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Abstract: COVID-19, continually developing and raising increasingly significant issues, has impacted
human health and caused countless deaths. It is an infectious disease with a high incidence and
mortality rate. The spread of the disease is also a significant threat to human health, especially in
the developing world. This study suggests a method called shuffle shepherd optimization-based
generalized deep convolutional fuzzy network (SSO-GDCFN) to diagnose the COVID-19 disease
state, types, and recovered categories. The results show that the accuracy of the proposed method is
as high as 99.99%; similarly, precision is 99.98%; sensitivity/recall is 100%; specificity is 95%; kappa
is 0.965%; AUC is 0.88%; and MSE is less than 0.07% as well as 25 s. Moreover, the performance
of the suggested method has been confirmed by comparison of the simulation results from the
proposed approach with those from several traditional techniques. The experimental findings
demonstrate strong performance and high accuracy for categorizing COVID-19 stages with minimal
reclassifications over the conventional methods.

Keywords: biosensor; artificial intelligence; COVID-19; optimization; feature extraction; hyperparameter

1. Introduction

Numerous dangerous viruses with zoonotic characteristics that can spread from
animals to people make up the Coronaviridae family [1]. The risks and global issues
posed by SARS-CoV-2/COVID-19 have created chances to use cutting-edge techniques
for a healthy existence [2]. Due to its high contagiousness, this virus spreads more when
people come into physical contact with infected persons. A COVID-19 strain of concern
has been noted to be more contagious and more likely to result in breakouts or reinfections
in those who have received vaccinations or previous infections [3]. These variations are
more likely to result in serious illness, avoid detection by diagnostic tools, or resist antiviral
therapy. The COVID-19 subtypes designated as variants of concern are Omicron, Alpha,
Beta, Gamma, and Delta [4,5]. The rapid spread of these viral infections necessitated the
development of low-cost diagnostic, therapeutic, and control strategies [6]. The ongoing
challenges are the standard treatment of diseases in hospitals and the detection of epidemic
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infections in present clinicians [7]. Instead of sending samples to specialized research labs
for RT-PCR decoding and diagnosis, specimens are sent out for molecular testing that is
still not up to the quality of point-of-care (POC) diagnostics [8].

POC diagnostic kits that can operate without the aid of a technical expert and can
also be used with various specimen types are needed for diagnosing pathogenic viruses.
Scientists have created multiple technologies to detect infections in lab settings or use
biosensors [9]. Antigen-based and molecular-based approaches are two frequently used
methods. However, these methods have flaws, such as the time-consuming, careless
virus isolation from cell culture that requires a high biosafety level and specialized knowl-
edge [10]. Although the RT-PCR method requires a heat cycler and more advanced real-time
PCR instruments, it is more sensitive than the antigen-based approach. The sensor can
generate a wide range of data based on the inputs but the IoT bridges the gaps in equip-
ment by delivering data quickly via a logical system [11]. The gradual miniaturization of
electronic biosensors over the last few decades has allowed them to be incorporated into
wearable devices, enabling continuous monitoring of physiological data [12]. The current
study aims to evaluate the effects of different constant variants [13].

Artificial intelligence (AI) examines computer code for particular characteristics and
creates high-performing algorithms [14,15]. Healthcare approaches based on AI perform
better for broad-level diagnostics and control. The actual influence on the general health
state of the population is comprehended, and the focus is on evaluating diseases’ regional
variance, accessible healthcare technologies, and optimum preventive tactics [16,17]. De-
livering a precise, quick, and cost-efficient prognostic model is necessary to significantly
control the vaccine’s lack. Recently, disease diagnosis has benefited substantially from deep
learning and optimization techniques [18–20]. However, it has not obtained the desired out-
comes for COVID-19 variations. This is why a clever artificially intelligent-based strategy
is created for the COVID-19 diagnosis with the functioning of human body systems.

This research’s main contribution can be summarized as follows: First, gather the
COVID-19 data over a year using different datasets from innovative biosensor technologies.
These datasets include patient symptoms, body condition, COVID-19 kinds (Alpha, Beta,
Gamma, And Delta), and recovered cases. The purpose of the data preprocessing function
is to remove undesired noise and data. Then, optimal selection and feature extraction are
given using the principal component of African buffalo optimization (PCABO). Finally,
a shuffle shepherd optimization-based generalized deep convolutional fuzzy network
(SSO-GDCFN) is suggested to diagnose the COVID-19 disease state, types, and recovered
categories. The suggested generalized deep convolutional fuzzy network combines the
deep convolutional method with generalized approximation reasoning-based intelligent
control. Here, the SSO algorithm is used to improve the method’s parameters. The
MATLAB tool is used to carry out this research’s implementation. The effectiveness of the
suggested strategy has been confirmed by a comparison of the simulation results from the
proposed method with those from several traditional approaches.

The rest of this research article is articulated as follows. Section 2 explains the recent
literature related to this work. The proposed methodology is detailed in Section 3. The
result and performance comparative discussion is provided in Section 4. Finally, the article
terminates with the conclusion of Section 5.

2. Related Work

The following is a summary of a few recent papers connected to this research. For
creating a reliable sensor to detect COVID-19, Lim, Syazana Abdullah et al. [21] concen-
trated on the electrochemical performance of biosensors and AI technologies. However, the
appropriate validation is needed for the successful investigation in this field. It is becoming
clear that, to control the COVID-19 pandemic, the development of quick, focused, and
responsive diagnostic methods for the preliminary phase of the SARS-CoV-2 virus, protein
recognition is a critical response. These systems will produce the bioinformatics required
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for practical, innovative diagnostics, therapy optimization, and examination of therapies
with better sensitivity.

As the best option to handle the pandemic, Kaushik, Ajeet Kumar et al. [22] advocated
exploring the AI methodology by creating and constructing nanoenabled miniature electro-
chemical biosensors to recognize the SARS-CoV-2 virus at the location of the outbreak. An
AI-powered collaborative biosensing technique generates the insights needed for prelimi-
nary phase COVID-19 diagnosis, viral load relationship with pathogenesis, understanding
pandemic development, medication optimization, POC diagnoses, and disease monitoring
in a tailored manner.

Due to its superior qualities, Paladhi, Amogha G. et al. [23] employed graphene-based
electrochemical nano-biosensors. Fluorescence analysis is one of the exact methods of
detecting optical biosignals that aid in acquiring real-time data with great precision and
negligible fluctuations. Nevertheless, AI-assisted forecasts for the COVID-19 outbreak have
been determined to be wrong or unreliable due to abundant extreme examples and chaotic
social networks, enormous data arrogance, and algorithmic instability.

The difficulties with conventional technologies and recently developed biosensors are
the COVID-19 nanotechnology-based detection kit and wearable-equipped nano-biosensors.
Pradhan, Anchal et al. [24] discussed reverse transcription-loop-based mediated isothermal
amplification (RT-LAMP) biosensors and the less well-known, but essential, piezoelectric
nano-biosensor. However, effective performance metrics have not been used to confirm
prior predictions of other illnesses.

The relevance of AI in improving the features of IoMT and point-of-care (POC) equip-
ment used in sophisticated healthcare sectors, including cardiac monitoring, cancer de-
tection, and diabetes management, is discussed by Manickam, Pandiaraj et al. [25]. This
research also covers the technical and engineering difficulties and the potential of AI-based
cloud-integrated individualized IoMT devices for developing effective POC healthcare
systems appropriate for the future generation of intelligent healthcare.

