rays, which represent a form of ionizing
electromagnetic radiation. The X-rays are captured behind the patient by an
X-ray detector after passing through the body. The detector could be a film
sensitive to X-rays or a digital detector [31]. The plain chest radiograph is
often referred to as CXRs in the field of radiology.

2.4.2 COVID-19 diagnosis using chest X-ray

CXR-based COVID-19 diagnosis is discussed in terms of common radio-
graphic features and radiological classification in light of COVID-19 radiol-
ogy article by Radiopaedia |22].
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Radiographic Features: CXR 1is typically the front-line imaging mo-
dality used for patients with suspected COVID-19. Typical CXR-based
findings of COVID-19 either correspond to atypical pneumonia in a mild
form, or organizing pneumonia in the form of interstitial pneumonia, char-
acterized by lung inflammation. CXR imaging is reported to have limited
sensitivity for COVID-19. Bilateral and/or multilobar involvement is com-
monly found in COVID-19 cases. While chest radiographs may be normal
in mild or early course in the disease, the findings become extensive about
10-12 days after the beginning of symptoms [32]. The most frequent CXR
findings are airspace opacities, often described as consolidation or, less fre-
quently as, Ground-Glass Opacities (GGO). Bilateral, peripheral, and lower
zone predominant distributions are often observed. On the other hand,
pleural effusion is rarely observed in COVID-19 cases (only 3%) [33,34].

Radiological Classification: The CXR radiographic appearances are
classified into four (4) potential COVID-19 cases, according to the British
Society of Thoracic Imaging published report [34]. The COVID-19 clas-
sification and the corresponding radiographic appearances are described in
Table 2.1.

2.4.3 Computer-aided diagnosis (CAD) using chest X-ray

Most frequent CXR findings for COVID-19 infected cases include GGO
and air space consolidation. However, difterential diagnosis from the simi-
lar CXR findings could pose a challenge for the radiologists to discrimi-
nate between COVID-19 and other types of viral and bacterial pneumonia,

Table 2.1 Plain radiography classification of COVID-19 cases and the description of
corresponding radiographic appearances.

COVID-19 class Radiographic appearances
Classic/probable In classic COVID-19, multiple bilateral opacities are
COVID-19 predominantly found in the lower lobe and peripheral
lung regions compared to unilateral opacities
Indeterminate for In indeterminate cases, the findings match with neither
COVID-19 classic COVID-19 or non-COVID-19 descriptors

Non-COVID-19 The similar radiographic appearances as found in the case
of pneumothorax, lobar pneumonia, pleural effusion(s),
pulmonary edema, and/or other lung diseases

Normal In normal cases, the radiography findings do not exclude

COVID-19, rather they are correlated with RT-PCR

Source: Based on Ref. [34].
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including some inflammatory pulmonary infections [23]. In many cases,
radiologists with many years of experience and expertise are needed to
achieve a high diagnostic precision, which also results in a relatively higher
screening time. Under the current pandemic situation, this manual diag-
nosis is largely unproductive, undermines the efficacy of the imaging data,
and carries additional risks of viral transmission. In this aspect, Artificial
Intelligence (Al) could play a central role in increasing the effectiveness
of the imaging tools in combating the COVID-19 outbreak. Advanced Al
technologies with suitable image processing could be successtully applied
to imaging data with associated clinical information for rapid COVID-19
identification, and quantifying the level of infections to assess the disease
progression. The high predictive power of Al could not only expedite and
automate these clinical decision processes but also could help to achieve
radiologist level performances in the COVID-19 screening. Furthermore,
the Al predictive models could also serve as decision support systems to
guide and assist the novice radiologists in assessing the imaging data for
COVID-19 detection.

