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Abstract: Despite the fact that COVID-19 is no longer a global pandemic due to development and
integration of different technologies for the diagnosis and treatment of the disease. Technological
advancement in the field of molecular biology, electronics, computer science, artificial intelligence,
Internet of Things, nanotechnology etc. has led to the development of molecular approaches and
computer aided diagnosis for the detection of COVID-19. This study provides a holistic approach
on COVID-19 detection based on (1) molecular diagnosis which include RT-PCR, antigen-antibody
and CRISPR-based biosensors and (2) computer aided detection based on Al-driven models which
include Deep Learning and Transfer learning approach. The review also provide comparison be-
tween these 2 emerging technologies and open research issues for the development of smart-IoMT-
enable platform for the detection of COVID-19.
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1. Introduction

The year 2020 has witnessed massive global burden due to the spread of pneumonia
causing virus known as SARS-CoV2 or COVID-19. The disease has led to massive screen-
ing, quarantines, restriction of movement, closure of land and borders, lock downs, clo-
sure of educational, sportive and entertainment centers and force people to work from
home [1]. In order to control the disease, scientists from different field work hand in hand
together to developed diagnosis approaches, prediction models, treatment control strate-
gies, vaccines etc. Screening of SARS-CoV-2 using lab-bench assay is regarded as the first
line of action in terms of minimizing spread and early treatment of the disease. This
prompted the Chinese government to enact several testing points [2].

Medical experts rely on 2 main molecular approaches which include RT-PCR and
antibody-antigen based techniques for the detection of the disease. However, among these
two molecular testing approaches, RT-PCR is regarded as the gold standard technique
due to it specificity and accuracy. The tests allow healthcare experts to detect viral nucleic
acid from patient samples collected using nasal swab which is amplified using PCR ma-
chine. Antigen-antibody revolves around the binding between synthesized recombinant
antigen and the antibodies present in the body which elicit antigen-antibody reaction [3-
4].
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Despite the higher specificity of these molecular approaches, they are hindered by
several challenges which include false positive results which can lead to miss-diagnosis
and expensive especially in underdeveloped countries. As an alternative, healthcare pro-
fessionals employ radiographic screening using X-ray imaging and CT-scan imaging
which allow scientists to discriminate between positive and negative cases. Others employ
these techniques as a follow up approach or confirmation tests. As a result of massive or
large-scale screening of radiographic images, these techniques can be tedious for radiolo-
gists and can led to miss-interpretation [5-7].

In order to address these issues, scientists merge radiographic imaging with com-
puter applications to developed computer aided diagnosis which allow screening of thou-
sand images with high accuracy, precision and specificity [8-9]. CAD has shown to aid
medical experts in the past for the detection of different types of cancer such as breast
cancer [10], colon cancer [11], prostate cancer [12], tuberculosis [13], bacterial pneumonia
[14], non-COVID-19 viral pneumonia [15], skin disease [16].

The integration of IoT in medical care known as IoMT is changing the landscape of
patient care, diagnosis and treatment. IoMT revolves around the interconnection between
medical devices using internet. The platform enables machine-machine communication,
patient-machine communication, machine-medical professional communication etc. An
example of IoMT system include patient tracking devices, remote patient monitoring,
medication tracking devices etc. [17-19].

The prospect of smart diagnosis has been gaining ground in the last decade. The in-
tegration of smart technologies such as Al and IoMT with conventional diagnosis ap-
proaches has the potential to improve diagnosis, real-time or point of care detection, min-
imize errors and allow sharing of medical data between devices, end users and hospital
cloud system [20-21].

1.1 Comparison with Similar Studies

Detection of COVID-19 has been crucial for treatment and controlling the spread of
the virus. Scientists employ several emerging technologies which include the use CAD
based on Al driven models, Al/IoT enabled systems and molecular testing based on RT-
PCR and CRISPR/Cas based biosensors. Innumerous studies in the literature only concen-
trated on one of these emerging technologies. However, this study evaluated each tech-
nique separately and compare them in terms of cost, performance (accuracy, sensitivity,
specificity) deployment etc.

The review provided by Samson et al. [22] focused on the application of biosensing
technology for the detection of COVID-19. The review discusses about nucleic acid-based
biosensors such as CRISPR/Cas9 strip-based biosensor, aptamer-based biosensors, surface
plasmon resonance, antigen-Au/Ag nanoparticles-based biosensors as well as existing
challenges and future perspectives. However, the review differs with the current study in
terms of radiographic detection of COVID-19, Al-powered detection and IoT-enable de-
tection of COVID-19.

The study conducted by Santiago [23] presented trends and innovation in biosensing
technology for the detection of COVID-19. The study covers several molecular testing ap-
proaches which include antigenic and serological rapid testing as well as CRISPR-based
biosensors. However, the study does not cover the use of medical imaging technology for
the detection of COVID-19, Computer aided detection and IoT-enabled detection of
COVID-19.

Another review that focusses on molecular and conventional testing was provided
by Falzone et al. [24]. The study covers wide range of diagnostic assays ranging from rapid
antigen testing, antibody-based detection, immunoenzymatic serological testing, RT-PCR.
Other techniques covered include CRISPR/Cas-based approaches, nucleic acid amplifica-
tion techniques, digital PCR methods. The review also covers challenges and future per-
spectives.
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The review conducted by Huang et al. [25] focuses on the application of AI-Powered
detection of COVID-19 (which include ML, DL and TL) using medical data such as elec-
tronic medical records, medical images (X-ray, CT scans and Ultrasound). The review also
highlighted on current challenges and future perspective. Some of the topics not covered
include molecular testing, biosensing technology, IOT-enabled detection and comparison
between Al-powered systems and biosensors.

Table 1. Comparison with similar studies

Ref COVID-  Molecular Medical AI, ML, IoT/IoMT Comparison Open
19 Diagnostic Imaging DL and Research
pandemic and TL Issue

Biosensors

[22] v v - - - - v

[23] v v - - - - -

[24] v v - - - - v

[25] v - v v - - v

Our v v v v v v

Report

1.2 Scope

The main aim of this review is to provide holistic approach on emerging technologies
that aid in the detection of COVID-19 such as RT-PCR, antigen-antibody and CRISPR-
based biosensor as well as computer aided detection using Al-driven models. Moreover,
the review also covers the integration of IoMT and Al for the development of smart system
for the detection of the disease.

Chapter 2 discusses about COVID-19 pandemic. Chapter 3 present an overview on
molecular approaches for the detection of COVID-19 using RT-PCR and CRISPR-based
biosensors. Chapter 4 discusses about computer aided detection of COVID-19 from radi-
ographic images. Chapter 5 presents diagnostic imaging which include X-ray and CT scan.
Chapter 6 discusses about comparison between molecular approaches and computer
aided detection as well as smart Al/loMT-enable platform for the detection of the disease.
Chapter 7 discusses about open research issues and concluding remark

2. COVID-19

For the first time in a century the world witnessed another global pandemic caused
by a coronavirus known as Severe Acute Respiratory Syndrome Coronavirus (SARS-CoV-
2. The virus is traced back to sea food market in Wuhan, Hubei province China in the late
December 2019. Coronavirus are positive single stranded RNA viruses which belong to
the Coronaviridae family which also include SARS-CoV-1 and MERS-CoV. Both the 2
coronaviruses have caused epidemics and endemics in the last few years [1, 26].

SARS-CoV-1 is first identified in the year 2003 in China where bats are regarded as
the main reservoirs. The virus has spread to 4 other countries causing global epidemics.
SARS-CoV-1 affected close to 8000 people with approximately 10% mortality rate. The
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World Health Organization along with other international and non-Governmental organ-
izations collaborated together to control and prevent further spread of the virus [27-28].

Middle East Respiratory Syndrome Coronavirus (MERS-CoV) is another virus that
belong to Coronaviridae family that caused global burden in the year 2012. The virus is
first identified in Saudi Arabia and later spread to 27 countries leading to approximately
2600 cases. The disease has infected over thousand and approximately 35% of patients
died from the disease. Dromedary camels were linked with the transmission of the virus
to human primates [29-30]. Table 2 shows the differences and similarities between SARS-
CoV-1, MERS-CoV-2 and SERS-CoV-2 in terms of number of cases, fatality rate, mortality
rate, reservoir etc.

Table 2. Comparison between SARS-CoV-1, MERS-CoV-2 and SERS-CoV-2

Coronavirus Year Reservoirs Number of Number of Fatality rate
Cases deaths
SARS-CoV-1 2003 Bat >8000 780 ~10%
MERS-CoV 2012 Dromedary 26000 894 34.5%
Camels
SARS-CoV-2 2019 - >633 million  >6.5 million 10%

2.1 Transmission of SARS-CoV-2

Unlike previous coronavirus disease that are associated with animal transmission
such as bat in SARS-CoV-1 and dromedary camels in MERS-CoV, however, no animal
reservoir has been found for SARS-CoV-2 [31]. Several studies have shown that the virus
can be spread directly from one person to another (Human-human transmission) via
sneezing, coughing or indirectly such as coming in contact with surface infected with the
virus [31-32].