Samples from COVID-19 patients are gathered and biomarkers were found utilizing
various sensors with measurable indicators by V. Hemamalini and others [26]. The chest
X-ray scans of the COVID-19 patients are then used to profile the interpolated data. An AI
model called multilayer perceptron (MLP) is used to find the biomarkers’ secret signatures.
Three parameters and a limit of detection are used, and the effectiveness of the biosensor is
evaluated by creating calibration plots that closely match the model.

Umar Ibrahim, Abdullahi et al. [27] used artificial intelligence-driven techniques to
investigate the 2019 new coronavirus pandemic, preceding epidemics, diagnostics, thera-
pies, and medication detection based on categorization and prediction. They also discussed
onsite and in-lab molecular testing utilizing CRISPR-based biosensing techniques. How-
ever, the drawbacks of laboratory methods and open-research problems in CRISPR-based
biomedical applications and AI for treating Coronaviruses are currently being discussed.
In addition, however, some biosensors need an amplification step, which lengthens the
processing time.

Wearable biosensors may be used to continually monitor a variety of physiological
markers for the early identification of COVID-19 clinical progression, according to research
by Wong, Chun Ka et al. [28]. A smartphone app termed Biovitals Sentinel will receive
physiological information in real time to identify minute physiological changes; this data
will be analyzed utilizing a cloud-based multivariate physiology automation tool. The time
it took to diagnose COVID-19 is the main result. However, the single-centeredness and
exploratory nature of the clinical experiment has its limitations. The summarization of the
literature review is detailed in Table 1.
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Table 1. The summarization of the literature review.

Reference Years Methodology Advantages Limitation

Lim, Syazana Abdullah et al. [21] 2020 Biosensor and AI Reliable sensors are used to detect the system Not proper performance validation is achieved

Kaushik, Ajeet Kumar et al. [22] 2020 Biosensing strategy powered by AI A detailed study is established for
the analysis

Lack of performance analysis such as accuracy and
other parameters

Paladhi, Amogha G. et al. [23] 2022 Electrochemical nano-biosensors and AI High robustness

Surplus extreme examples; disorderly social
networks; big data hubris; algorithmic instability;

and incorrect or untrustworthy are the
primary problems.

Pradhan, Anchal et al. [24] 2021 RT-LAMP An intelligent sensing approach is obtained. Effective performance metrics have not been used to
confirm prior predictions of other illnesses.

Manickam, Pandiaraj et al. [25] 2022 POC and AI An effective healthcare system is achieved for
a proper diagnosis. The computational burden is high.

V. Hemamalini et al. [26] 2022 MLP The efficacy of the biosensor is evaluated
and obtained. However, the training time is more.

Umar Ibrahim, Abdullahi et al. [27] 2021 CRISPR and AI A detailed study of challenges is investigated. Need an amplification step, and the processing time
is more.

Wong, Chun Ka et al. [28] 2020 Biovitals The early detection result is accurate. The single-centeredness and exploratory nature of
the clinical experiment
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3. Proposed Methodology

A powerful tool for using massive data models is AI-based diagnostics. In the pro-
posed study, the COVID-19 data are gathered and grouped according to their demographic
characteristics into categories of various variants. The biosensors used for the detection
include blood pressure, G-FET-based, electrochemical, and potentiometric sensors. Follow-
ing data preprocessing, the features are extracted using the PCABO method. To recognize
and identify the COVID-19 variations utilizing an SSO-GDCFN approach, the suggested
model also uses AI methods.

The Kaggle dataset’s multiclass probes are categorized into COVID-19 positive/negative
and other variations, including Alpha, Beta, Delta, and Omicron, using AI-based screening
to detect hidden characteristics during COVID-19 testing. Figure 1 depicts the suggested
model’s architecture. Both feature extraction and classification are employed in the two AI
steps. Finally, AI-based evaluation techniques offer superior outcomes in identifying the
many COVID-19 viral variants.
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Figure 1. Proposed model’s architecture.

3.1. Biosensor Technology

Biosensors are essential for understanding how molecules interact within the human
body. This sensor can provide different outputs with varying ion sensitivity depending
on the charge-transfer method. In this work, the COVID-19 samples are obtained using
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a variety of biosensors, including blood pressure sensors, G-FET-based sensors, electro-
chemical sensors, and potentiometric sensors, by determining an array of biomarkers [26].
Infection with COVID-19 is frequently brought on by hypertension. A flexible patch-like
device called a blood-pressure sensor uses ultrasonic pulses to detect blood pressure. In
the proposed study, G-FET-based sensors serve as a detection platform for COVID-19 spike
antibodies, and the sensor recognizes the target antigen protein. This sensor demonstrated
how the COVID-19 spike antibody could be more effectively synthesized than a graphene
sheet, resulting in more accurate specimen identification. The electrochemical biosensors’
enzymes start the process and boost electron transport to the electrode’s surface. The
reference electrode receives these electrical impulses, after which the output current is
measured. The applied voltage in the blood sample solution triggers the electrochemical
reaction. Finally, redox is output by potentiometry. The bioperception elements are coupled
into potentiometric sensors, where the electrodes identify the catalysts. The COVID-19
patients’ swabs are placed in the sensor plates, which serve as the analytic.

3.2. Dataset Details

Data is gathered daily from Our World and published to the data GitHub repository
for COVID-19. The data is about COVID-19 variations. The COVID-19 variations data
include where the variants information is supplied, the date of data input, the variant, and
the % of variants from the overall sequence number. Alpha, Beta, Gamma, Delta, Omicron
(BA.1, BA.2, BA.4, BA.5, BA.2.12.1, BA.2.75, BQ.1, and XBB), and recombinant others are
among the variants that were taken into consideration for validation.

3.3. Data PreProcessing

A valid data sheet was created as a first step based on the data’s accessibility. Con-
verting unstructured data into an understandable format increases the classifier’s efficacy.
After that, remove any extraneous or blank values from the current list. In this study’s
COVID-19 global variant dataset, many low or null values have been supplied using the
imputation method. The basic premise of the simple imputation strategy is to attribute the
mean of the expected data or the nominal characteristic with the most significant predicted
values instead of each missing value.

3.4. PCABO-Based Feature Extraction

The preprocessing work has already been completed to improve the features that are
extracted for classification in the future. We extract specific characteristics by combining
the principal component analysis with an African buffalo optimization. By integrating
the PCABO technique, the performance of effective-feature vector extraction is attained.
The algorithm may then be used to extract features from the raw data to prepare it for
SSO-GDCFN model training. In our investigation, combining these two techniques can
significantly influence the variables’ importance and extraction. By transforming an ex-
tensive collection of variables into a reduced one that still includes most of the data in the
more comprehensive set, the PCABO dimensionality-reduction approach is frequently used
to decrease the dimensionality of massive data sets. The technique reduces a data set’s
number of variables while retaining as much data as feasible. First, normalize the dataset
to ensure that all the continuous starting variables are equally important to the study. Then,
for each variable value, standardization is performed by deducting the mean and dividing
by the standard deviation using Appendix A. After standardization is complete, all the
variables are scaled to the same value. This stage aims to comprehend that each variable’s
departure from the mean relates to the various variables in the input data set. Since vari-
ables can occasionally be highly connected to the point where they include duplicated
data. We construct the covariance matrix to find these associations per Appendix A. To
identify the primary components of the data, we must calculate the linear algebra notions
of eigenvectors and eigenvalues from the covariance matrix, as explained in Appendix A.
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Select the principal component using African buffalo optimization (ABO) and develop
the feature vector. Then, initialize the algorithm parameter and eigenvalues in optimization.
The ABO is an innovative, naturally inspired algorithm that mainly works on three features
improved communication, memory capacity, and extraordinary intelligent performance,
and it is detailed in Appendix A. The recommended study’s objective is to gather more
valuable characteristics that are perfect for SSO-GDCFN input to boost accuracy.