A substantial amount of research was carried out on “Al-assisted diag-
nostic” using CXR imaging data. The efforts were consolidated mainly into
the classification of CXR images into COVID-19 and other types of pneu-
monia exploiting different deep learning architectures. Due to the limita-
tion of imaging data sources with the expert-labeled dataset, most methods
relied on deep learning experiments in a “Transfer Learning” (TL) setting,
as an alternative to training a very deep model from the scratch on a small
dataset. In these works, either feature extraction or fine-tuning the network
weights based on the new COVID-19 samples was used in customizing the
pretrained model in the TL setup.

2.4.3.1 COVID-19 chest X-ray datasets

COVID-CHESTXRAY: Cohen et al. compiled a public dataset includ-
ing pneumonia cases with CXR, specifically COVID-19 cases, along
with MERS, SARS, and ARDS cases in COVID-CHESTXRAY da-
tabase [35]. This database contains image data from 205 patients, and
images are collected from different public sources to preserve the confi-
dentiality of patients.

SIRM-COVID: SIRM-COVID [36] is a dataset published by the Ital-
ian Society of Medical and Interventional Radiology. The dataset includes
COVID-19 cases with both CXR and computed tomography images.
Only COVID-19 positive cases are included without any control group.
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Furthermore, the dataset includes radiography and clinical reports for the
COVID-19 cases.

COVID-19 RADIOGRAPHY DATABASE:This database is a collec-
tion of 1341 normal, 1345 viral pneumonia, and 219 COVID-19 positive
CXR images, extracted from the published literature [37]. Several multi-
national researchers in collaboration with medical doctors developed this
radiography image database. The dataset is now published in Kaggle.

BIMCV COVID-19+ Rx: BIMCV COVID-19+ is the first dataset of
this kind that includes radiological findings, along with radiography images
of a total of 3141 from 1311 COVID-19 positive cases [38]. Additionally,
this COVID-19 database contains some images with labeled ROIs, anno-
tated by radiologists. Until now, BIMCV COVID-19+ Rx is the largest
collection of COVID-19 positive cases in terms of the number of images
and patients and contains multiple samples for each patient to analyze the
clinical progression of the disease. The dataset is designed to be progressive,
as new images will be continuously added upon available.

2.4.3.2 Machine learning-driven image-based diagnosis

A handful of research focused on conventional machine learning (ML)-
driven image-based diagnosis of COVID-19 and other related pneumonia.
Pereira et al. [39] proposed a method that identifies COVID-19 in CXR
images using multiclass and hierarchical classification techniques on a set of
1144 CXR images of normal, COVID-19, viral, bacterial and fungus pneu-
monia classes, obtained from three online repositories. As imaging features,
various texture information were extracted, using both handcrafted (stan-
dard image processing) and automated (feature learning by INCEPTION-
V3 deep learning model) techniques. Both texture-based and deep learned
feature matrices were grouped using different combinations and resampled
to feed to several multiclass (using seven labels) and hierarchical classifica-
tion (using 14 label paths) schemes. The results from these classification
scenarios were evaluated using F1 score. The hierarchical classification us-
ing a state-of-the-art framework was found to outperform the multiclass
classification approach using five conventional ML algorithms. Elaziz et al.
[40] reported an ML system for COVID-19 identification in CXR images.
In this study, a set of 961 fractional multichannel exponent moments were
extracted from CXR images in a parallel multicore computational frame-
work, followed by a feature selection using difterential evolution-based op-
timization algorithms. A K-nearest neighbour (KNN) classifier was trained
on the selected features and evaluated for binary (COVID-19 positive vs
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negative) classification accuracy. Another ML-based study described an ex-
treme learning machine (ELM)-based classifier for COVID-19 identifica-
tion in CXR images using public databases of CXR images [41]. A pool
of features based on texture and frequency were extracted and fed to ELM
learning model. A cross-validated evaluation showed a promising perfor-
mance for ELM classifier, convenient for speedy training on big and diverse
image datasets.