2.2 Symptoms of SARS-CoV-2

The clinical spectrum of COVID-19 disease ranges from asymptomatic to severe
acute respiratory disease and death. People infected with the disease display pneumonia
symptoms which include shortness of breath, sore throat, fever, fatigue, cough. People
that are of risks of COVID-19 include elderly people who are suffering from chronical
disease such as chronic lung disease, cancer, hypertension, renal and kidney diseases, di-
abetes, cardiovascular diseases etc. [32-33]. The clinical manifestation of SARS-CoV-2 is
presented in Figure 1.
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Clinical Manifestations of COVID-19
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Figure 1. Clinical Manifestation of COVID-19

3. Molecular Diagnosis of COVID-19

Early and accurate detection of COVID-19 disease is crucial for timely management
and prevention. The field of disease detection has been transformed from conventional
diagnosis such as microscopy with lower sensitivity and specificity to molecular diagnosis
such as antigen-antibody, enzyme-substrate and NA probe-target and biosensing technol-
ogies [3, 34] as shown in Figure 2. Diagnostic imaging based on CT scan, X-ray and Ultra-
sound imaging are currently use as an alternative or confirmatory approach for the detec-
tion of COVID-19 [35-36].
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Figure 2. Molecular diagnostic approaches for the Detection of COVID-19. 1. Approved Diag-
nostic Methods; (a) Rapid Antigen and Rapid Antibody Tests; (b) RT-PCR-based Molecular Tests;
(c) Immune Enzymatic Serological Tests. 2. Firstly Used Diagnostic; (a) Viral Culture; (b) Next Gen-
eration Sequencing (NGS) Methods; (c) Radiological Investigation; (d) Clinical Examination; 3. Re-
search-used Diagnostic Methods; (a) Isothermal Amplification Techniques; (b) Electron microscopy-
based Methods; (c) Biosensors; (d) CRISPR/Cas9-based Diagnostic Methods

3.1 Laboratory Assays
3.1.1 RT-PCR

RT-PCR is regarded as the most reliable approach for the detection SARS-CoV-2 [3,6,
37]. RT-PCR is a nuclear-derived approach for the detection of genetic content of patho-
gens such as viruses (such as Zika and Ebola) and bacteria. The early RT-PCR testing em-
ploy radioisotope markers which are subsequently replaced by fluorescent dyes. As
shown in Figure 3, the procedure for conducting RT-PCR test follow 4 steps:

Sample collection: Nasal swab and nasopharyngeal samples are collected by medical
experts. The samples are sealed and transported to the laboratory for detection.

Extraction: This step allows medical technologies to extract or isolate viral NA. This
stage revolves around the use of chemicals to remove component such as fats and pro-
teins.

PCR: The isolated viral NA is further amplified using PCR machine also known as
thermal cycler. PCR machines amplified thousand complies of the viral NA which in-
crease sensitivity and specificity of detection. Reverse transcription is carried out in order
to convert RNA strands of the virus to DNA.

Detection: After the RNA is transcribed to DNA and amplified, the machine detects
the presence of virus DNA due to the release of fluorescent dye which can be measured
in real-time and presented in the computer screen.

RT-PCR method is highly specific and sensitive compare to antigen-antibody
method. The test can take between 3-6 hours to process and obtained results. Moreover,
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this approach has shown to be faster, reliable and present lower rate of errors of false
positive results compare to other approaches. One of the disadvantages of RT-PCR is that
it can’t be used to identify past diseases which is crucial for understanding the pathology
and spread of the diseases [38-39].
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Figure 3. Detection of COVID-19 using RT-PCR Technique
3.1.2 Antibody-based Method

The emergence of SARS-CoV-2 has prompted scientists to developed viable diagnos-
tic assays that can accurately detect the presence of the virus from biologically derived
samples. Antigen-antibody approach as the second standard approach revolves around
the binding between synthesized recombinant antigen (produced in the laboratory which
mimic specific structure of SARS-CoV-2) and the antibodies present in the body which
elicit antigen-antibody reaction. Unlike the RT-PCR, the specificity of antigen-antibody
testing approach relies on the affinity of target antigen designed. Therefore, designing
antigen specific to antibodies produced as a result of the present of the virus is crucial for
increasing specificity and minimizing the probability of false positive results [40-41].

3.1.3 Antigen-based Method

COVID-19 antigen test is another popular diagnosis approach use as an alternative
to RT-PCR approach. This test is mostly use for early detection of the disease and deter-
mining if patient is contagious. COVID-19 antigen testing revolves around the use of dif-
ferent type samples which include oral, nasal, respiratory tracts. One of the advantages of
this approach is it is very easy to operate and can be used for early detection (i.e., 2 days
before the onset of the symptoms). Antigen-based method can be divided into lateral flow
rapid-test cassette format and enzyme-linked immunosorbent assay (ELISA) [41-42].

Lateral flow assay-based COVID-19 antigen test also known as antigen rapid test re-
volves around the collection of plasma, serum or blood bleed from the fingertip of sus-
pected person which is subsequently transfer to the test cassette. The test lasted for 20
minutes where the result is display. Compare to lateral flow assay, ELISA-based COVID-
19 antigen test produce accurate and more reliable result. One of the disadvantages of this
approach is the requirement of intensive laboratory procedure which can be challenging
for remote areas with limited healthcare resources [41, 43].

3.2 Application of Biosensors for the Detection of SARS-CoV-2
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The application of rapid, ultra-sensitive and quantitative electrochemical biosensor
for the detection of SARS-CoV-2 is proposed by Alateef et al. [44]. The biosensor is de-
signed using gold NPs (AUNPs) which is capped with highly specific antisense oligonu-
cleotide while the sensing probe was immobilized on a paper-based electrochemical de-
vice. The sensing mechanism revolves around the interaction between the antisense
SSDNA and sensing probe which generate readout result that can be seen in hand-held
reader. In order to analyze the sensing viability of the paper-based electrochemical bio-
sensor, the developed platform was tested using clinical and vero cells infected with the
virus. The performance evaluation of the biosensor resulted in sensitivity of 231 (copies
uL-1)-1 and 6.9 copies/UL LOD. Subsequent testing of the device using both samples ob-
tained from 22 patients tested with SARS-CoV-2 confirmed using RT-PCR and 26 healthy
patients resulted in 100 accuracy, sensitivity and specificity.

The development of cheap CRISPR-based POC testing platform known as miSHER-
LOCK for the detection of SARS-CoV-2 was proposed by de Puig et al. [45]. The sensing
mechanism revolves around the collection of unprocessed saliva, followed by extraction,
purification, concentration, amplification and detection based on the interaction between
viral NA and guide RNA bind with Cas12a produce fluorescent visual output within 1hr.
The performance of the platform resulted in highly sensitive and multiplexed detection of
the virus and mutations associated with 2 different variants leading to different LOD in
cp/ml. Another distinction of this approach is the application of adjunct smartphones to
enable quantification of output, automated interpretation, the prospect of remote and dis-
tributed result reporting.

Song et al., [46] developed antifouling electrochemical biosensor for the detection of
SARS-CoV-2 NA. The nanobiosensor is designed based on electropolymerized polyani-
line nanowires and synthesized Y-shaped peptide which poses antifouling properties. The
mechanism behind the working principle of the biosensor revolves around the interaction
between immobilized biotin-labeled probes and COVID-19 NA. Evaluation of the perfor-
mance of the genosensor led to 3.5fM detection limit and wide linear range of 10-14 to 10-
9M.

Detection of SARS-CoV-2 from clinical sample using Field-effect transistor (FET)-bi-
osensor was proposed by Seo et al. [47]. The biosensor was constructed by coating gra-
phene sheet of the FET with specific antibody against the viral spike protein. In order to
test the viability of the immunobiosensor, several samples such as antigen proteins, cul-
tured virus and nasopharyngeal swab samples collected from patients suffering from
COVID-19 pneumonia. The performance of the FET-based biosensor for the detection of
SARS-CoV-2 spike protein yield 100 fg/mL concentration in clinical transport medium
and 1 fg/mL concentration in phosphate buffer saline. The biosensor was able to detect
SARS-CoV-2 in cultured medium with 1.6 X 101 pfu/mL LOD and clinical samples with
2.42 X 102 copies/ML.

Tian et al. [48] developed an electrochemical aptamer-based biosensor for detection
of COVID-19. The biosensor was constructed using metal-organic frameworks MIL-53(AlI)
which is decorated using AU@Pt NPs and enzymes. The surface of the electrodes was
immobilized with dual aptamer as biorecognition element. SARS-CoV-2 is detected based
on the interaction between immobilized 2 thiol-modified aptamers (N48 and N61) and
SARS-CoV-2 nucleocapsid via the co-catalysis of the nanomaterials, G-quadruplex
DNAzyme and Horseradish Peroxidase (HRP). Evaluation of the biosensor demonstrated
8.33pg mL-1 LOD and wide linear range of 0.025 to 50ng ML-1.