3.5. SSO-GDCFN-Based Classification

The SSO-GDCFN combines optimization and hybridization of deep learning and a
fuzzy approach. The SSO algorithm optimizes the parameters of GDCFN. The architecture
of the proposed SSO-GDCFN method is illustrated in Figure 2.
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Figure 2. Proposed HO-GINFC predictive control methodology.

It comprises a stochastic action modifier, an optimal control system, and an action
state evaluation system. The feed-forward action state evaluation system of GARIC has
five tiers.

The optimal control system uses fuzzy inference Fc to translate a state vector into a
suggested action. The action–evaluation system maps a malfunction signal and controller
parameters into a scalar score representing the state’s quality. The probabilistic movement
enhancer uses both Fc and Ri to create an activity (F′c) performed in the cold thermal
storage-based air-conditioning system. In addition, this is utilized to provide internal
reinforcement Ri. The resultant state and a Boolean malfunction signal are delivered and
returned to the controller. The two networks’ basic parameters are tweaked to create
learning; the action–evaluation system changes the weights. The parameters representing
the fuzzy membership functions vary during the robust control. A detailed study of this
proposed methodology for COVID-19 variant classification is provided below:

(a) GDCFN approach:

The GDCFN approach is the improved neuro-fuzzy method. The deep convolutional
approach improves the neural network of this system. In the GDCFN process, three main
steps are categorized: deep action analysis, action chosen model, and probabilistic classi-
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fication enhancer. The deep convolutional system replaces the current action–evaluation
analysis.

Deep convolutional analysis: The input layer of the deep action analysis is initially
given the feature vector produced by the COVID-19 versions of the patients. Addition-
ally, convolutional filters are used to create feature maps. Layer-to-layer connections
between neurons are made possible by varying loads. The output estimation is detailed in
Appendix B. Furthermore, the batch normalization function is applied. This layer is set up
between the convolutional layer and the ReLU layer to improve the training properties of
the suggested classification model. Significant training is achieved in this layer by control-
ling the network’s gradients and activations. Finally, the nonparametric ReLU layer, free of
bias and weight, transmits the feature maps from the convolutional layers.

Furthermore, the max-pooling function is executed. The feature maps produced from
the convolutional layers in the max-pooling layer are downscaled to decrease the data and
the spatial size. By training the classifier, the proposed SSO strategy allows for the most
accurate evaluation of the deep convolutional analysis weights. The FC layer’s output
is regularized using the SoftMax activation function to process the classification layer
effectively. The deep evaluation estimation layer, which makes use of the possibilities
created by the SoftMax activation function to all the inputs to assign a class for each input
data, is the last layer of deep convolutional.

Action prediction system: This system selects a course of action based on the featured
state and an inference strategy based on fuzzy-control concepts. Each layer of the system,
which has five total layers, is responsible for a certain level of fuzzy inference. The input
layer, which is the top layer, comprises input parameters with actual values. They may
also be known as parameter estimations in linguistics. These nodes do no computations.
The node computation ζhigh(x) goes into layer two if one of the fuzzy words in layer 1
has a high potential, such as when big is one of the output permutations for x. The ‘if’
component of any rule that uses it will significantly impact the output, and there will only
be one input, explained in Appendix B. The spreads’ specification of length scales on each
side of the center makes asymmetry conceivable.

The distributions provide length levels on each side of the mean, allowing for asym-
metry, and the mean fa acts as a reference point. If required, further criteria are added in
Appendix B. The center and dispersion are thought of as weights on the input connections.
At layer 3, one rule must incorporate each of the mentioned conditions. A rule in the fuzzy
rules correlates to a node in layer 3. Every layer 2 node involved in the IF portion of the
rule sends data to it (Appendix B). The label that follows refers to a layer 4 node. It collects
comments for all rules that use this specific consequent label. This node chooses the specific
output action for each of the inputs KAi in accordance with the rule Ai, (Appendix B). Since
the pooling of subsequent labels is permitted, which is a distinguishing feature, a unit in
layer four can have several outputs expressing various values. Every rule must have a
corresponding feature action, giving it a degree that is then transferred to the next layer
(Appendix B).

Despite the numerous inputs, the outcome is adequate. Due to the obvious way that
the computation is done in the layer below, this adjustment is easy. Layer 5 will have
an equal number of nodes as output action variables. The recommendations from each
output node in the rule base are combined using the weighted sum shown below, where
the weights stand for the robustness of the fuzzy control rules.

Pc =
∑Ai=1 KAi β

−1(KAi )

∑Ai=1 KAi

(1)

where P is always formed if the antecedent label functions surround every dimension
of the input space. Layers 2 and 4’s input connections are the only ones with adjustable
weights. The remaining weights are maintained at one. This shows that the gradient
descent algorithm only employs two of the five layers of weights.
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Probabilistic Classification enhancer: This stochastically generates P′c an action, a
Gaussian random parameter with mean Pc and standard deviation σ

(
Âi(t + 1)

)
, using

the values from the previous iteration Âi and the step Pc suggested by the action control
function. This is a non-negative, uniformly degrading, actual function that is actually used
(for instance, the COVID-19-variant classification). This function exists σ() and evenly
degrades exp

(
Âi
)
. The COVID-19-variant classification system is really the one to which the

activity P′c is being applied. The probabilistic interruption of the suggested action enables
enhanced-condition structure exploration and generalization abilities. When Âi is low,
the magnitude of the deviation |P′c − Pc| is enormous, and when Âi is high, it is relatively
modest |P′c − Pc|. When the last step was successful, the controller adheres to the fuzzy
control principles; nevertheless, when the previous action failed, the controller deviates
significantly from the proposal in a random manner. The output variable’s measurements
and range of fluctuation should be considered while determining the function’s exact form
σ(), particularly its size and rate of reduction. Each sample interval’s signal indicates the
disturbance.

p(t) =
||P′c(t)− Pc(t)||

σ(Âi(t− 1))
(2)

This is merely the action control function’s normalized departure from the suggested
action. The control action will use this as a teaching tool. Finally, the output action achieved
the proper classification of the COVID-19 variants.

(b) SSO for hyperparameter:

To trust the animals’ innate instincts to choose the best path to pasture, shepherds
would put horses or any other animals together in a herd. For this purpose, the shepherd
leads the sheep toward the horses. This conduct led to the creation of the SSO. The
metaheuristic algorithm of SSO optimizes and enhances the learning parameter of the
GDCFN approach (Appendix C). The flowchart of the SSO algorithm is illustrated in
Figure 3.
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(b) SSO for hyperparameter: 

To trust the animals’ innate instincts to choose the best path to pasture, shepherds 
would put horses or any other animals together in a herd. For this purpose, the shepherd 
leads the sheep toward the horses. This conduct led to the creation of the SSO. The me-
taheuristic algorithm of SSO optimizes and enhances the learning parameter of the 
GDCFN approach (Appendix C). The flowchart of the SSO algorithm is illustrated in Fig-
ure 3. 
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4. Result and Discussion

The research cited in this section attests to the proposed method’s efficacy. The
numerical and restricting programming language MATLAB 2018 Rb, developed by Math
Works, implements the suggested approach. It operates on a Windows 7, 64-bit platform
with an Intel 5 CPU and 4 GB RAM. In this experiment, all prediction models are trained on
the training dataset, and their performance is evaluated on the testing dataset. The model
incorporated the best characteristics before training and testing the prediction.

4.1. Evaluation Measures

We used several assessment and error metrics to choose the model with the most
significant predictive power, including accuracy, precision, specificity, sensitivity/recall,
the area under the curve (AUC), kappa, ROC, and mean square error (MSE).