2.4.3.3 Advanced machine and deep learning techniques
Since the outbreak of COVID-19, myriads of research efforts were put
to develop Al-based diagnostic and screening methods exploiting chest
imaging data, for example CXR and CT. We aim to shed light on a set
of literature focusing on CXR-based Al and deep learning methods for
COVID-19 and other related pneumonia, in the following paragraph.
Earlier to COVID-19, a large dataset of chest radiographs was published,
called CheXpert, with uncertainty labels that are associated with 14 dif-
ferent pulmonary diseases [42]. Later on, this large dataset facilitated many
deep learning inspired CXR-based COVID-19 diagnostic studies. Using
the CheXpert dataset, Pham et al. [43] described a set of convolutional
neural network (CNN) models to detect the presence of 14 pulmonary ab-
normalities and observations that utilizes the hierarchical dependencies be-
tween diseases and uncertainty labels. Gabruseva et al. [44] proposed an au-
tomatic pneumonia detection technique using CXR images based on SSD
RetinaNet with SE-ResNext101 encoder pre-trained on ImageNet. They
developed a model to classify lung images into “Normal,” “Lung Opacity”
and “No Lung Opacity/Not Normal” using a modified RetinaNet, heavy
augmentation with custom rotations and NMS thresholded postprocessing.
Bansal and Sridhar [45] described a Deep TL approach using pretrained
Deep CNN models to classity CXR images to detect COVID-19. Bassi
and Attux [46] applied a transfer learning approach on CheXNet [47] to
detect COVID-19 from CXR images. Specifically, a deep neural network
model was built by using the initial weights of CheXNet, followed by a
training of the network by fine-tuning the weight decay and learning rate
parameters with a variable number of training epochs. Benbrahim et al.
[48] in their study utilized Deep TL technique with a combination of
DeeplmageFeaturizer available in Apache Spark [49] and logistic regres-
sion to COVID-19 identification in CXR images. Chowdhury et al. [37]
employed CNN to identify COVID-19 patients based on chest X-ray im-
ages. de Moura et al. [50] utilized a customized DenseNet161 architecture,
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initialized with weights pretrained on a large image database to classify the
CXR images into healthy, Pneumonia and COVID-19 cases [51].In a study
by Ghoshal and Tucker [52], the uncertainty of the deep learning predic-
tion for COVID-19 were estimated using Bayesian CNN, that reports the
a high or a low confidence score about its decision as predictive posterior
distribution. The authors reported a performance improvement of the im-
age classification via the uncertainty-aware Bayesian model and observed
an increase in prediction accuracy as the model uncertainty declines. Chat-
terjee et al. [51] utilized an ensemble of five different pretrained deep learn-
ing models that are available, namely ResNet18, ResNet34, InceptionV3,
InceptionResNetV2, and DenseNet16 to classify COVID-19, pneumonia
and healthy subjects using CXR images. The interpretability of each of the
models was studied using different techniques and the ResNets were found
to be the most interpretable model in terms of explaining the prediction
outcomes through a qualitative analysis. Khan et al. [53] proposed a CNN-
based architecture, COVID-REnet, which incorporated edge and region-
based dynamic features extracted from CNN with SVM classifier to classify
X-ray images into COVID-19 and healthy cases. In a study by Lv et al.
[54], COVID-19 and other kinds of pneumonia in chest radiography were
examined using a Cascade-SEMEnet composed of SEME-ResNet50 for
difterentiating between bacterial and viral pneumonia, and a DenseNet169
for distinguishing between COVID-19 and other types of viral pneumonia.
They introduced various components to the custom network, such as global
average pooling (GAP), squeeze-excitation structure and attention mecha-
nisms for its characteristics channel to emphasize on the pathological details
of the image, U-Net segmentation of the lung regions, CLAHE for im-
age enhancement and MoEx for rapid convergence of the network. Three
pretrained Deep Transfer Learning models were investigated in a study by
Narin et al. [55], in which ResNet50 model achieved the highest perfor-
mance in classifying chest X-ray radiograph images. Oh et al. [56] proposed
a patch-based CNN approach that can be manageable with a small num-
ber of training parameters for COVID-19 diagnosis. The proposed model
consists of a segmentation network extracting lung and heart contour from
the CXR images using fully convolutional DenseNet103, and a classifica-
tion network to classify the chest X-ray images into four classes: normal,
bacterial pneumonia, tuberculosis, and viral COVID-19 pneumonia using a
Deep TL technique adapted on a base model as ResNet18. Rajaraman et al.
[57] described an iteratively pruned customized CNN with a linear stack
of convolutional layers, GAP, and a dense layer for COVID-19 detection in
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chest X-rays. They reported that Deep Learning Ensembles combined with
TL and iterative model pruning demonstrated superior performances when
compared to individual models.