Buyuksunetci et al. [49] developed an electrochemical biosensor for the detection of
SARS-CoV-2. The device was constructed using gold screen printed electrode (AuSPE)
and subsequently immobilized with either angiotensin-converting enzyme 2 or
CD147.The biosensor is designed based on the interaction between spike protein with re-
ceptors such (ACE2) or CD147. Evaluation of the performance of the biosensor yielded
29930 ng ML-1 LOD and linear detection range of 700 ng ML-1 to 1500 ng ML-1 and 1500
ng ML-1 to 7000 ng ML-1 for the detection of spike protein using ACE2. While detection
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of spike protein using CD147 yielded 38.99 ng ML-1 LOD and linear detection ranges of
500 ng ML-1 to 5000 ng ML-1. The biosensor was also evaluated using clinical samples
confirmed with RT-PCR method.

The development of multiplexed grating-couple fluorescent plasmonic biosensor for
the detection of SARS-CoV-2 using either dried blood spot sample or human blood serum
is proposed by Cady et al. [50]. Detection of COVID-19 relied upon the interaction be-
tween antibody (IgG) and antigen (nucleocapsid protein, Spike S1 and Spike S152). The
performance evaluation of the immunobiosensor produced linear response for serum
samples diluted to 1:1600 dilution. The biosensor was also compared with 2 commercial
COVID antibody testing kits (which include Luminex-based microsphere immunoassay
and ELISA) which resulted in 100% correlation. Moreover, 63 samples of dried blood spot
were tested using the constructed immunobiosensor which yielded 86.7% sensitivity and
100% selectivity for detection prior to COVID-19 infection.

Kim et al. [51] developed a sensitive electrochemical biosensor for point-of-care de-
tection of COVID-19. The genobiosensor was designed using multi-microelectrode array
relied upon the interaction between probes and target genes (N gene and RdRP gene)
amplified using Recombinase Polymerase Amplification (RPA) and subsequently de-
tected using pulse voltammetry. This process involve hybridization between thiol-modi-
fied primers immobilized on the surface of WE and RPA amplicon which resulted in re-
duction of current density due to accumulation of amplicons. The performance of the as-
say yielded 3.925 fg/uL LOD for N gene and 0.972 fg/uL for RARP gene.

4. Computer-aided Diagnosis and Internet of Medical Things (IoMT)

Computer aided diagnosis CAD is regarded as one of the technologies that is trans-
forming medical diagnosis. This technology revolves around the use of computer appli-
cations, software, algorithms for detection of diseases that often require human expertise,
prolong procedures, the use of chemicals or radiations etc [8]. CAD technology is driven
by Machine Learning, Deep Learning as sub-field of ML and Transfer Learning which
allow the transfer of knowledge learn from trained networks to perform similar function
on different task. [52].

The field of medical diagnosis is undergoing transformation due to the integration of
CAD, automated detection and smart sensing. Medical imaging based on diagnostic radi-
ology is one of the major fields that is transforming to a more accurate, reliable, fast, cost-
effective diagnostic. CAD is currently aiding medical expert in making appropriate deci-
sion making. The history of application of CAD technology can be traced back to 1960s.
However, it wasn’t until the 1980s when this technology started gaining ground due to
the fundamental change in the approach on the use of computer output from automated
computer diagnosis to CAD [8-9].

4.1. Artificial Intelligence and Machine Learning

The concept of Al is dated back to 19th century when it started as a theory. The field
has now exploded into different disciplines ranging from marketing, business and fi-
nance, advertisement, smart devices, agriculture to medical care. The transformation in
the field of data storage and data analytics is driven the field and transforming our daily
lives [53-54]. Al and ML are used interchangeably and there are several misconceptions
about the exact meaning of each concept. Al intelligence revolves around the use of com-
puter to mimic human cognitive functions such as learning and problem solving or deci-
sion making. In other words, Al is the application of computer program that enables ma-
chine to perform specific tasks [53].

The concept of ML revolves around the use of algorithms whose performance im-
prove as a result of exposure to large amount of data over time. In ML, series of algorithms
are applied to allow computer learn, analyze data and make decisions based on the
learned knowledge. ML models are either use for classification, regression, clustering. An
example of traditional ML models uses for classification include SVM and Naive Bayes
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classifier. Clustering ML models include K-means and tree-based clustering while Linear
regression, Random Forest, KNN models are used for regression models [55-56]. ML mod-
els require large amount of data in other to make appropriate decision. Just like the way
cars are driven by fuels, ML models are driven by large amount of data. Some of the ap-
plication of ML can be found in IT applications, weather forecasting, Gaming, robotics,
stockbroking etc [54].

ML models learn through process known as gradient descent or loss function where
models minimize errors between predictive value and actual or ground truth value. After
every iteration, the models compare the actual value with the objective or predictive value
and adjust parameters so that the error will become smaller [57]. ML algorithms can be
classified into Supervised Machine Learning (SML) Unsupervised Machine Learning
(UML) and Reinforcement Machine Learning (RML) [58].

4.1.1 Supervised Machine Learning

Supervised Machine Learning SML is a branch under ML where computer algo-
rithms are trained using labelled data. The ML models are trained using backpropagation
until it can detect underlying patterns and relationship between the input data and the
labelled output. The model is subsequently evaluated using test sets (unseen or untrained
datasets) [59]. SML has shown to achieved high performance, however, one of the chal-
lenges associated with this type of ML is “Overfitting” where models perform very well
on training set and perform poorly on test sets. Thus, scientists proposed several ways to
counter this issue through cross validation, data augmentation, regularization, the use of
ensemble models etc. [57, 60].

There are several applications of SML which include classification and regression
tasks. Several studies have reported the application of classification algorithms for detec-
tion of clinical diseases [55-56]. SML models can be used to classify diseases into binary
cases (disease/healthy, positive/ negative, findings/no findings etc.) ternary and quater-
nary classification in the case of different grades of tumors etc. [61]. Regression models on
the other hand produces numerical correlation between the input data and output data
[56]. Several prediction models are use in healthcare settings for the prediction of disease
and drug discovery [61].

4.1.2 Unsupervised Machine Learning

Unsupervised Machine Learning USML is sub branch of ML where algorithms are
trained using un unclassified or unlabeled dataset. Unlike SML where data are labelled
and models optimized predicted value and actual value, USML learn to patterns in data
and grouped them or cluster them together. USML algorithms are trained using unsorted
data where models sort out the data based on similarities and differences. Another differ-
ence and limitation of USML is that they are can be unpredictable compare to SML. Some
of the advantages of USML include less costly, faster, easier (which are associated with
less manual work in labelling data) the use of real-time data etc. [58, 62].

Clustering algorithms are the most common USML algorithms use clustering un-
structured and unsorted data into different groups. Some of the classification of clustering
algorithms include hierarchal, overlapping exclusive and probabilistic algorithms. Com-
mon examples of clustering algorithms include K-means clustering, Gaussian Mixture
models, Principal Component Analysis (PCA) [56, 63]. USML are currently applied in
healthcare settings for classification, segmentation and medical image detection, detection
of anomalies in medical data, health index monitoring, drug discovery, genomics etc. [55,
64].

4.2 Deep learning

Deep learning is a subfield of ML which is inspired by how human brain’s function
due to connections or synopsis of nerve cells or neurons. DL is a sub- field of ML which
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revolves around the use of multiple perceptron where each layer of the network is con-
nected to another layer. Just like ML, DL models learn from vast amount of data which is
crucial for high performance in terms of accuracy [65-66].

One of the advantages of DL over ML models (known as flat models) such as decision
trees, logistic regression, SVM, etc. is that DL models can take raw input in the form of
images, texts without the need of preprocessing steps. Example of DL applications include
Google translation, chatbots, self-driving cars, Netflix movie suggestions, personal Assis-
tant such as Siri and Alexa [65, 67]. The current booming of Big Data is transforming DL
models who are powered by massive amount of data. Another advantage of DL models
over traditional ML models is that DL models tend to result in higher accuracy with in-
crease in the amount of training and testing datasets while ML can become saturated and
stop improving [66].

4.3. Internet of Medical Things (IoMT)

IoMT also known as IoT of healthcare revolves around the internet-connection of
medical appliances, hardware and software. The system enables the wireless connection
between devices and server as well as storage of medical data in the cloud and subsequent
analysis using Al-powered models. The application of IoMT is growing exponentially due
to advancement in hardware and software engineering [17-19].

The application of IoMT include In-hospital, In-home and on-body. In-hospital loMT
revolves around the use of sensors to track patient, transmission of medical data from one
department to another or between hospital devices and physicians [68]. In-home IoMT
revolves around the transfer of medical data between users and primary care providers
stationed in healthcare settings. An example of In-home IoMT is the remote patient mon-
itoring where medical devises transmit medical data such as heart rate, blood pressure,
blood oxygen saturation to physicians for evaluation and decision making. While On-
body IoMT revolves around the use of wearable devices and implantable-IoT enable de-
vices connected with remote tracking system or monitoring system. Despite the wide ap-
plication and potential of [oMT it is limited by several challenges [69]. Some of these chal-
lenges include privacy concern, safety and security [18, 19, 68].

5. Diagnostic Imaging

Diagnostic imaging is the field under medical diagnostic that allow medical technol-
ogies and radiologists to view interior of the human body and to analyze the presence of
injury or other health conditions. This type of diagnostics uses several types of machines
which allow the reconstruction of structures inside the body. Some of these devices in-
clude MRIs, CT scans, X-rays, Ultrasound, mammography, arthrogram, bone density scan
[69].