Accuracy: The most used performance metric for forecasts is accuracy. It is expressed
as a percentage and indicates the proportion of correctly predicted occurrences. The
predicted performance should be at or above 100% for better prediction results.

Accuracy =

→
T
→
P +

→
T
→
N

→
T
→
P +

→
T
→
N +

→
F
→
P +

→
F
→
N

(3)

where,
→
T
→
P is the number of correctly estimated variants and

→
T
→
N is the number of correctly

negative estimated variants.
Precision: It is used to determine the total number of COVID-19-variants affected

cases using the COVID-19 global dataset.

Precision =

→
T
→
P

⇀
T
→
P +

→
F
→
P

(4)

Sensitivity/Recall: After accounting for false-negative and accurate-positive results,
it is the proportion of positive samples.

Sensitivity/Recall =

→
T
→
P

→
F
→
N +

→
T
→
P

(5)

Specificity: It is the proportion of models that actually made positive findings to all
samples that produced positive results. Specificity is the proportion of true negatives to the
sum of true negatives and false positives. For specificity, 1.0 has the highest value, while
0.0 has the lowest.

Specificity =

→
T
→
N

→
F
→
P +

→
T
→
N

(6)

Kappa: It is possible to calculate Cohen’s kappa using the following formula:

k =
P(i)− P(e)

1− P(e)
(7)

where, P(e) denotes probability coincidence and P(i) is the actual observed matching.
Receiver Operating Characteristic (ROC): The percentage of true positives (sensitivity) vs.
the rate of false positives (100-specificity) at various cutoff values of a parameter is plotted
on an ROC curve. The sensitivity/specificity pair associated with each position on the ROC
curve corresponds to a specific decision threshold.

The Area under Curve (AUC): The AUC is one of the most often used metrics in the
setting of imbalanced class populations, which will be used to evaluate performance in
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this experiment phase. The AUC metric defined by a specific point on the ROC curve for a
binary issue is also known as balancing performance.

AUC =
(Sensitivity or Recall) + Specificity

2
(8)

Mean Squared Error (MSE): The MSE is a statistic used to assess how closely a fitted
line resembles the sample points or the total of the squared deviations between the actual
and predicted values.

MSE =
1
m

m

∑
i=Av ,P̂v

(
Av − P̂v

)2

(9)

where Av is the actual estimated variant, P̂v is the predicted variant, and m is the number
of global datasets.

4.2. Experimental Analysis

In the suggested paradigm, several biosensors are used to gather COVID-19 data
from people, which are then fed appropriately into the biosensing platforms to analyze the
bioperception components. Table 2 provides information on the biosensors employed in
the system. First, the biosensing elements are made with the extracted materials. Following
that, selected samples are chosen for additional diagnosis. Next, the detection limit is
calculated for the COVID-19 viral testing and verifying related to the different biosensors
and biosensing elements (Table 2). Finally, each sample is tested for the biosensors’ limit of
detection.

Table 2. Biomedical sensors for selected sample diagnosis.

Type of Biosensor Bio-Observation Element Extracted and Desired Specimen Range of Detection

Potentiometric Protein, Viral RNA Saliva Sputum, swab
(Anti-spike protein) 101 cfu mL−1

G-FET Antigen/Antibody IgM, IgG
(Antibody) 1 fg mL−1

Blood Pressure sensor Blood Pressure Sample of Blood 1 Pa

Electrochemical Molecular separation of viral RNA IgM, IgG
(Peak Protein) 10 µg mL−1

These COVID-19 datasets were divided into testing and training datasets using the
Kaggle dataset. Multiple types of COVID-19 variations are distinguished using the SSO-
GDCFN classification algorithm. The COVID-19 viruses impact numerous COVID-19
variations, including Alpha, Beta, Delta, and Omicron. Patients with COVID-19 variants
from various countries make up the dataset. Following sample synthesis, proposed AI
algorithms are used to assess the biosensors for the analytical techniques. In the beginning,
the target analysis is used to evaluate the selectivity and sensitivity of the sensors. Each
day, information from Our World was collected and released to the COVID-19 data kaggle
repository. The 100,417 COVID-19 samples are totally collected for examination. Consider
that the number of samples is x. The input sample images are preprocessed for removing
unwanted noise and errors. Moreover, 30% of those samples are utilized for testing,
while 70% are used for training. Consequently, PCABO is used to find COVID-19’s best
characteristics for each patient. The two-learning parameter value of ABO is 0.005. The
important features are given to the SSO-GDCFN algorithm for disease classification. The
experimental parameter detail for SSO-GDCFN is provided in Table 3.
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Table 3. Parameters of SSO-GDCFN.

Parameters Values

Optimizer SSO
Learning rate 0.001

Epoch size 26
Batch size 27
Dropout 0.5

Fuzzy rule 13
Linguistic labels 23

Since the proposed approach SSO-GDCFN classification enables numerous classifi-
cations, it is used to improve clinical trials for drugs. For instance, if the person has high
antispike protein as ≥200 IU/mL, antibody > 0–199 IU/mL, blood pressure > 1 Pa, and
peak protein >/= 0.80 U/mL. Then, the proposed SSO-GDCFN validates the features state
and classifies the COVID-19 variants as Delta. If the criteria are met, the classification
continues till the final iteration. Consequently, the COVID-19 samples were classified using
AI-based algorithms into the following categories: Alpha, Beta, Gamma, Delta, Omicron
(BA.1, BA.2, BA.4, BA.5, BA.2.12.1, BA.2.75, BQ.1, and XBB), and Recombinant Others.

The COVID-19 samples were classified using AI-based algorithms into the following
categories: Alpha, Beta, Gamma, Delta, and Omicron (BA.1, BA.2, BA.4, BA.5, BA.2.12.1,
BA.2.75, BQ.1, and XBB), and Recombinant Others.

4.3. Performance Comparative Analysis

In terms of accuracy, specificity, sensitivity/recall, precision, kappa, ROC, AUC, and
MSE, the investigational analysis of the proposed methods for the data analytics of COVID-
19 variants estimation outcomes is compared with the traditional methods such as MLP [26],
BOA + NN [29], CNN [30], and hybrid FS [31]. Ref. [26] proposed the MLP method with
biomedical sensor data for COVID-19 prediction. Ref. [28] introduced a neural network and
improved the performance by a butterfly optimization algorithm based on the biomedical
data for COVID-19 pattern estimation. The CNN model is studied by Ref. [29] for COVID-
19 disease estimation based on the X-ray image dataset. Furthermore, the hybrid fully
connected deep features with a forward-search algorithm and random-forest method are
introduced in ref. [30]. The proposed method’s performance in terms of the training and
testing accuracy is compared to that of traditional approaches in Figure 4. As demonstrated
in Figure 4a,b, which displays the results of the testing accuracy, all systems perform well
when utilizing an independent dataset for testing and in line with their performance during
the training phase.

The suggested technique was identified as the best optimized hybrid deep learning
method after a comparison of the performance of the five models, with a training per-
formance of 99.98% accuracy and overall testing accuracy of 99.95%. Thus, the training
accuracy of the suggested model was nearly 99.98%, which is extremely impressive. Since
a small amount of information is lost during the training period, our hybrid approach will
learn more quickly. The data are used to assess how effectively our model generalizes.
Our model has the most-significant test accuracy when compared to other models such
as MLP [26], BOA + NN [29], CNN [30], and hybrid FS [31]. We also use the SSO-GDCFN
method to alleviate the over-fitting problem. The training and testing loss achieved by the
proposed approach is compared to the traditional methods, as shown in Figure 5a,b.
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Figure 5. Comparison of the loss (a) training and (b) testing.