2.4.4 Diagnostic precision of CXR-based diagnosis

Generally, radiography imaging has shown limited sensitivity for
COVID-19, as up to 18% demonstrate normal chest radiographs during the
mild or early onset of the disease. However, in the case of the severe disease
course, almost 97% of CXR images show clear pathological signs [32,58].
In the case of CXR-based Al-assisted diagnostic studies, several evaluation
metrics are used to assess the performance of the models concerning im-
age classification, including accuracy, sensitivity, specificity, precision, recall,
area under curve (AUC), F1 score, and positive/negative predictive value.
The reported accuracies of the majority deep learning-based models for
COVID-19 identification ranged between 90 and 98% [42—46,48,50-57].
However, the generalizability of the models was not assessed in the majority
of cases. Moreover, a detailed evaluation of Al-assisted diagnostic accuracy
using CXR imaging in the case of different disease courses is not per-
formed as yet and remains a research issue.

2.4.5 Benefits and limitations of CXR-based diagnosis

Being the front-line imaging modality, CXR accompanies some advan-
tages, for example, CXR imaging associates with less expense, ease of carry-
ing out, and less ionization exposure than the computed tomography (CT)
scans [59]. Furthermore, the X-ray machines are much more accessible than
CT scanners in the resource-constrained environment. Also, CXR imaging
can be performed in the isolation rooms using portable X-ray machines,
reducing the risk of viral contamination to staff, patients, and caregivers, as
well as saving them time and resources required to disinfect the equipment
in the radiology department [22,60]. Moreover, the automated diagnosis
using chest X-rays has enabled medical practitioners to take rapid decisions.

As highlighted previously, the CXR radiograph suffers from limited
precision in the early course of the disease. The radiographic evidence in
the imaging should be accompanied by the molecular assay such as the
RT-PCR test to get a definitive diagnostic decision.

2.4.6 Chest CT-scan imaging modality

CT refers to a computerized X-ray imaging modality that produces a detailed
and high-quality images of the body using narrow beam of X-ray photons,
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together with digital reconstruction. The essential components of the CT
scanner are X-ray tubes and detectors. The X-ray tube produces an X-ray
beam that passes through the patient, which is then captured by the detectors
and is digitally reconstructed for a two- or three-dimensional image creation.
Several images are digitally reconstructed from the analog data captured by
the detector using various algorithms, which represent a cross-sectional slice
through the patient at a certain level. Each reconstructed image is acquired at
a slightly different angle and outputs from a difterent restoration algorithm.
Constituent volume elements of the reconstructed digital image are exhibited
as a two-dimensional pixel matrix, each of which transports a designation of
density or attenuation, with a Hounsfield unit (HU) representation [31].

2.4.6.1 CT-scan features

In addition to common chest radiograph features, such as ground-glass
opacities (GGO) and air space consolidation, CT images exhibit attributes,
when present, such as consolidation with vascular enlargement, inter- and
intralobular septal thickening, and air bronchogram [22]. The primary find-
ings on adult CT scans may further include bilateral, subpleural, peripheral
and basal distributed GGO, crazy paving appearances as GGOs and inter-/
intralobular septal thickening, bronchovascular thickening in the lesion,
traction bronchiectasis [61-67].