5.1 Radiographic Imaging of COVID-19

The field of medical imaging has transformed from conventional imaging such as X-
ray, CT scan, MRI, ultrasound imaging to nuclear imaging based on PET, SPECT and hy-
brid imaging such as PET/CT, PET/MRI, SPECT/PET, SPECT/MRI etc. [8, 69]. Medical im-
aging revolves around the application of different imaging modalities to help physicians
diagnose several conditions affecting patients. The use of medical imaging devices allows
medical experts to view internal organs and tissue and confer diagnostics such as fracture,
dislocation, cancer, pneumonia, tuberculosis etc. [69-70]. Detection of pneumonia using
X-ray images and CT scan machines have become an alternative or confirmatory test for
detection of non-COVID-19 (such as bacterial and influenza viral pneumonia) and
COVID-19 [15].

X-ray imaging is one of the most common techniques use in clinical and other
healthcare settings for diagnosis of wide range of diseases. One of the advantages of X-
ray imaging over other imaging techniques include low radiation, availability (i.e., due to
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high demand), low cost, moderate sensitivity and low radiation dose [71]. The classifica-
tion of chest X-ray images by Radiologists include posteroanterior, anteroposterior and
lateral view as shown in Figure 4. These classifications are based on the position and ori-
entation of patient parallel to the X-ray source and detector panel. Side view or lateral
view differs from both anteroposterior and posteroanterior (which are known as frontal
views). Side view is obtained as a result of the combination of posteroanterior view and
projection of the x-ray from one side of the patient to the other or right to left. The frontal
views are based on the positioning of the X-ray source to the front or rear of the patient
where posteroanterior X-ray imaging is generated in erect standing position of the pa-
tients while anteroposterior X-ray image is obtained from patients in the spine position

[71-72].
——— 1

Figure 4. Left: Anterior-posterior (AP) view chest X-ray. Middle. posterior-anterior (PA) view
frontal chest X-ray. Right: lateral chest X-ray

5.2 Al-Powered Detection of COVID-19 from Radiographic Imaging

Since the first declaration of COVID-19 as global pandemic by the world health or-
ganization, scientists all over the world have contributed immensely to the detection and
prediction of the disease using Al-driven models. Computer aided diagnosis of covid-19
is limited to the use of X-ray and CT scan images of patients suspected with the diseases.
Several Al-driven models have been deployed which include the use of models developed
from scratch, pretrained models, hybrid models, ensembled models etc. [15].

The literature is copious with several studies on the use of Al-driven models for the
classification of COVID-19. Some of these studies conducted binary (2-way), ternary (3-
way) and quaternary classifications or combinations of more than 2 classifications. Con-
sidering the fact that there are several studies that conducted binary, ternary and quater-
nary classifications in one article, this study will attempt to categorize these studies based
on the highest number of classifications.

5.2.1 Al-Powered Detection of COVID-19 from X-ray images

A) Binary

The study conducted by Gayathri et al. [73] applied several pretrained networks and
their combinations for detection of COVID-19 from X-ray images. The detection process
revolves around the use of pretrained networks for future extraction, the use of sparse
autoencoder for dimensionality reduction and subsequent use of Feed-Forward Neural
Network for classification of COVID-19 from non-COVID-19 images. The models are
trained and tested using 1046 (504 COVID-19 and 542 non-COVID-19) images obtained
from 2 public accessible datasets. The performance evaluation of the models has placed
the combination of InceptionResNetV2 as the best performing model with 0.9578 accuracy
and 0.9821 AUC.

The study conducted by Nayak et al. [74] proposed an automated detection of
COVID-19 from X-ray images. The study evaluated 8 TL models which include ResNet34,
ResNet-50, MobileNet. InceptionV3, SqueezeNet, AlexNet, VGG16 and GoogleNet for bi-
nary classification of COVID-19 and normal cases. The models are trained and tested us-
ing dataset obtain from public domains which include dataset prepared by JP Cohen,
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Covid-chest-X-ray and ChestX-ray8 dataset with a total of 703 (500 normal and 203
COVID-19 images). In order to help expand the number of training images, data augmen-
tation techniques were implemented which include flipping, rotation, scaling and Gauss-
ian noise. The comparison between model performances has shown that ResNet34 achieve
the highest accuracy with 98.33%, precision of 96.77%, specificity of 96.67%, 0.9836 AUC
and 0.9836 F1-score.

Another study that utilized several pretrained models is provided by Narin et al. [75].
The study applied 5 TL models which include InceptionV3, Inception-ResNetV2, Res-
Net50, ResNet101 and ResNet152. The study conducted several binary classifications
which include COVID-19 vs healthy cases, COVID-19 vs viral pneumonia and COVID-19
vs bacterial pneumonia using several datasets curated from public accessible domains.
The comparison between model performances revealed that ResNet50 achieved the best
results with 96.1% accuracy on the first dataset, 99.5% on the second dataset and 99.7% on
the third dataset.

The use of CAD of COVID-19 from X-ray images is proposed by Naseer et al. [76].
The study applied 2 networks which include Artificial neural network (ANN) and Artifi-
cial Recurrent Neural Network (Long-Short Term Memory (LSTM)) network. In order to
maximize the number of training data, the study conducted several data augmentation
process which include image enhancement, color transformation, geometric transfor-
mation and noise injection which yielded 3220 images. Training of the models revolves
around 3 phases which include training using raw CXR images, training using pre-pro-
cessed images and training using enhanced images. The classification process relies on the
use of CNN as feature extractor which is fed into the LSTM network for classifications.
The performance evaluation outcome of the joined CNN-LSTM model yielded 99.02% ac-
curacy, 100% sensitivity and 99% specificity.

B) Ternary

The binary and ternary classification of X-ray images of COVID-19, non-COVID-19
and viral pneumonia using pretrained model is proposed by Aziz et al. [77]. The detection
process follows the use of connected layer of ResNetV50V2 model for feature extraction,
the use of reduction methods for reduction of feature dimension and the use Gaussian
SVM for classifications. The TL models is trained and tested using dataset acquired from
Cohen and Morrison, 2020 with 874 images (254 COVID-19, 310 non-COVID-19 and 310
viral pneumonia. In order to increase the number of training set, data augmentation was
conducted via flipping, rotation, shearing, height and weight shift. The result of the model
performance evaluation yielded 99.5% accuracy for binary classification and 95.5% for ter-
nary classifications.

The ternary classification of X-ray images using a DL model known as CVDNet is
proposed by Ouchicha et al. [78]. The model is designed based on residual neural network
which is constructed using 2 parallel levels with different filter sizes in order to capture
both global and local features of the input datasets. The study trained and validated the
model using dataset downloaded from online repositories which include viral pneumonia
(1345), COVID-19 pneumonia (219) and normal cases (1341). The performance evaluation
of CVDNet based on 5k-fold cross validation resulted in an average accuracy of 96.69%,
96.84% recall, 96.72% precision and 96.68% F1-score for 3-way classification.

The use of CNN-based DL fusion framework for the ternary classification of COVID-
19 and non-COVID-19 cases is proposed by Shorfuzamman et al. [79]. The study transfer
weight (parameters) of 3 TL models which include VGG16, ResNet50V2 and GoogleNet
(InceptionV3) which are combined into a single model in order to extract image and clas-
sify the images using custom classifier and the subsequent use of gradient-weighted class
activation mapping in order to view the infected zones. Apart from the use of model per-
formance metric evaluations, the study also conducted cross validation which result in
average performances of the model on 1848 image datasets obtained from open domains
(Cohen et al with 616 COVID-19 and Money 2018 with 616 non-COVID-19 viral pneumo-
nia and 616 healthy cases). ResNet50V2 as the best performing model achieved an overall
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accuracy of 95.49%, 99.19% sensitivity, 98.27 specificity and 95.94% AUC. Workflow of the
proposed system is illustrated in Figure 5.

Chest X-ray Dataset Creation Data Pre-Processing | K\'/Flffléi cross |
L Jd alidation

A. Resizin D i
& ata Split Parameter fusion
B. Augmentation ) Training | Building Model
C. Normalization [ [ A. ResNet50V2
— B. VGG-16
D. Shuffling | Validation C. InceptionV3
Test
Maodel evaluation
A. Accuracy
B. Precision
C. Sensitivity
D. Specificity
E. AUC

Figure 5. Al-powered Detection of COVID-19 from X-ray images

C) Quaternary

The study conducted by Li et al. [80] applied Cov-Net model for the 3-way and 4-
way classification of COVID-19, non-COVID-19 viral pneumonia and lung opacities ac-
quired from 2 public accessible dataset. The first dataset contains 3 categories named as
D1 while the second dataset contain for classes named as D2. One of the variations of this
technique over current techniques is the use of residual network along with asymmetric
convolution and attention mechanism embedded as the backbone for feature extractor
and the subsequent application of skip-connected dilated convolution with carrying dila-
tion rates in order to attain sufficient feature fusion among low-level detail and high-level
semantic information. The performance of the model on the 2 datasets resulted in 0.9966
and 0,9901 accuracies respectively.