Lower training loss facilitates better classification by anticipating the relationship
between input and output labels. The training loss is calculated as a moving average of
all processed batches. Since the loss is more significant in the early training phase when it
declines quickly, the first batch of an epoch will have a significantly higher loss than the
prior one. The results of the training loss will not reflect the loss that occurred at the end of
the epoch but rather the average training loss that happened from the start to the end of the
period. Our model also performed well on the validation set, as seen by the recommended
model’s lower validation loss than other models. The proposed method consequences are
compared with the earlier MLP [26], BOA + NN [29], CNN [30], and hybrid FS [31] are
detailed in Figure 6a–e.
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Moreover, the accurate estimation of COVID-19 variants is analyzed by the accuracy
of the metric. The proposed method’s accurate results are compared with the existing
techniques that are illustrated 99.98% for a 10,000-sample size and 99.9% for a 2000 for less
sample size. This validation demonstrates that the accuracy values tend to decrease while
increasing the sample size.
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Furthermore, the proposed method’s precision-value results are compared with the
existing methods illustrated in Figure 6b. The analysis shows that the proposed method
has achieved higher precision, 99.9% for a 10,000-sample size and 99.2% for a 2000 for
less sample size. This validation demonstrates that while increasing the sample size, the
precision values tend to be less than the existing method; the proposed method’s precision
value is high. The specificity/sensitivity value of the proposed method is compared with
the current techniques, illustrated in Figure 6c,d. The sensitivity validation and recall
metrics values are always identical. The values show that the proposed method specificity
has achieved 95% for a 10,000-sample size and 97% for a 2000 for less sample size, along
with 100% for both higher and lower data sizes. This validation demonstrates that while
increasing the sample size, the precision values tend to be less compared to the existing
method; the proposed method’s sensitivity and specificity value is high. The proposed
strategy’s kappa value was determined as 0.965% for a sample size of 10,000 and 0.99% for
a sample size of 2000 data. This validation shows that the proposed method’s kappa value
is high, but the present methods tend to decrease when sample sizes are increased.

The 95% confidence interval of accuracy, sensitivity, and specificity on overall used
approaches are analyzed by Berkman, N.D.’s [32] study. For each of the COVID-19 datasets,
this study developed the receiver operating characteristic (ROC) curves that are shown
in Figure 7. The ROC curve of a test with perfect discrimination (no overlap between the
two distributions) passes through the upper left corner (100% specificity, 100% sensitivity).
Consequently, the test’s accuracy increases as the ROC curve approaches its top left corner.
The AUC value of the proposed approach is 0.98%, which is higher than the overall existing
methods. The proposed SSO-GDCFN model has an AUC of 0.98 (95% CI 0.95–1.0), while
the traditional approaches include MLP (0.92 [95% CI 0.1–0.92], BOA + NN (0.95 [95% CI
0.04–0.982], CNN (0.874 [95% CI 0.12–0.88]), and Hybrid FS (0.88 [95% CI 0.13–0.99]). The
Delong test showed that the conventional model had a significant difference (significantly
lower AUC) (p >0.05) when compared with the proposed technique (p < 0.05). The proposed
scheme had the best sensitivity (1.00) but the lowest specificity (0.95) in terms of analytic
metrics; other models provided the opposite findings, i.e., poor sensitivity (0.1–0.94) and
specificity (0.8–0.9).
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The MSE value of the proposed classification system and comparative analysis of MSE
metrics are shown in Figure 8. The result demonstrates that the proposed method has
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achieved many ways, including MLP [26], BOA + NN [29], CNN [30], and hybrid FS [31].
Comparing the suggested technique to the existing MLP (38 s), BOA + NN (the 40 s), CNN
(36 s), and hybrid FS (54 s) approaches, the processing time reduction is 26 s. Further,
Figure 9 demonstrates the comparative study of execution time for the proposed method
with other existing methods.
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4.4. Discussion

The human population’s COVID-19 continues to change, raising questions about the
validity of diagnostic tests created with an ancestral lineage in mind. A strain will not be
able to recognize new varieties. Previous research has shown no difference in the sensitivity
of several RDT tests between the Alpha, Beta, Gamma, and Delta and the ancestral strain.
However, Omicron has only been examined in few research studies. It is necessary to
employ AI techniques to assess the many COVID-19 variants based on biosensors since
such a pan-variant of sensitivity antigen test is essential for public health. The overall
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comparison of proposed methodology metrics over the existing method is detailed in
Table 4.

Table 4. Overall comparisons of proposed methodology metrics over the existing method.

Metrics MLP [26] BOA + NN [29] CNN [30] Hybrid FS [31] Proposed

Accuracy (%) 87 83 79 82 99.99
Precision (%) 86 81 78 80 99.98

Sensitivity/recall (%) 94 90 91 92 100
Specificity (%) 81 90 81.05 85 95

Kappa (%) 0.9 0.91 0.92 0.88 0.965
AUC (%) 0.82 0.75 0.86 0.91 0.98
MSE (%) 0.6 0.4 0.51 0.4 0.07

Computational time (s) 25 40 36 54 26

The findings demonstrate that the chosen SSO-GDCFN algorithm is compared to
conventional methods under various circumstances, including several COVID-19 versions.
When comparing the analysis results, the recommended SSO-GDCFN algorithm outper-
formed the current approaches regarding positive values for all metrics. Ref. [26] developed
the MLP method for multiclass classification using X-ray images to estimate the hidden
signatures. However, employing biosensors in this pandemic crisis is a considerable obsta-
cle due to the extensive testing, which includes several features to assess the biosensors’
sensitivity and specificity. Therefore, this makes the system of MLP in COVID-19-variants
classification complex and expensive. In Ref. [29], the BOA + NN method using CT images
is developed for the COVID-19 diagnosis. However, the training and test data in the used
datasets must be increased further to improve accuracy. Finally, in Ref. [30], the CNN
model is used to diagnose COVID-19 by X-ray images.

Given that the model was trained incrementally in this work utilizing a variety of
datasets, it was verified that CNN models need a sufficient amount of picture data for
effective and correct classification. Yet, they need powerful computers and extensive
training. In ref. [31], the author developed a hybrid FS method for ECG records-based
COVID-19 disease detection. The provided tool might eliminate the drawbacks of PCR
tests, antigen tests, and chest imaging methods. Yet, the class imbalance issues should be
handled more effectively.

In comparison to standard MLP [26], BOA + NN [29], CNN [30], and hybrid FS [31]
models, which have an accuracy of 87%, 83%, 79%, and 82% correspondingly, the cho-
sen scheme has a more significant accuracy (99.8%). Furthermore, it is discovered that
for all diagnoses, the created model’s sensitivity, specificity, accuracy, and kappa are
higher than the present model’s. The accuracy of the analysis process is used to assess
each method’s effectiveness. Comparing the suggested technique to the current methods
MLP [26], BOA + NN [29], CNN [30], and hybrid FS [31], it shows that the new approach
has provided good performance metrics for COVID-19-variant classification. The proposed
investigation used the SSO-GDCFN method with biosensors for intelligent COVID-19
diagnosis. The proposed method has high specificity and sensitivity. In addition, reagent
use for calibration is minimal, making the system reaction time rapid. This innovative
biosensors’ capacity to detect the target the viral antigen with different variants quickly,
in real time, in remote areas, and with great sensitivity can eventually lead to an early
diagnosis of COVID-19. Further, this is used for the random modified COVID-19 variants
due to the usage of significant feature sensing by biosensors. In comparison to the existing
technique, the proposed algorithm has produced good results with a low time complexity.