Among these primary chest CT findings, the peripheral distribution,
ground-glass opacity, bronchovascular thickening in lesions, have been report-
ed to demonstrate the highest discriminatory value with a P-value of 0.001 in
a 99% confidence interval [68]. A CT scan-based classification of COVID-19
stages and the corresponding CT features are reported in Table 2.2.

Table 2.2 CT-scan based classification of COVID-19 stages and the corresponding CT
features.

COVID-19 stage CT features

Early/initial stage (0—4 days) Normal CT or GGO only (within 2 days of
symptom onset)

Progressive stage (5-8 days) Increased GGO and crazy paving appearance
Peak stage (9—-13 days) Consolidation

Absorption stage (> 14 days) Indicating an improvement in the disease
course with the appearance of “fibrous
stripes”, followed by the resolution of ab-
normalities within a month and beyond.

Source: [62,60,68].
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2.4.7 COVID-19 diagnosis using chest CT scan

As CT imaging can most capture the respiratory distress syndromes that are
the commonest representations of COVID-19, this is indicated for patients
with moderate—severe clinical features and worsening respiratory status, and
even for patients with mild clinical symptoms at the presence of risk for dis-
ease progression, according to Fleischner Society consensus statement pub-
lished on 7th April 2020 [59]. Furthermore, the chest CT exams findings
are used as a substitute diagnostic test in some studies [24—27,29] and they
demonstrate high potential as a rapid diagnostic method of COVID-19 in-
fection on an evaluation study of 51 RT-PCR confirmed cases [69].
According to a recent consensus statement released by the Radiological
Society of North America (RSNA), the CT appearances of COVID-19 can

2 “atypi_
cal,” and “negative for pneumonia.” In this classification system, the presence

be categorized into four classes, namely “typical,” “indeterminate,

of typical CT findings is considered as a “typical” CT appearance, whereas
the absence of stereotypical CT features and the presence of GGO and con-
solidation lacking a specific distribution are categorized as “indeterminate”
appearance. An “atypical” CT appearance indicates the absence of typical or
indeterminate features and the presence of other pulmonary infections such
as discrete small nodules, lung cavitation, and interlobular septal thickening
with pleural effusion. A “negative” scan lacks CT features suggesting pneu-
monia, that is the absence of GGO and consolidation. These classifications

are also recommended to use for standardized reporting language [69].

2.4.8 Computer-aided diagnosis using chest CT scan

Providing that the chest CT imaging is more sensitive and indicated, re-
cent COVID-19 radiology literature primarily focuses on the CT findings
[23,24,26,28]. Several studies reported the higher sensitivity of CT findings
compared to RT-PCR, and highlighted that in some incidents, the CT
findings could detect the lung abnormalities in a setting of false- negative
RT-PCR test [25,29].

Due to the characteristic radiological findings in CT images that can
be associated with diagnostic and prognostic values for COVID-19, the
“Al-assisted diagnostic” using CT-scans attained great attention among the
researchers. An extensive amount of research was carried out using chest
CT imaging data. Like in CXR imaging, the research efforts were focused
on facilitating the COVID-19 identification using CT images through
the classification of images into COVID-19 and other types of pneumo-
nia using difterent Al techniques. Here, we will focus our discussion on
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“Al-assisted diagnostic” using CT that relies on mainly sophisticated deep
learning algorithms.

2.4.8.1 COVID-19 CT datasets

COVID-CT: This is one of the pioneer CT-scan public datasets in which
images are collected from several COVID-19-related articles available
online. The authors extracted the reported CT images from the portable
document format (PDF) files and manually select the images with clinical
findings of COVID-19 based on the image captions. The database contains
275 CT scans for COVID-19 positive cases [70].

BIMCV COVID-19+ CT:This is the CT finding of the BIMCV da-
tabase. It includes 163 CT-studies, along with 2239 CT images correspond
to 1311 COVID-19 positive patients [38]. This CT database shares all the
features of its radiographic image-base counterpart.