The study conducted by Ibrahim et al. [15] applied pretrained AlexNet model for
several binary classifications, ternary classifications and quaternary classification of X-ray
images of COVID-19, viral pneumonia, bacterial pneumonia and normal cases. The TL
model is trained and tested using several datasets curated from online sources. The result
of the 4-way classification of X-ray images using pretrained AlexNet resulted the model
achieved an accuracy of 93.42%, sensitivity of 89.18%, and specificity of 98.92%.

Hira et al. [81] applied DL for the binary and multiclass prediction of COVID-19 from
X-ray images. The study applied 9 DL models which include AlexNet, Se-ResNet50, Res-
NeXt-50, Se-ResNeXt-50, ResNet-50, InceptionResNetV2, InceptionV4, GoogleNet and
DenseNet121. The models are trained and validated using several datasets curated from
open sources. The performance evaluation of the 9 models has shown that Se-ResNeXt-50
achieved the best performance for 3-way classification with 97.55% accuracy and 96.89%
for 4-way classifications.

5.2.2 AI-Powered Detection of COVID-19 from CT scans

The classification of COVID-19 from non-COVID CT scan images using Al-based
CAD is proposed by Syed et al. [82]. Detection of COVID-19 from non-COVID-19 was
conducted via 4 stages which include curations of CT scans images from 2 public accessi-
ble repositories which include SARS-COV2-CT (1229 non-COVID-19 and 1252 COVID-19)
and Community acquired pneumonia (1500 CT images) modification of 3 pretrained s
networks which include ResNet50, ResNetl01 and VGGNetl6, selection of activation
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function and enhancing firefly algorithms for feature selection and finally the use of de-
scending order serial approach for fusing optimal selected features and classification us-
ing supervised ML such as SVM classifier. The outcome of the model evaluation has yield
97.9% accuracy, 97.63% recall and 97.63% precision and approximately 34 seconds’ com-
putational time.

The study proposed by Chaddad et al. [83] applied DL-TL for the prediction of
COVID-19-19 from CT scan images. The study applied 6 DL architectures which include
AlexNet, DarkNet, DenseNet, GoogleNet, NasNet-mobile and ResNet18. The models are
fed with (1) raw datasets and (2) region of interests corresponding to ground glass opaci-
ties, pleural effusion and consolidation of 100 lung CT images generated from 60 COVID-
19 patients. The comparison evaluation of the model performances has shown that Dark-
Net achieved the best result with an AUC of 88.16% and accuracy of 82% on raw dataset
and an AUC of 90.20% and accuracy of 82.30% after incorporating 3 additional ROlIs.

The binary and ternary classification of COVID-19 from CT scan images using 2 pre-
trained models is proposed by Mishra et al. [84]. The study applied pretrained VGG16
and ResNet to classify non-COVID-19 pneumonia, COVID-19 pneumonia and normal
cases (400 each in order to achieve class-balanced). The study also conducted data aug-
mentation in order to increase the number of training set and fine tuning the model to
optimize it performance. The model is evaluated on the basis of stratified 5k cross valida-
tion and the performance shows that both models achieve more than 99% accuracy for
binary classification, while VGG16 achieved 86.74% accuracy and ResNet achieved 88.52%
accuracy for ternary classifications.

The study conducted by Katar and Dumman [85] developed a CNN which consists
of 19 layers for binary classification of COVID-19 and normal cases from CT scan images.
The model is trained (using 1600 images of both positive and negative cases) and tested
(using 400 of both positive and negative cases). The performance evaluation of the model
resulted in 97.5% accuracy. The study conducted by Kogilavani et al. [86] applied several
DL models for binary classification of COVID-19 and normal cases. The study curated
3873 CT (1958 positive cases and 1915 negative cases) scan images which are partitioned
into 70% for training, 15% for testing and 15% for validation. The images are trained and
evaluated using DenseNet-121, EfficientNet, MobileNet, NASNet, Xception and VGG16.
The comparison of the model performances has shown that VGG16 achieve the best result
with 97.68%.

The application of pretrained model (modified based on random, Bit-S and Bit-M)
for the detection of COVID-19 from over 190 thousand CT scan images collected from 4
thousand patients is proposed by Zhao et al. [87]. The study revolves around the use of
pretrained ResNet-V2 (group normalization was replaced with batch normalization and
weight standardization for all the convolutional layers) for the classification of COVIDx-
CT-2A images into normal and control cases. The evaluation of the model performance
resulted in 97.9%, 98.8% and 99.2% accuracy for Random, Bit-S and Bit-M respectively.

The application of 2D DL approach for the classification of COVID-19 and non-
COVID-19 from CT scans images are proposed by Ko et al. [88]. The model termed as Fast-
Track COVID-19 Classification Network (FCONet) was designed using either one of the
pretrained networks (Xception inception-V3, ResNet-59 and VGG-16). The designed
model was trained using 3993 total images acquired from Wonkwang University Hospi-
tal, Chonnam National University and Italian Society of Medical and Interventional Radi-
ology public database. Evaluation of the model performance has shown that FCONet-
ResNet-50 achieved the best result with 99.87% accuracy, 99.58% sensitivity and 100%
specificity.

5.2.3 IoT-enabled Devices for Detection of COVID-19

Iskanderani et al. [89] proposed and IoT/AI platform for the detection of COVID-19
from Chest X-ray images. The proposed system offers real-time communication and de-
tection of COVID-19 cases. The platform is designed by assembling 4 DL models which
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include DenseNet201, VGG19, InceptionResNetV2 and ResNet152V2. The working prin-
ciple of the framework revolves around the use of medical sensors to obtained CXR im-
ages which are fed into the ensemble networks for classification. Similarly, Kini et al. [90]
proposed the use of IoT-DL-based framework for the diagnosis of COVID-19 from CT
scan images. The system is designed to collect CT scan images using medical IoT devices
which transferred the images to an ensembled model (which combines 3 pretrained net-
works which include DenseNet201, InceptionResNetV2 and ResNet152V2). The ensem-
bled model was able to classified CT scan images efficiently on IoT servers.

Le et al. [91] proposed an IoT-enabled depth-wise separable CNN merged with deep
SVM for the classification of COVID-19 from X-ray images. The process is dictated by
several stages which include data acquisition using IoT devices which send the images to
cloud server, followed by Gaussian filtering to remove noise, feature extraction and finally
classification. Another IoT/DL-enabled framework was proposed by Ahmed et al. [92].
The X-ray images are collected using medical sensors followed by detection using Faster
Region CNN (FR-CNN) and ResNet101 as the backbone network.

Rehman et al. [93] proposed real-time detection of COVID-19 from X-ray images. The
framework is developed based on CNN-residual neural network (ResNet-50). The mech-
anism behind the real-time CAD revolves around the upload of X-ray images from
healthcare centers and remote clinics and subsequent classification using ResNet-50. The
performance of the proposed IoT/CAD system achieved 98% accuracy and 0.975 AUC on
chest X-ray images acquired from online repositories (already augmented and contains
1824 total images where 912 are non-COVID-19 and 912 COVID-19 cases).

Punitha et al. [94] proposed a novel e-healthcare platform for diagnosis of COVID-19
using optimization algorithm. The framework is designed based on the classification ap-
proach for the detection of abnormalities in lung CT images via Whale Optimization Al-
gorithms (WOA) optimized Wavelet Neural Network (WNN). The mechanism behind e-
healthcare system revolves around the extraction of the Laws 16 texture energy measures
from the preprocessed CT lung images and subsequent classification using WNN classi-
fier. Evaluation of the proposed system on public accessible datasets resulted in 84.8%
accuracy, 82.0% sensitivity and 73.3% specificity for binary classification of COVID-19 and
non-COVID-19 cases.

6. Open Research Issue

The increase generation of medical data in the healthcare settings has contributed to
the development of high-performance models’ tasks with identifying patterns, extracting
features, prediction and classification of medical data [65, 67]. Analysing high amount of
dataset generated in medical settings require the use of reliable, fast and accurate system
which can relieve the workload of medical data analyst. The application ML models over
the last decade has shown to addressed this issue. Several ML models are use in healthcare
settings as a form of CAD to assist physician in accurate diagnosis and appropriate deci-
sion making [61, 66].

Despite the wide application of ML models in healthcare settings, they are hindered
bus several challenges which include lack of sufficient amount of data. Training of ML
models using substantial amount of data is crucial for high performance. In order to ad-
dress the shortage of dataset, scientists developed TL where weights and features are ex-
tracted from trained models and repurpose on new task with insufficient datasets. The
use of TL models also known as pretrained models have shown to outperformed models
developed from scratch [95-96]

Another challenge facing the application of ML models is underfitting and overfit-
ting. Underfitting occur when ML models perform poorly on both training and testing set
(Le., when models neither perform well on training dataset nor generalize new or unseen
dataset). Underfitting is associated with high bias and low variance While overfitting oc-
cur when machine learning performs well on training datasets but perform poorly on test
sets [60, 97]. Overfitting is associated with high variance and low bias. Performance of ML
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models depend on type of images use [60]. Poor performance can also be related with
training images with small amount of data or data that contains noise. The use of data
augmentation techniques such as rotation, flipping, mirroring, zooming, cropping etc in-
crease the number of training set [98]. Other pre-processing steps are used to remove noise
from images, resize images to fit into the models and extract features that can be classified
using classifier [98-99].