5. Conclusions

The COVID-19 epidemic is still spreading worldwide and has not yet been halted.
At the same time, research into better ways to stop the spread is underway. The primary
purpose of biomedical sensors is to increase the sensitivity of objective analyses with
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biomedical equipment. The suggested model uses three different kinds of biosensors,
including potentiometric, blood pressure, G-FET-based, and electrochemical sensors. This
article gathered and examined studies on the recently identified COVID-19 virus types,
which are highly contagious and rapidly mutate. The SSO-GDCFN classifier finds the
COVID-19 variants’ confidential data when categorizing viruses. For determining the
phases of COVID-19-infected individuals, the likelihood has been examined from the
feature set. The results show that the accuracy of the proposed approach is as high as
99.99%. In addition, precision is 99.98%, sensitivity/recall is 100%, specificity is 95%, kappa
is 0.965%, AUC is 0.98%, and less MSE is 0.07%, as well as 25 s. The experimental findings
demonstrate strong performance and high accuracy for categorizing COVID-19 stages with
minimal reclassifications over the traditional methods. In the future, a detailed study of
each virus variant will be studied using this improved classification algorithm.
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Appendix A

For each variable value, standardization is performed by deducting the mean as well
as dividing by the standard deviation using Equation (A1),

x =
V −m

σ
(A1)

where V is the value, m is the mean, and σ is the standard deviation.
The covariance matrix, which includes entries for all potential pairings of the starting

variables, is an n × n symmetric matrix.

H = Cov{x} = E
{
(x− β)(x− β)T

}
(A2)

Estimate the eigenvalue ηi and the eigenvector E1, E2, . . . . . . . . . Eni and the value for G
covariance is j = 1, 2, 3 . . . n. The descending function is used to sort the eigenvalues using
Equation (A3),

|η I − H| = 0 (A3)

Randomly initialize the buffaloes to the n. The finest fitness value of buffalo is updated
by Equation (A4),

ei+1 = ei + l p̂1(bh.max − vi) + l p̂2(b′h.max − vi) (A4)

where ei and vi are the exploitation and exploration of the ith buffalo (i = 1, 2 . . . ..n), the
two learning parameters are represented as l p̂1 and l p̂2, respectively. The best fitness
value from the group is defined as bh.max and the best fitness value from the individual is
presented as b′h.max. The location of group and individual eigenvalues are expressed using
Equation (A5),

vi+1 =
(vi + ei)

±0.5
(A5)

https://www.kaggle.com/datasets
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If the criteria are met, then the optimal eigenvalue is obtained otherwise; repeat the
process for iteration. Three primary components make up Equation (A5), including the
memory section ei+1, which shows that the eigenvalues are knowledgeable that they have
moved from their original places ei to new ones. This demonstrates their vast memory, a
critical component of their nomadic existence. The second section represents the species’
ability to work together l p̂1(bh.max − vi). The herds can follow the location of the top eigen-
value in each iteration because they have exceptional communication skills l p̂2(b′h.max − vi).
The final term highlights the remarkable intellect of these creatures in this equation. They
can compare their current position to their prior greatest productive location. As a result,
they are more equipped to make judgments about their quest for answers. Equation (A5)
moves the buffaloes to a different place in response to the effects of Equation (A4). To pick
which primary components to preserve, create a feature vector using Equation (A6),

fi = ∑a
n|Eni| (A6)

where ith entry of En, i = 1, 2, 3 . . . ..a, n = 1, 2, 3 . . . ..a is denoted as Eni and the absolute
value of evj is represented as |Eni|. The fi is sorted as the descending order function.

Appendix B

Deep convolutional analysis: The output of these layers is stated mathematically as,(
st+1

)
=
(
st)+ ∑n

i=0 ∑n
h=p(wi) ∗ (bi) (A7)

where ∗ denotes the convolutional operator and
(
st+1) represents the convolutional layer’s

fixed-feature map. Assume that the suggested SSO method is adjusted to provide the bias
(bi) and (wi) weights of the convolutional layers that are best.

Based on the feature map of the convolutional layer, the fully connected layer generates
the final output as follows:

c = α
(

st+1
)

with
(

st+1
)
=
(
st)+ ∑n

i=0 ∑n
h=p(wi) ∗ (bi) (A8)

Action prediction system: The function is expressed using Equation (A9),

ζ fa ,dla ,dra(x) (A9)

where, fa, dla, dra denotes the center, left, and right spreads of the label’s fuzzy membership
values, respectively, and a signifies a value in linguistics (e.g., medium error, high error,
low error, etc.).

Here is an illustration:
ζ(x) =

1

1 +
∣∣∣ x− f

d

∣∣∣z (A10)

The control of the curvature mechanism is z where d = dla, or dra, hence x < f or
x ≥ f . Next, Equation (A11) is used to do the triangular MF,

ζ f ,dl ,dr (x) =


1− |x− f |/dr

1− |x− f |/dl

0

i ∈ [ f , f + dr ]
i ∈

[
f − dl , f

]
otherwise

(A11)

The node carries out the min operation, which we softened to the matching continuous,
separate softmin action.

KAi =
∑i ζie−hζi

∑i e−hζi
(A12)
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The symbol ζi indicates the level of compatibility between a fuzzy label that appears
as a single occurrence of a rule forebear Ai and the relevant input parameter. This soft-
min approach KAi produces the degree of rule application. Since the parameter h→ ∞
determines how smooth the softmin operation is, when we change h to it, we restore the
usual min operator. However, for finite h, the inputs in this instance gain a differentiable
component, making computing gradients throughout the learning process much more
manageable.

This mapping is stated in the following way:

ζ−1
f ,dl ,dr

(KAi ) (A13)

where f , dl , dr denotes the label’s fuzzy membership values.
Results of the local mean-of-maximum for triangular functions

ζ−1
f a,dl a,dra(KAi ) =

(
fa +

1
2
(dra − dla)

)(
∑
Ai

KAi

)
− 1

2
(dra − dla)

(
∑
Ai

K2
Ai

)
(A14)

Depending on the number of inputs, a polynomial ζ−1(x) in x usually only requires
one output.

Appendix C

The mathematical model uses a randomly selected beginning-population parameter
in the solution space to initiate SSO:

H0
a,b = Hmin + rand× (Hmax − Hmin); a = 1, 2, . . . , u and b = 1, 2, . . . , v (A15)

where Hmin and Hmax are the parameters of the model’s minimum and maximum, respec-
tively; rand is a random variable generated between 0 and 1 for each constituent; v is the
number of people in each group; and u is the total number of groups. This method uses
Equation (A16) to determine the community’s total population.

vHp = u× v (A16)

According to their goal functions, the first u members of each population are inserted
at random into the first column of the multicommunity conditions Equation (A17) in this
parameter tuning operation. The subsequent u members are chosen in a manner identical
to the first stage, and they are positioned arbitrarily in the section to create the second
column of the multi-community parameter. This process is performed several v times to
build the multicommunity matrix as follows:

Hp =



H1,1 H1,2 · · · H1,v · · · H1,v
H2,1 H2,2 · · · H2,v · · · H2,v

...
...

...
...

...
...

Ha,1 Ha,2 Ha,b Ha,v
...

...
...

...
...

...
Hu,1 Hu,2 · · · H u, b · · · Hu,v


(A17)

It is significant to notice that each row of the multicommunity parameter reflects a
group’s members, with the top column of the multicommunity parameter reflecting the
best members of each group. In addition, the individuals in the last segment represent the
group’s weakest variable. Each group member receives a unique step size based on two
characteristics. The first variable Dworst

a,b shows the ability to go further into the problem
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space. The second variable Dbest
a,b indicates the capacity to look around previously visited

probable solution space regions. The step sizes of mathematical expression are as follows:

Da,b = Dworst
a,b + Dbest

a,b . a = 1, 2, . . . , u and b = 1, 2, . . . , v (A18)

Estimating the worst and best function of step size for parameter tuning is possible
using Equation (A17).