Other CT Datasets: There exists a few other private datasets in the
COVID-19-related literature. A nonpublic CT dataset described by Li et al.
[71] contains a large number of chest CT images, including 1735 samples
for community-acquired pneumonia and 1325 for nonpneumonia cases. Jin
et al. [72] described another dataset comprising 877 COVID-19 positive
images, along with 541 images negative corresponding to negative cases.
Another private CT dataset includes 1659 COVID-19 positive images and
1027 images with community-acquired pneumonia [73].

2.4.8.2 Deep learning techniques for CT-based diagnosis

Several deep learning-based studies were conducted facilitating “Al-assisted
diagnostic” using CT. Among those, a subset of research articles was selected
for a brief discussion here. Mei et al. [74] described an Al system integrat-
ing chest CT findings with clinical symptoms, along with exposure his-
tory and laboratory testing that can identify the COVID-19 positive cases
rapidly and accurately. The proposed system consists of three Al models, in
which the first and the second models exploited CT-findings and clinical
information, respectively, whereas the third model was used to combine
both types of data. A set of slices were selected as “abnormal” from the full
CT-=scans using a set of pretrained CNN models and were fed to the second
CNN model for estimating the likelihood of the presence of COVID-19.
Demographic and clinical data were used to create the second ML model
and finally, the combined model was constructed by integrating the output
of the first two models generating the final probability for the joint model.
Hu et al. [75] developed a light-weight deep learning model to distin-
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guish COVID-19 from healthy cases followed by classification of images
into COVID-19 and other types of pneumonia. Multiple data augmentation
techniques were tested to enhance the training set used in deep-learning
modeling. In another deep-learning inspired Al system, thick-section CT
imaging is used to compute imaging bio-markers for a quantitative assess-
ment of the COVID-19 associated lung abnormalities, the disease severity,
and the progression under the framework of a 2.5D-based UNet structure
equipped with the ResNet 34 as a backbone model (L1 et al., 2020). Wang
et al. (2020) utilized a collection of CT images to build a deep learning-
based fully automated COVID-19 diagnostic and prognostic system. The
proposed system comprised three modules, namely, automatic lung seg-
mentation, nonlung area suppression, and COVID-19 diagnostic and prog-
nostic analysis. A DenseNet121-FPN architecture is used for segmenting
lung areas in chest CT images, followed by a nonlung area suppression
operation inside the lung region-of-interest (ROI). A novel deep learning
model, called COVID-19Net, pretrained on a large CT database was used
to extract the lung characteristics associated with COVID-19 through TL.
A recent chest CT-based study demonstrated the effectivity of “Al-assisted
diagnostic” of COVID-19 on multinational datasets. The method per-
formed both segmentation and cropping to extract the lung ROI from the
CT images. Then two different techniques were applied to resample the
cropped lung region and sample the multiple 3D regions for CT as input
to a deep-learning algorithm producing a binary decision regarding the
patient being infected by COVID-19 or not [76].

2.4.9 Diagnostic precision of CT-based diagnosis

A cohort study of 96 patients came across a moderate interobserver agree-
ment when evaluating the RSNA chest CT classification system for
COVID-19 against RT-PCR results. The study reported that 76.9%-96.6%
of “typical” scans, 51.2%—64.1% of “indeterminate” scans, 2.8%—5.3%
“atypical” scans, and 20%—25% of “negative pneumonia” scans returned
RT-PCR positive results confirming COVID-19 for the corresponding pa-
tients [69,77].

As for “Al-assisted diagnostic” using CT, the diagnostic precision of the
model is often calculated as the ability to distinguish between COVID-19
and other pneumonia cases, to quantitatively assess the disease severity and
progression, and to segment the COVID-19 infected regions inside the
lung. The deep-learning powered Al systems using CT images are reported
to achieve COVID-19 identification accuracy at the level of >90% in the



42 Researches and Applications of Artificial Intelligence to Mitigate Pandemics

disease classification task, AUC score of >96% in discriminating between
severe and nonsevere stages, and an average Dice coefficient of 75%, while
comparing the lung segmentation performance against expert annotations
[74-76,78,79].