The landscape of Al-powered models is changing from the application of single mod-
els to hybrid of ensembled models. Ensembled models combined predictions from two or
more models. Ensembled learning include parallel ensembled and Sequential ensemble
methods. Ensembled learning techniques can also be classified as Bagging (such as boot-
strap aggregation), boosting (gradient boosting machine or GMB, LightGBM, Adaboost
etc.), stacking, and blending. The use of ensembled models have are associated with im-
proving performance (originally developed to reduce variance thereby improving perfor-
mance) and robustness [100].

7. Conclusion

The global pandemic witnessed as a result of spread of COVID-19 disease associated
with SARS-CoV-2 has change the landscape of diseases diagnosis. Several techniques
have been developed and repurpose in order to provide accurate and reliable detection of
the virus. Molecular testing based on RT-PCR is regarded as the standard approach for
detection of COVID-19 followed by antigen-based detection. Despite the high reliance on
these approaches, they are limited by so many challenges which include false positive
results, low accuracy, the need of trained pathologist, the need for chemical, longer pro-
cessing time, high cost etc. These factors limit the use of molecular testing in remote areas
and underdeveloped countries. This call for the need to provide an alternative approach
that can provide accurate results, eliminate the need of toxic chemicals and high cost of
assays. Thus, healthcare experts turn to medical imaging such as X-ray, CT scan and lung
ultrasound as an alternative or confirmatory testing. However, this approach is also
clouded by several challenges which include tediousness in the case of interpretation of
large number of cases and miss-interpretation.

To address this issue scientists incorporated CAD using ML models and classifiers.
These models have shown to achieved high performance compare to human interpreta-
tion. In order to allow real-time testing, scientists developed IoT/Al-enabled system or e-
healthcare system which allows upload of medical images and subsequent classification
of cases into binary (COVID-19 and non-COVID-19) 3-way and 4-way classification
(COVID-19, non-COVID-19 viral pneumonia, bacterial pneumonia and health cases).
Thus, this review provides extensive knowledge of the state-of-the-art detection of
COVID-19 using molecular testing, CAD and IoT/Al-powered detection.

Author Contributions: Organization, Compilation, Artificial Intelligence A.U.I. Molecular Diagnos-
tics and Radiographic Imaging Y.W.H., and A.U.L, Biosensors and Drawing of Images C.N., Com-
puter aided Detection and Internet of Medical Things (IoMT) F.A., and A.U.IL, Review and Editing
F.A.

Funding: This research received no external funding”
Data Availability Statement: Not applicable

Conflicts of Interest: The authors declare no conflict of interest

References

1.  Giiner H.R,; Hasanoglu i Aktas F. COVID-19: Prevention and control measures in community. Turkish J. Med. Sci 2020,
50(9), 571-7.

2. AiT,; Yang Z; Hou H.; Zhan C.; Chen C,; Lv W.; Tao Q.; Sun Z.; Xia L. Correlation of chest CT and RT-PCR testing in
coronavirus disease 2019 (COVID-19) in China: a report of 1014 cases. Rad 2020.


https://doi.org/10.20944/preprints202211.0531.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 November 2022 d0i:10.20944/preprints202211.0531.v1

18 of 21

3. Arun K.R;; Elizabeth T.R.; Sukumaran A.; Paul J.K.; Vasudevan DM. COVID-19: current trends in invitro diagnostics. In-
dian J.Clin. Biochem 2020 35(3), 285-9.

4. Yiice M,; Filiztekin E.; Ozkaya K.G. COVID-19 diagnosis—A review of current methods. Biosens Bioelectron 2021, 172,
112752.

5. Liu G.; Rusling J.F. COVID-19 antibody tests and their limitations. ACS sensors 2021, 6(3), 593-612.

6.  Shyu D.; Dorroh J.; Holtmeyer C.; Ritter D.; Upendran A.; Kannan R.; Dandachi D.; Rojas-Moreno C.; Whitt S.P.; Regunath
H. Laboratory tests for COVID-19: a review of peer-reviewed publications and implications for clinical use. Missouri Med
2020, 117(3), 184.

7. Quraishi M.; Upadhyay S.K.; Nigam A. COVID-19 Diagnostics: A Panoramic View on Its Present Scenario, Challenges and
Solutions. India Section B: Biol. Sci 2022, 1-3.

8.  Doi K. Computer-aided diagnosis in medical imaging: historical review, current status and future potential. Comput. Med.
Imaging Graphics 2007, 31(4-5):198-211.

9.  Van Ginneken B.; Schaefer-Prokop C.M.; Prokop M. Computer-aided diagnosis: how to move from the laboratory to the
clinic. Rad 2011, 261(3):719-32.

10. Yassin N.I; Omran S.; El Houby E.M.; Allam H. Machine learning techniques for breast cancer computer aided diagnosis
using different image modalities: A systematic review. Comput. Methods Programs Biomed 2018, 156, 25-45.

11. Ahmad O.F; Soares A.S.; Mazomenos E.; Brandao P.; Vega R.; Seward E.; Stoyanov D.; Chand M.; Lovat L.B. Artificial
intelligence and computer-aided diagnosis in colonoscopy: current evidence and future directions. Lancet Gastroenterol
Hepatol 2019, 4(1), 71-80.

12. Litjens G.; Debats O.; Barentsz J.; Karssemeijer N.; Huisman H. Computer-aided detection of prostate cancer in MRI. IEEE
Trans. Med. Imaging 2014, 33(5), 1083-92.

13. Ibrahim A.U.; Al-Turjman F..; Ozsoz M.; Serte S. Computer aided detection of tuberculosis using two classifiers. Biomed.
Eng/Biomedizinische Technik 2022.

14. Umar Ibrahim A.; Ozsoz M.; Serte S.; Al-Turjman F.; Habeeb Kolapo S. Convolutional neural network for diagnosis of viral
pneumonia and COVID-19 alike diseases. Expert Sys 2022, e12705.

15. Ibrahim A.U.; Ozsoz M,; Serte S.; Al-Turjman F.; Yakoi P.S. Pneumonia classification using deep learning from chest X-ray
images during COVID-19. Cognit Comput 2021, 1, 1-3.

16. Arshad M.; Khan M.A.; Tariq U.; Armghan A.; Alenezi F.; Younus Javed M.; Aslam S.M.; Kadry S. A computer-aided
diagnosis system using deep learning for multiclass skin lesion classification. Comput. Intell. Neurosci 2021.

17. Razdan S.; Sharma S. Internet of Medical Things (IoMT): overview, emerging technologies, and case studies. IETE Tech. Rev
2021, 1, 1-4.

18. Jeba Kumar R.J.; Roopa Jayasingh ].; Telagathoti D.B. Intelligent Transit Healthcare Schema Using Internet of Medical
Things (IoMT) Technology for Remote Patient Monitoring. In Internet of Medical Things 2021 Springer, Cham pp. 17-33.

19. Dwivedi R.; Mehrotra D.; Chandra S. Potential of Internet of Medical Things (IoMT) applications in building a smart
healthcare system: A systematic review. ]. Oral Biol. Craniofacial Res 2021.

20. JainS.; Nehra M.; Kumar R.; Dilbaghi N.; Hu T.; Kumar S.; Kaushik A.; Li CZ. Internet of medical things (IoMT)-integrated
biosensors for point-of-care testing of infectious diseases. Biosens. Bioelectron 2021, 179, 113074.

21. Manickam P.; Mariappan S.A.; Murugesan S.M.; Hansda S.; Kaushik A.; Shinde R, Thipperudraswamy SP. Artificial intel-
ligence (AI) and internet of medical things (IoMT) assisted biomedical systems for intelligent healthcare. Biosens 2022, 12(8),
562.

22. Samson R.; Navale G.R.; Dharne MS. Biosensors: frontiers in rapid detection of COVID-19. Biotech 2020, 10(9), 1-9.

23. Santiago I. Trends and innovations in biosensors for COVID-19 mass testing. ChemBioChem 2020, 21(20), 2880-9.

24. Falzone L.; Gattuso G.; Tsatsakis A.; Spandidos D.A.; Libra M. Current and innovative methods for the diagnosis of COVID
19 infection. Int. |. Mol. Med 2021, 47(6), 1-23.

25. Huang S.; Yang J.; Fong S.; Zhao Q. Artificial intelligence in the diagnosis of COVID-19: Challenges and perspectives. Int.
J. Biol. Sci 2021, 17(6), 1581.

26. Ciotti M.; Ciccozzi M.; Terrinoni A.; Jiang W.C.; Wang C.B.; Bernardini S. The COVID-19 pandemic. Critical Rev. Clin. Lab.
Sci 2020, 57(6), 365-88.

27. Nicholls J., DONG X.P.; Jiang G.; Peiris M. SARS: clinical virology and pathogenesis. Respirology 2003, 8: S6-8.

28. Watanabe T.; Bartrand T.A.; Weir M.H.; Omura T.; Haas CN. Development of a dose-response model for SARS coronavirus.
Risk Analysis: Int. | 2010, 30(7), 1129-38.