Dworst
a,b = κ × rand1 × (Ha,worst − Ha,best) (A19)

Dbest
a,b = λ× rand2 × (Ha,best − Ha,b) (A20)

For the value of the objective function, Ha,best and Ha,worst are the better and worse
parameters, whereas Ha,b, rand1 and rand2 are random parameters with each component
formed between 0 and 1. It is important to note that the community’s initial parameter lacks
a superior affiliate. Therefore, Dbest

a,1 is equal to 0. Due to the uth group’s final parameters,
Ha,v does not have a parameter that is worse than it. Hence, it is also zero. Additionally, κ
and λ are the factors that affect exploitation and exploration, respectively. These variables’
definitions are as follows:

κ = κ0 + (κmax − κ0)× t (A21)

λ = λ0 − λ0 × t; t =
Iteration rate

Total value of iteration
(A22)

There will be t increases and κ drops as the number of iterations rises λ. As a result,
exploitation advances faster than the exploration. The new parameter of Hu,v is calculated
using Equation (A23), per the preceding step. The parameter is then to be adjusted if it Hu,v
is not worse than its initial objective function rate:

Hnew u,v = Hu,v + Du,v (A23)

After a maximum number of iterations, the optimization process is finished. If not, it
returns to the first step and repeats the process.

References
1. Prime, H.; Wade, M.; Browne, D.T. Risk and resilience in family well-being during the COVID-19 pandemic. Am. Psychol. 2020,

75, 631–643. [CrossRef] [PubMed]
2. Mehta, N.S.; Mytton, O.T.; Mullins, E.W.; Fowler, T.A.; Falconer, C.L.; Murphy, O.B.; Langenberg, C.; Jayatunga, W.J.P.; Eddy,

D.H.; Nguyen-Van-Tam, J.S. SARS-CoV-2 (COVID-19): What do we know about children? A systematic review. Clin. Infect. Dis.
2020, 71, 2469–2479. [CrossRef] [PubMed]

3. Wu, C.-I.; Postema, P.G.; Arbelo, E.; Behr, E.R.; Bezzina, C.R.; Napolitano, C.; Robyns, T.; Probst, V.; Schulze-Bahr, E.; Remme, C.A.;
et al. SARS-CoV-2, COVID-19, and inherited arrhythmia syndromes. Heart Rhythm. 2020, 17, 1456–1462. [CrossRef] [PubMed]

4. Nasreen, S.; Chung, H.; He, S.; Brown, K.A.; Gubbay, J.B.; Buchan, S.A.; Fell, D.B.; Austin, P.C.; Schwartz, K.L.; Sundaram, M.E.
Effectiveness of COVID-19 vaccines against symptomatic SARS-CoV-2 infection and severe outcomes with variants of concern in
Ontario. Nat. Microbiol. 2022, 7, 379–385. [CrossRef]

5. Chen, Z.; Zhang, Y.; Wang, M.; Islam, S.; Liao, P.; Hu, Y.; Chen, X. Humoral and Cellular Immune Responses of COVID-19
vaccines against SARS-Cov-2 Omicron variant: A systemic review. Int. J. Biol. Sci. 2022, 18, 4629–4641. [CrossRef]

6. Mostafa, M.; Barhoum, A.; Sehit, E.; Gewaid, H.; Mostafa, E.; Omran, M.M.; Abdalla, M.S.; Abdel-Haleem, F.M.; Altintas, Z.;
Forster, R.J. Current trends in COVID-19 diagnosis and its new variants in physiological fluids: Surface antigens, antibodies,
nucleic acids, and RNA sequencing. TrAC Trends Anal. Chem. 2022, 157, 116750. [CrossRef]

7. Weishampel, Z.A.; Young, J.; Fischl, M.; Fischer, R.J.; Donkor, I.O.; Riopelle, J.C.; Schulz, J.E.; Port, J.R.; Saturday, T.A.; van
Doremalen, N. OraSure InteliSwab™ Rapid Antigen Test Performance with the SARS-CoV-2 Variants of Concern—Alpha, Beta,
Gamma, Delta, and Omicron. Viruses 2022, 14, 543. [CrossRef]

8. Lim, J.; Stavins, R.; Kindratenko, V.; Baek, J.; Wang, L.; White, K.; Kumar, J.; Valera, E.; King, W.P.; Bashir, R. Microfluidic
point-of-care device for detection of early strains and B. 1.1. 7 variant of SARS-CoV-2 virus. Lab A Chip 2022, 22, 1297–1309.
[CrossRef]

https://doi.org/10.1037/amp0000660
https://www.ncbi.nlm.nih.gov/pubmed/32437181
https://doi.org/10.1093/cid/ciaa556
https://www.ncbi.nlm.nih.gov/pubmed/32392337
https://doi.org/10.1016/j.hrthm.2020.03.024
https://www.ncbi.nlm.nih.gov/pubmed/32244059
https://doi.org/10.1038/s41564-021-01053-0
https://doi.org/10.7150/ijbs.73583
https://doi.org/10.1016/j.trac.2022.116750
https://doi.org/10.3390/v14030543
https://doi.org/10.1039/D2LC00021K


Diagnostics 2023, 13, 1886 22 of 23

9. Zamzami, M.A.; Rabbani, G.; Ahmad, A.; Basalah, A.A.; Al-Sabban, W.H.; Ahn, S.N.; Choudhry, H. Carbon nanotube field-effect
transistor (CNT-FET)-based biosensor for rapid detection of SARS-CoV-2 (COVID-19) surface spike protein S1. Bioelectrochemistry
2022, 143, 107982. [CrossRef]

10. Hwang, C.; Park, N.; Kim, E.S.; Kim, M.; Kim, S.D.; Park, S.; Kim, N.Y.; Kim, J.H. Ultra-fast and recyclable DNA biosensor for
point-of-care detection of SARS-CoV-2 (COVID-19). Biosens. Bioelectron. 2021, 185, 113177. [CrossRef]

11. Chen, P.H.; Huang, C.C.; Wu, C.C.; Chen, P.H.; Tripathi, A.; Wang, Y.L. Saliva-based COVID-19 detection: A rapid antigen test of
SARS-CoV-2 nucleocapsid protein using an electrical-double-layer gated field-effect transistor-based biosensing system. Sens.
Actuators B Chem. 2022, 357, 131415. [CrossRef]

12. Abdullah; Rasheed, A.; Younis, A.; Khan, M.A. Wearable Piezoelectric BioMEMS-based Sensor for SARS-CoV-2 (COVID-19) Virus
Droplets Detection. In Proceedings of the 2021 IEEE 15th International Conference on Nano/Molecular Medicine & Engineering
(NANOMED), Taipei, Taiwan, 15–17 November 2021.

13. Lukas, H.; Xu, C.; Yu, Y.; Gao, W. Emerging telemedicine tools for remote COVID-19 diagnosis, monitoring, and management.
ACS Nano 2020, 14, 16180–16193. [CrossRef] [PubMed]

14. Kavitha, M.; Jayasankar, T.; Venkatesh, P.M.; Mani, G.; Bharatiraja, C.; Twala, B. COVID-19 disease diagnosis using smart deep
learning techniques. J. Appl. Sci. Eng. 2021, 24, 271–277.