2.4.10 Benefits and limitations of CT-based diagnosis

CT test for COVID-19 can be considered as an opening into the disease
pathology that could provide important insights into diagnosis and progres-
sion [77]. CT-scan may facilitate rapid diagnosis of COVID-19 as there is
a specific infection pattern characterizing the typical CT features observed
in frontier radiological reports. CT-scan can early detect COVID-19 in sus-
pected patients bearing negative RT-PCR tests, even in asymptotic patients
or before the onset of the symptoms [24].

On the contrary, performing CT routinely for a large population is not
feasible and carries further risks, mainly due to limited personal protective
equipment (PPE) resources, increased risk of viral transmission due to the
proximity of patients and radiology technicians, and exposure to additional
ionizing radiation [67]. Similar to plain radiography, CT utilizes X-ray ra-
diation to produce images; however, the radiation doses from CT are higher
due to multiple exposures [31].

2.4.11 Case study: radiology observations vs. CAD

A case study is extracted from [76],1in which the radiological images of con-
firmed COVID-19 cases were compared against the “Al assisted diagnostic.”
The selected study evaluated the COVID-19 prediction performance of the
proposed Al algorithm on a multinational dataset of CT images associated
with COVID-19 patients.

The specificity or true positive rate of the Al-based findings were
analyzed with visual assessment and examination of the Grad-CAM rep-
resentation for some COVID-19 positive instances from the test image
sets. Fig. 2.2 shows the Grad-CAM visualization of region-based activa-
tion map of the classes from the segmented and cropped lung images
are shown for five representative patients with COVID-19. These five
representative CT images exhibit the disease situations with different
amounts of disease burden. Assessment of these Grad-CAM-based sa-
liency maps demonstrates that the Al algorithm was able to find a con-
sistent activation pattern in the peripheral regions of the lung, coherent
with the radiological observation associated with COVID-19 related
pneumonia.
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R A AN\ LN R SO R S
Figure 2.2 Grad-CAM visualization of the activation maps for five representative
COVID-19 patients from the test set used in [76]. Within the heatmap, the red areas indi-
cate the class activation with relation to COVID-19 prediction (For a color illustration of
this figure, please see the e-book chapter). Note, all the images were correctly predicted
positive by the Al algorithm. Image courtesy [76].

2.4.12 Lung ultrasound imaging modality

Ultrasound is an imaging modality utilizing high-frequency sound waves to
provide cross-sectional images of the organs inside the body without using
any radiation. The ultrasound imaging uses a small probe or a transducer,
which emits sound waves or echoes at a certain frequency and collects the
returning echoes at frequencies dependent on the internal tissues through
which the sound waves travel. The sound waves bounced back to the probe
are digitally transformed to echoes and dots on the monitoring screen. The
digital images are acquired in real-time and can be obtained in any imag-
ing plane. The ultrasound imaging is a non-invasive medical test that can be
used for diagnosis and treatments [31].

2.4.13 COVID-19 diagnosis using lung ultrasound

Preliminary investigations on Chinese patients recommends that lung ultra-

sound imaging may have potentiality while evaluating the 20 patients with

COVID-19 [29]. A few other studies also described the ultrasonographic

signs and patterns related to COVID-19 [80—82|.The principal manifesta-

tions in lung ultrasound examinations are described below:

*  Multiple B-lines in variety of patterns ranging from focal to diftuse, oc-
casionally manifesting as a light beam sign

* Rough and thickened pleural line with discontinuity

* Subpleural and alveolar consolidations
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* Restitution of aeration in the course of recovery through the reappear-
ance of A-lines.

In ultrasonographic findings, focal B-lines can be considered as the main

feature in the early course and in mild infection state; whereas alveolar in-

terstitial consolidation is treated as the focal feature in the progression stage

and in the critically ill patients. On the other hand, appearance of A-lines

can be seen during the recovery stage [80].

