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ABSTRACT

Since its emergence in late 2019, COVID-19 (Coronavirus Disease 2019) has become one of the most
critical global health threats, claiming millions of lives and placing many more at serious risk. The
complexity of diagnosing COVID-19 lies in the wide range of clinical and examination features involved,
prompting researchers to explore various advanced diagnostic methods. However, one of the main
challenges is identifying the most relevant features that can streamline and improve diagnostic accuracy.
In this study, we propose a feature selection approach based on the Whale Optimization Algorithm
(WOA) to identify key examination indicators associated with COVID-19. We used a dataset of 78
patients that included 25 features, covering demographics, symptoms, vital signs, laboratory findings,
and chronic health conditions. The WOA was applied as a single-objective optimization technique to
select the most informative features. These selected features were then used with the K-Nearest
Neighbors (KNN) algorithm to classify patients into three categories of severity: mild, moderate, and
severe. To evaluate the effectiveness of WOA, we compared it against six other well-established
metaheuristic algorithms: Particle Swarm Optimization (PSO), Multi-Verse Optimizer (MVO), Grey
Wolf Optimizer (GWO), Moth-Flame Optimization (MFO), Firefly Algorithm (FFA), and the BAT
algorithm. Results showed that WOA successfully reduced the feature set from 25 to just 6 key features
while achieving a high classification accuracy of 92.5%. It also demonstrated strong robustness, as
reflected in its low standard deviation compared to other methods. Overall, the proposed WOA-COVID-
19 framework proved to be a highly effective and efficient solution for feature selection in the context of
COVID-19 diagnosis.

1 INTRODUCTION

The widespread adoption of computer and internet technologies has led to the generation of vast amounts of data with
several characteristics. Extracting valuable information from large datasets is essential in data mining. Choosing pertinent
and beneficial characteristics may greatly impact many applications including text mining, image processing,
Bioinformatics [1], and industrial applications[2]. The Internet of Things (IoT) is an advanced technology where physical
devices containing sensors are interconnected over a network to share data[3]. Challenges in IoT applications involve the
collection and processing of large volumes of data obtained from IoT sensors. Another obstacle is the presence of
superfluous, inconsequential, and disruptive features. One way to address these difficulties is to employ feature selection
to choose the best subset of characteristics [4] . Making predictions using train data and relevant attributes is one of the
main objectives of data modeling and classification. For machine learning applications, large datasets with a high
dimensional features space and a comparatively small number of samples are essential. One of the most important methods
for getting rid of characteristics that are redundant and unnecessary from the original feature collection is dimensionality
reduction [5].

The search strategy and sub-set quality evaluation are two major elements in the feature selection process, according to the
feature selection system. The search approach employs a first-stage feature subgroup selection mechanism. The following
stage involves employing a classifier to evaluate the subset's quality as indicated by the search strategy module. However,
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there are three categories of feature selection strategies: methods based on filters, wrappers, and embedded systems.
Traditional approaches relying on exhaustive search for huge data sets are insufficient and time-consuming, leading to
limits in identifying the optimal collection of characteristics. For instance, when the feature size is d, selecting the necessary
subset of features among 2d options might be challenging. The FS Wrapper approach relies on an internal categorization
to pinpoint a more pertinent subset of characteristics, which can significantly affect its performance, especially when
dealing with large datasets. Strategies exist for moving both backward and forward to include or remove features that do
not align with a wider set of standards. Metaheuristic algorithms(MA) enhance the efficiency of FS processes based on
these challenges[6].

Various approaches have been suggested to address the FS issue. The aforementioned methodologies may be categorized
into three distinct types: First, filter methods which are used to determine the association between the characteristics,
metrics, and output variable where a statistical procedure is applied here. The appropriate characteristics are then chosen
in light of this. Examples of these techniques are Mutual Information, Fisher Score, and Relief [7]. Second, wrapper
methods in this case the model training is performed through learning algorithm. For instance, binary particle swarm
optimization[8] and ant colony optimization[9].Third, embedded methods: these methods combine the two previous
methods. Examples of this type are LASSO and RIDGE[10].Filter techniques are often more efficient than wrapper
methods. The reason for this is that wrapper approaches employ a supervised learning strategy, which is a time-intensive
process. However, wrapper approaches often yield superior classification results compared to filter methods[7] .For all
mentioned reasons we have employed wrapper approach is a base for feature selection task. Wrapper-based method, the
selection procedure incorporates a learning algorithm (such as a classification method). Optimization is the method of
identifying the most optimal solution for a certain problem from a range of potential alternatives[11]. Meta-heuristic
algorithms are quite effective in solving radiology issues. These algorithms are mostly inspired by the logical behavior of
physical algorithms found in nature [12]. Optimization is the method of identifying the most optimal solution for a certain
problem from a range of potential alternatives. Meta-heuristic algorithms are quite effective in solving radiology issues.
These algorithms are mostly inspired by the logical behavior of physical algorithms found in nature [13].