29. Oboho LK,; Tomczyk S.M.; Al-Asmari A.M.; Banjar A.A.; Al-Mugti H.; Aloraini M.S.; Alkhaldi K.Z.; Almohammadi E.L.;
Alraddadi B.M.; Gerber S.I; Swerdlow DL. 2014 MERS-CoV outbreak in Jeddah —a link to health care facilities. N. Engl. |.
Med 2015, 372(9), 846-54.

30. Ahmadzadeh J.; Mobaraki K.; Mousavi S.J.; Aghazadeh-Attari J.; Mirza-Aghazadeh-Attari M.; Mohebbi I. The risk factors
associated with MERS-CoV patient fatality: a global survey. Diagn. Microbiol Infect. Dis 2020, 96(3), 114876.

31. Majra D.; Benson J.; Pitts J.; Stebbing J. SARS-CoV-2 (COVID-19) superspreader events. |. Infect 2021, 82(1), 36-40.

32. Johansson M.A.; Quandelacy T.M.; Kada S.; Prasad P.V.; Steele M.; Brooks ].T.; Slayton R.B.; Biggerstaff M.; Butler ].C.
SARS-CoV-2 transmission from people without COVID-19 symptoms. JAMA Network Open 2021, 4(1), e2035057-.


https://doi.org/10.20944/preprints202211.0531.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 November 2022 d0i:10.20944/preprints202211.0531.v1

19 of 21

33. Uddin M.; Mustafa F.; Rizvi T.A.; Loney T.; Al Suwaidi H.; Al-Marzougqi A.H.; Kamal Eldin A.; Alsabeeha N.; Adrian T.E,;
Stefanini C.; Nowotny N. SARS-CoV-2/COVID-19: viral genomics, epidemiology, vaccines, and therapeutic interventions.
Viruses 2020, 12(5), 526.

34. Touma M. COVID-19: molecular diagnostics overview. J. Mol. Med 2020 98(7), 947-54.

35. Ye G, Lin H.; Chen S.; Wang S.; Zeng Z.; Wang W.; Zhang S.; Rebmann T.; Li Y.; Pan Z.; Yang Z. Environmental contami-
nation of SARS-CoV-2 in healthcare premises. J. Infect 2020 81(2), el-5.

36. LeeE.Y.; Ng M.Y.; Khong PL. COVID-19 pneumonia: what has CT taught us?. Lancet Infect Dis 2020, 20(4), 384-5.

37. Nyaruaba R.; Mwaliko C.; Hong W.; Amoth P.; Wei H. SARS-CoV-2/COVID-19 laboratory biosafety practices and current
molecular diagnostic tools. |. Biosaf. Biosecur 2021, 3(2), 131-40.

38. Smyrlaki I.; Ekman M.; Lentini A.; Rufino de Sousa N.; Papanicolaou N.; Vondracek M.; Aarum J.; Safari H.; Muradrasoli
S.; Rothfuchs A.G.; Albert J. Massive and rapid COVID-19 testing is feasible by extraction-free SARS-CoV-2 RT-PCR. Nat.
Commun 2020, 11(1), 1-2.

39. BarzaR,; Patel P.; Sabatini L.; Singh K. Use of a simplified sample processing step without RNA extraction for direct SARS-
CoV-2 RT-PCR detection. J. Clin. Virol 2020, 132, 104587.

40. Liu G.; Rusling J.F. COVID-19 antibody tests and their limitations. ACS sensors 2021, 6(3), 593-612.

41. LaMarca A.; Capuzzo M.; Paglia T.; Roli L.; Trenti T.; Nelson SM. Testing for SARS-CoV-2 (COVID-19): a systematic review
and clinical guide to molecular and serological in-vitro diagnostic assays. Reprod. Biomed. Online 2020 41(3), 483-99.

42. LvY,;MaY,;SiY,;ZhuX,; Zhang L.; Feng H.; Tian D.; Liao Y.; Liu T.; Lu H.; Ling Y. Rapid SARS-CoV-2 antigen detection
potentiates early diagnosis of COVID-19 disease. Biosci. Trends 2021.

43. LiK,;Tong C,;Ha X,; Zeng C.; Chen X,; Xu F.; Yang J.; Du H.; Chen Y.; Cai J.; Yang Z. Development and clinical evaluation
of a rapid antibody lateral flow assay for the diagnosis of SARS-CoV-2 infection. BMC Infect. Dis 2021, 21(1), 1-9.

44. Alafeef M.; Dighe K.; Moitra P.; Pan D. Rapid, ultrasensitive, and quantitative detection of SARS-CoV-2 using antisense
oligonucleotides directed electrochemical biosensor chip. ACS Nano 2020, 14(12), 17028-45.

45. de Puig H.; Lee R.A.; Najjar D.; Tan X.; Soenksen L.R.; Angenent-Mari N.M.; Donghia N.M.; Weckman N.E.; Ory A.; Ng
C.F.; Nguyen P.Q. Minimally instrumented SHERLOCK (miSHERLOCK) for CRISPR-based point-of-care diagnosis of
SARS-CoV-2 and emerging variants. Sci. Adv 2021, 7(32), eabh2944.

46. Song Z.; MaY.; Chen M.; Ambrosi A.; Ding C.; Luo X. Electrochemical biosensor with enhanced antifouling capability for
COVID-19 nucleic acid detection in complex biological media. Anal. Chem 2021, 93(14), 5963-71.

47. SeoG.; Lee G.; Kim M.].; Baek S.H.; Choi M.; KuK.B; Lee C.S,; Jun S.; Park D.; Kim H.G.; Kim SJ. Rapid detection of COVID-
19 causative virus (SARS-CoV-2) in human nasopharyngeal swab specimens using field-effect transistor-based biosensor.
ACS Nano 2020, 14(4), 5135-42.

48. Tian],; Liang Z.; Hu O.; He Q.; Sun D.; Chen Z. An electrochemical dual-aptamer biosensor based on metal-organic frame-
works MIL-53 decorated with Au@ Pt nanoparticles and enzymes for detection of COVID-19 nucleocapsid protein. Electro-
chimica Acta 2021, 387, 138553.

49. Biyiiksiinetci Y.T.; Citil B.E.; Anik U. An impedimetric approach for COVID-19 detection. Analyst 2022, 147(1), 130-8.

50. Cady N.C,; Tokranova N.; Minor A.; Nikvand N.; Strle K.; Lee W.T.; Page W.; Guignon E.; Pilar A.; Gibson G.N. Multiplexed
detection and quantification of human antibody response to COVID-19 infection using a plasmon enhanced biosensor plat-
form. Biosens. Bioelectron 2021, 171, 112679.

51. Kim H.E,; Schuck A; Lee S.H.; Lee Y.; Kang M.; Kim Y.S. Sensitive electrochemical biosensor combined with isothermal
amplification for point-of-care COVID-19 tests. Biosens. Bioelectron 2021, 182, 113168.

52. Chan H.P.; Hadjiiski L.M.; Samala R.K. Computer-aided diagnosis in the era of deep learning. Med. Phys 2020, 47(5), e218-
27.

53. Kok J.N.; Boers E.J.; Kosters W.A.; Van der Putten P.; Poel M. Artificial intelligence: definition, trends, techniques, and
cases. Artif Intell 2009, 1, 270-99.

54. Zhou L.; Pan S.; Wang J.; Vasilakos AV. Machine learning on big data: Opportunities and challenges. Neurocomputing 2017,
237, 350-61.

55. Ahuja R,; Chug A.; Gupta S.; Ahuja P.; Kohli S. Classification and clustering algorithms of machine learning with their
applications. In Nature-inspired computation in data mining and machine learning 2020 (pp. 225-248). Springer, Cham.

56. Alzubi].; Nayyar A.; Kumar A. Machine learning from theory to algorithms: an overview. In Journal of physics: conference
series, Tashkent, Uzbekistan, Nov 1 2018; p. 012012.

57. Lillicrap T.P.; Santoro A. Backpropagation through time and the brain. Curr. Opin Neurobiol 2019, 55, 82-9.

58. Morales E.F.; Escalante H.]. A brief introduction to supervised, unsupervised, and reinforcement learning. In Biosignal
Processing and Classification Using Computational Learning and Intelligence, Jan 1st 2022; pp. 111-129. Academic Press.

59. Jiang T.; Gradus J.L.; Rosellini A.J. Supervised machine learning: a brief primer. Behav. Ther 2020, 51(5), 675-87.

60. Ying X. An overview of overfitting and its solutions. In Journal of physics: Conference series, Ningbo, China 1st Febuary,
2019; p. 022022.

61. Fatima M.; Pasha M. Survey of machine learning algorithms for disease diagnostic. J. Intell. Learn. Sys. Appl 2017, 9(01), 1-
9.


https://doi.org/10.20944/preprints202211.0531.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 November 2022 d0i:10.20944/preprints202211.0531.v1

20 of 21

62. Jordan M.L; Mitchell T.M. Machine learning: Trends, perspectives, and prospects. Sci 2015, 349(6245), 255-60.

63. Ding C.; He X. K-means clustering via principal component analysis. In Proceedings of the twenty-first international con-
ference on Machine learning, Alberta, Canada, July 4th, 2004; p. 29.