15. Gill, A.; Nate, Z.; Chauhan, R.; Faya, M.; Karpoormath, R.; Omolo, C.A. Nanobioengineering: A promising approach for early
detection of COVID-19. In Sensing Tools and Techniques for COVID-19; Elsevier: Amsterdam, The Netherlands, 2022; pp. 151–193.
[CrossRef]

16. 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, 1581–1587. [CrossRef]

17. Basir; Talha, M.; Abbas, S.R. Applications of digital and smart technologies to control SARS-CoV-2 transmission, rapid diagnosis,
and monitoring. In Biotechnology in Healthcare; Academic Press: Cambridge, MA, USA, 2022; pp. 259–271.

18. Attallah, O.; Samir, A. A wavelet-based deep learning pipeline for efficient COVID-19 diagnosis via CT slices. Appl. Soft Comput.
2022, 128, 109401. [CrossRef]

19. Das, D.; Biswas, S.K.; Bandyopadhyay, S. Perspective of AI system for COVID-19 detection using chest images: A review.
Multimedia Tools Appl. 2022, 81, 21471–21501. [CrossRef] [PubMed]

20. Fusco, R.; Grassi, R.; Granata, V.; Setola, S.V.; Grassi, F.; Cozzi, D.; Pecori, B.; Izzo, F.; Petrillo, A. Artificial Intelligence and
COVID-19 Using Chest CT Scan and Chest X-ray Images: Machine Learning and Deep Learning Approaches for Diagnosis and
Treatment. J. Pers. Med. 2021, 11, 993. [CrossRef]

21. Lim, S.A.; Lim, T.H.; Ahmad, A.N. The Applications of Biosensing and Artificial Intelligence Technologies for Rapid Detec-
tion and Diagnosis of COVID-19 in Remote Setting. In Diagnostic Strategies for COVID-19 and Other Coronaviruses; Springer:
Berlin/Heidelberg, Germany, 2020; pp. 109–134. [CrossRef]

22. Kaushik, A.K.; Dhau, J.S.; Gohel, H.; Mishra, Y.K.; Kateb, B.; Kim, N.Y.; Goswami, D.Y. Electrochemical SARS-CoV-2 sensing at
point-of-care and artificial intelligence for intelligent COVID-19 management. ACS Appl. Bio Mater. 2020, 3, 7306–7325. [CrossRef]
[PubMed]

23. Paladhi, A.G.; Manohar, M.; Pal, K.; Vallinayagam, S.; Packirisamy, A.S.B.; Bashreer, V.A.; Nandhini, R.S.; Ukhurebor, K.E. Novel
electrochemical biosensor key significance of smart intelligence (IoMT & IoHT) of COVID-19 virus control management. Process.
Biochem. 2022, 122, 105–109. [CrossRef]

24. Pradhan, A.; Lahare, P.; Sinha, P.; Singh, N.; Gupta, B.; Kuca, K.; Ghosh, K.K.; Krejcar, O. Biosensors as Nano-Analytical Tools for
COVID-19 Detection. Sensors 2021, 21, 7823. [CrossRef]

25. Manickam, P.; Mariappan, S.A.; Murugesan, S.M.; Hansda, S.; Kaushik, A.; Shinde, R.; Thipperudraswamy, S.P. Artificial
Intelligence (AI) and Internet of Medical Things (IoMT) Assisted Biomedical Systems for Intelligent Healthcare. Biosensors 2022,
12, 562. [CrossRef]

26. Hemamalini, V.; Anand, L.; Nachiyappan, S.; Geeitha, S.; Motupalli, V.R.; Kumar, R.; Ahilan, A.; Rajesh, M. Integrating bio medical
sensors in detecting hidden signatures of COVID-19 with Artificial intelligence. Measurement 2022, 194, 111054. [CrossRef]
[PubMed]

27. Umar Ibrahim, A.; Pwavodi, P.C.; Ozsoz, M.; Al-Turjman, F.; Galaya, T.; Agbo, J.J. Crispr biosensing and Ai driven tools for
detection and prediction of COVID-19. J. Exp. Theor. Artif. Intell. 2021, 35, 489–505. [CrossRef]

28. Wong, C.K.; Ho, D.T.Y.; Tam, A.R.; Zhou, M.; Lau, Y.M.; Tang, M.O.Y.; Tong, R.C.F.; Rajput, K.S.; Chen, G.; Chan, S.C.; et al.
Artificial intelligence mobile health platform for early detection of COVID-19 in quarantine subjects using a wearable biosensor:
Protocol for a randomised controlled trial. BMJ Open 2020, 10, e038555. [CrossRef]

29. Elhoseny, M.; Tarek, Z.; El-Hasnony, I.M. Advanced Cognitive Algorithm for Biomedical Data Processing: COVID-19 Pattern
Recognition as a Case Study. J. Healthc. Eng. 2022, 2022, 1773259. [CrossRef] [PubMed]

30. Reshi, A.A.; Rustam, F.; Mehmood, A.; Alhossan, A.; Alrabiah, Z.; Ahmad, A.; Alsuwailem, H.; Choi, G.S. An Efficient CNN
Model for COVID-19 Disease Detection Based on X-Ray Image Classification. Complexity 2021, 2021, 6621607. [CrossRef]

https://doi.org/10.1016/j.bioelechem.2021.107982
https://doi.org/10.1016/j.bios.2021.113177
https://doi.org/10.1016/j.snb.2022.131415
https://doi.org/10.1021/acsnano.0c08494
https://www.ncbi.nlm.nih.gov/pubmed/33314910
https://doi.org/10.1016/b978-0-323-90280-9.00004-3
https://doi.org/10.7150/ijbs.58855
https://doi.org/10.1016/j.asoc.2022.109401
https://doi.org/10.1007/s11042-022-11913-4
https://www.ncbi.nlm.nih.gov/pubmed/35310889
https://doi.org/10.3390/jpm11100993
https://doi.org/10.1007/978-981-15-6006-4_6
https://doi.org/10.1021/acsabm.0c01004
https://www.ncbi.nlm.nih.gov/pubmed/35019473
https://doi.org/10.1016/j.procbio.2022.09.023
https://doi.org/10.3390/s21237823
https://doi.org/10.3390/bios12080562
https://doi.org/10.1016/j.measurement.2022.111054
https://www.ncbi.nlm.nih.gov/pubmed/35368881
https://doi.org/10.1080/0952813X.2021.1952652
https://doi.org/10.1136/bmjopen-2020-038555
https://doi.org/10.1155/2022/1773259
https://www.ncbi.nlm.nih.gov/pubmed/35360478
https://doi.org/10.1155/2021/6621607


Diagnostics 2023, 13, 1886 23 of 23

31. Attallah, O. An Intelligent ECG-Based Tool for Diagnosing COVID-19 via Ensemble Deep Learning Techniques. Biosensors 2022,
12, 299. [CrossRef]

32. Berkman, N.D.; Wallace, I.; Watson, L.; Coyne-Beasley, T.; Cullen, K.; Wood, C.; Lohr, K.N. Screening for Speech and Language
Delays and Disorders in Children Age 5 Years or Younger: A Systematic Review for the U.S. Preventive Services Task Force; Agency for
Healthcare Research and Quality (US): Rockville, MD, USA, 2015.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/bios12050299

	Introduction 
	Related Work 
	Proposed Methodology 
	Biosensor Technology 
	Dataset Details 
	Data PreProcessing 
	PCABO-Based Feature Extraction 
	SSO-GDCFN-Based Classification 

	Result and Discussion 
	Evaluation Measures 
	Experimental Analysis 
	Performance Comparative Analysis 
	Discussion 

	Conclusions 
	Appendix A
	Appendix B
	Appendix C
	References