2.4.13.1 Computer-aided diagnosis using lung ultrasound

A handful of “Al-assisted diagnostic” research was conducted using lung
ultrasound imaging as input data. The pioneer of those is POCOVID-NET
study by Born et al. [83]. In this research, the authors first put together a
lung ultrasound dataset named as POCUS comprising 1103 images sampled
from 64 videos; among those, 654 belong to COVID-19 positive patients,
277 to bacterial pneumonia cases and 172 to the healthy control group.
A deep CNN model called POCOVID-NET was developed based on this
three-class POCUS dataset. The model used the VGG-16 as the base con-
volutional architecture and was pretrained on ImageNet to extract the low-
level image features such as edges, shapes, and textures. During the model
training, the weights of last three layers were fine-tuned on the POCUS
data, while using the pretrained values for other weights. Data augmenta-
tion techniques such as rotation, horizontal and vertical flips, etc. were also
applied to increase the diversity of the dataset.

2.4.13.2 Diagnostic precision of ultrasound-based diagnosis

A clinical study evaluating the diagnostic precision of bedside ultrasound
as a noninvasive assessment of lung lesions in patients with COVID-19
found that the ultrasound imaging scores exhibit relatively lower sensitivity
for mild to moderate patients [84]. However, for patients with severe lung
regions, the ultrasound score was found to be highly sensitive.

In the case of Al-assisted diagnostic using ultrasound imaging, the
POCOVID-Net study [83] showed that the deep learning model achieved the
highest 98% of sensitivity of identifying COVID-19 using ultrasound imaging
frames. 628 cases among 654 COVID-19 positive patients were identified accu-
rately by the POCOVID-Net model. For the other two classes (bacterial pneu-
monia and healthy control), the sensitivity rates were 93% and 55%, respectively.

2.4.13.3 Benefits and limitations of ultrasound-based diagnosis
The ultrasound imaging demonstrates promising performances for
COVID-19 identification both in clinical and computational evaluations
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[83,84]. Due to its higher sensitivity of recognizing COVID-19 related
pneumonia, ultrasound imaging can be used as a rapid diagnostic tool. Ul-
trasound imaging has numerous benefits over other biomedical diagnostic
imaging tools including its ease of execution and repeatability, noninvasive-
ness, noninvolvement of radiation, execution without relocating, and ease of
disinfection at the bedside. Moreover, the ultrasound exams are very cost-
effective compared to chest X-ray and CT-scans. The ultrasound devices are
small, portable, and low priced, making this type of imaging exceedingly
suitable to use in a resource-constrained environment [83].

Although ultrasound imaging can be used for rapid diagnosis for iden-
tifying lung lesions in the patients with COVID-19, a comprehensive
evaluation of the diagnostic efficacy of the ultrasound imaging is yet to be
performed. Therefore, in practice, lung ultrasound is not used as a first-line
diagnostic procedure. Even if there is an ultrasound examination, the key
diagnostic decisions should be taken either using a CT scans or a RT-PCR.
test.

2.4.14 Conclusion

The chest and/or lung imaging based diagnosis turns out to be one of the
principal diagnostic tools for COVID-19 identification. As SARS-CoV-2
causes severe distresses on respiratory system leading to pneumonia-like
symptoms, all three major imaging modalities involving chest and lung,
namely CXR, CT-scans and lung ultrasounds provide invaluable informa-
tion about the pulmonary abnormalities caused by this viral infection. Addi-
tionally, these imaging tools can be used extensively for grading the severity
of the disease, and monitoring the disease progression. However, to manually
extract the radiological findings in these images, highly qualified and ex-
perienced radiologists are needed. To reduce the burden on radiologists for
interpreting these images, “Al-assisted diagnostic” could come into the fore-
front now. These images can be now be readily input to the Al system, and
the diagnostic results can be received within a few seconds. The power of Al
further enhances the utility of these imaging modalities concerning diagno-
sis, severity grading, and progressive monitoring of patients with COVID-19.
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