64. Eckhardt C.M.; Madjarova S.J.; Williams R.J.; Ollivier M.; Karlsson J.; Pareek A.; Nwachukwu BU. Unsupervised machine
learning methods and emerging applications in healthcare. Knee Surg. Sports Traumatol Arthroscopy 2022, 1-6.

65. Saxe A.; Nelli S.; Summerfield C. If deep learning is the answer, what is the question?. Nat. Rev Neurosci 2021, 22(1), 55-67.

66. O’Mahony N.; Campbell S.; Carvalho A.; Harapanahalli S.; Hernandez G.V.; Krpalkova L.; Riordan D.; Walsh J. Deep learn-
ing vs. traditional computer vision. In Science and information conference, Las Vegas NV, USA, Apr 25, 2019; pp. 128-144.

67. Pathak A.R.;; Pandey M.; Rautaray S. Application of deep learning for object detection. Procedia Comput Sci 2018, 132, 1-17.

68. Dhiyya AJ. Architecture of IoMT in Healthcare. Internet Med. Things Healthcare Transform 2022,161-72.

69. Doi K. Diagnostic imaging over the last 50 years: research and development in medical imaging science and technology.
Phys. Med. Biol 2006, 51(13), R5.

70. Iglehart J.K. The new era of medical imaging —progress and pitfalls. New Engl. ]. Med 2006, 354(26), 2822-8.

71. Raoof S.; Feigin D.; Sung A.; Raoof S.; Irugulpati L.; Rosenow III E.C. Interpretation of plain chest roentgenogram. Chest
2012, 141(2), 545-58.

72.  Calli E.; Sogancioglu E.; van Ginneken B.; van Leeuwen K.G.; Murphy K. Deep learning for chest X-ray analysis: A survey.
Med. Image Anal 2021, 72, 102125.

73. Gayathri].L.; Abraham B.; Sujarani M.S.; Nair M.S. A computer-aided diagnosis system for the classification of COVID-19
and non-COVID-19 pneumonia on chest X-ray images by integrating CNN with sparse autoencoder and feed forward
neural network. Comput. Biol. Med 2022, 141, 105134.

74. Nayak S.R.;; Nayak D.R.; Sinha U.; Arora V.; Pachori R.B. Application of deep learning techniques for detection of COVID-
19 cases using chest X-ray images: A comprehensive study. Biomed Signal Process Control 2021, 64, 102365.

75. Narin A,; Kaya C.; Pamuk Z. Automatic detection of coronavirus disease (covid-19) using x-ray images and deep convolu-
tional neural networks. Pattern Anal. Appl 2021, 24(3), 1207-20.

76. Naseer A.; Tamoor M.; Azhar A. Computer-aided COVID-19 diagnosis and a comparison of deep learners using aug-
mented CXRs. . X-Ray Sci. Tech 2022, 1-21.

77. Aziz S.; Khan M.U.; Rehman A.; Tariq Z.; Iqtidar K. Computer-aided diagnosis of COVID-19 disease from chest x-ray
images integrating deep feature extraction. Expert Syst 2022, 39(5), €12919.

78. Ouchicha C.; Ammor O.; Meknassi M. CVDNet: A novel deep learning architecture for detection of coronavirus (Covid-
19) from chest x-ray images. Chaos Solitons Fractals 2020, 140, 10245.

79. Shorfuzzaman M.; Masud M.; Alhumyani H.; Anand D.; Singh A. Artificial neural network-based deep learning model for
COVID-19 patient detection using X-ray chest images. J. Healthcare Eng 2021.

80. LiH.; Zeng N.; Wu P.; Clawson K. Cov-Net: A computer-aided diagnosis method for recognizing COVID-19 from chest X-
ray images via machine vision. Expert Sys Appl 2022, 207, 118029.

81. Hira S.; Bai A.; Hira S. An automatic approach based on CNN architecture to detect Covid-19 disease from chest X-ray
images. Appl Intel 2021, 51(5), 2864-89.

82. Syed H.H.; Khan M.A,; Tariq U.; Armghan A.; Alenezi F.; Khan J.A.; Rho S.; Kadry S.; Rajinikanth V. A rapid artificial
intelligence-based computer-aided diagnosis system for COVID-19 classification from CT images. Behav Neurol 2021.

83. Chaddad A.; Hassan L.; Desrosiers C. Deep CNN models for predicting COVID-19 in CT and x-ray images. | Med Imaging
2021, 8(S1), 014502.

84. Mishra N.K,; Singh P.; Joshi S.D. Automated detection of COVID-19 from CT scan using convolutional neural network.
Biocybern Biomed. Eng 2021, 41(2), 572-88.

85. Katar O.; Duman E. Deep Learning Based Covid-19 Detection With A Novel CT Images Dataset: EFSCH-19. Avrupa Bilim
ve Teknoloji Dergisi 2021, 150-5.

86. Kogilavani S.V.; Prabhu J.; Sandhiya R.; Kumar M.S.; Subramaniam U.; Karthick A.; Muhibbullah M.; Imam S.B. COVID-
19 detection based on lung CT scan using deep learning techniques. Comput. Math. Methods Med 2022.

87. Zhao W.; Jiang W.; Qiu X. Deep learning for COVID-19 detection based on CT images. Sci. Rep 2021, 11(1), 1-2.

88. Ko H.; Chung H.; Kang W.S.; Kim K.W.; Shin Y.; Kang S.J.; Lee ] H.; Kim Y.J.; Kim N.Y,; Jung H.; Lee ]. COVID-19 pneu-
monia diagnosis using a simple 2D deep learning framework with a single chest CT image: model development and vali-
dation. . Med. Internet Res 2020, 22(6), €19569.

89. Iskanderani A.I; Mehedi I.M.; Aljohani A.]J.; Shorfuzzaman M.; Akther F.; Palaniswamy T.; Latif S.A.; Latif A.; Alam A.
Artificial intelligence and medical internet of things framework for diagnosis of coronavirus suspected cases. | Healthcare
Eng 2021.

90. Kini A.S; Gopal Reddy A.N.; Kaur M.; Satheesh S.; Singh J.; Martinetz T.; Alshazly H. Ensemble deep learning and internet
of things-based automated COVID-19 diagnosis framework. Contrast Media Mol. Imaging 2022.

91. Le D.N,; Parvathy V.S,; Gupta D.; Khanna A.; Rodrigues ].J.; Shankar K. IoT enabled depthwise separable convolution
neural network with deep support vector machine for COVID-19 diagnosis and classification. Int ] Mach Learn Cybern 2021,
12(11), 3235-48.

92. Ahmed I; Ahmad A,; Jeon G. An IoT-based deep learning framework for early assessment of COVID-19. IEEE Internet
Things | 2020, 8(21), 15855-62.


https://doi.org/10.20944/preprints202211.0531.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 November 2022 d0i:10.20944/preprints202211.0531.v1

21 of 21

93. Rehman A.; Sadad T.; Saba T.; Hussain A.; Tariq U. Real-time diagnosis system of COVID-19 using X-ray images and deep
learning. Professional 2021, 23(4), 57-62.

94. Punitha S, Al-Turjman F, Stephan T. A novel e-healthcare diagnosing system for COVID-19 via whale optimization algo-
rithm. J. Exp. Theor. Artif. Intell 2022, 1-9.

95. Alzubaidi L.; Fadhel M.A.; Al-Shamma O.; Zhang J.; Santamaria J.; Duan Y.; R. Oleiwi S. Towards a better understanding
of transfer learning for medical imaging: a case study. Appl. Sci 2020, 10(13), 4523.

96. Kora P.; Ooi C.P.; Faust O.; Raghavendra U.; Gudigar A.; Chan W.Y.; Meenakshi K.; Swaraja K.; Plawiak P.; Acharya U.R.
Transfer learning techniques for medical image analysis: A review. Biocybern Biomed. Eng 2021.

97. Gavrilov A.D.; Jordache A.; Vasdani M.; Deng J. Preventing model overfitting and underfitting in convolutional neural
networks. Int. . Software Sci. Comput. Intell 2018, 10(4), 19-28.

98. Chlap P.; Min H.; Vandenberg N.; Dowling ]J.; Holloway L.; Haworth A. A review of medical image data augmentation
techniques for deep learning applications. J. Med. Imaging Radiol Oncol 2021, 65(5), 545-63.

99. Milyaev S.; Laptev I. Towards reliable object detection in noisy images. Pattern Recognit. Image Anal 2017, 27(4), 713-22.

100. Dong X.; Yu Z.; Cao W.; Shi Y.,; Ma Q. A survey on ensemble learning. Front. Comput. Sci 2020, 14(2), 241-58.


https://doi.org/10.20944/preprints202211.0531.v1

	1. Introduction
	1.2 Scope
	Figure 1. Clinical Manifestation of COVID-19
	3. Molecular Diagnosis of COVID-19
	4. Computer-aided Diagnosis and Internet of Medical Things (IoMT)
	5. Diagnostic Imaging
	6. Open Research Issue
	7. Conclusion
	References