There are many different types of implementations that MA may be used for, including FS. The FS issue has been
effectively solved utilizing certain traditional techniques, including Differential Evolution (DE), PSO, and GA.
Furthermore, FS has also made use of contemporary MA algorithms including the Gravitational Search Algorithm (GSA),
Grasshopper Optimization algorithm (GOA), Competitive Swarm Optimizer (CSO), and others. Given that FS may be
understood as an optimization issue, not all FS challenges can be solved via MA. This latter data is established in accordance
with no-free-lunch; as a result, further research into novel alternative MA is required[14]. Also, several academics have
attempted to tackle feature selection issues using stochastic approaches, such as PSO, GA, ABC, and SA [15]. Modern
methods utilized to effectively address feature selection issues include the Dragonfly Algorithm (DA) [16] and the GWO
[17]. The researcher's interest has been sparked by Binary butterfly optimization (BOA), a newly developed optimization
algorithm, due to its dependability, simplicity, and resilience in tackling engineering and real-world efficiency. Using
principles from food-finding and butterfly-matching algorithms, BOA resolves optimization issues on a global scale. The
effectiveness of BOA is unparalleled by other optimization techniques [18]. This population-based metaheuristic can
mitigate the issue of stagnation in local optimal to a certain degree. It can also converge effectively towards the optimal
solution. The main contributions of this study are:

e To model the problem of selection for multi-examination (demographic, laboratory findings, vital
signs, symptoms, and chronic conditions) features of COVID-19 as an evolutionary-based optimization
task.

e To propose a single objective technique combined with the KNN classifier for feature selection and
detection of COVID-19 infections.

e An experimental evaluation of the performance of the proposed WOA—KNN algorithm using standard
metrics is carried out.

e Different experiments were conducted for the purpose of comparing the obtained results after running
six feature selection metaheuristic algorithms which are PSO, MVO, GWO, MFO, FFA, and BAT
algorithm.

The paper structure is organized as follows: Section 2 presents previous works related to our study. Section 3 provides
problem definition. Section 4, concentrates on methodological steps that adopted by proposed study. Section 5, discusses
the results that obtained and how are significant. Finally, Section 6 shows how the proposed study resolved the claimed
challenge and discusses main constraints.
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2 LITERATURE REVIEW

Computed Tomography (CT) and X-ray imaging have demonstrated high sensitivity in diagnosing COVID-19 [19].
However, due to their high cost, limited availability, and associated radiation risks, these techniques are not always ideal
for widespread patient screening. As a result, effectively distinguishing between COVID-19 positive and negative cases
remains a pressing challenge in efforts to control the pandemic[20]. While several studies have attempted to predict
COVID-19 infection using models based on single-feature inputs, few have proposed diagnostic frameworks that
incorporate multiple clinical variables to improve classification accuracy. This research addresses that gap by applying
machine learning classification methods to predict COVID-19 status (positive or negative) using 14 clinical features [21].
Clinical data suggest that the incubation period for COVID-19 is typically around four days, with a range of two to seven
days. Approximately 81% of infected individuals experience mild or moderate symptoms, while the remaining 19%
develop severe or critical illness [22]. Evidence also shows that elderly patients and those with underlying health conditions
are significantly more likely to suffer from serious complications or death [23]. The prognosis of COVID-19 varies widely
among patients, making early clinical assessment particularly challenging. Current diagnostic and treatment guidelines are
insufficient for identifying the factors associated with severe disease progression or for making early judgments in critical
cases. Therefore, there is an urgent need to establish more effective clinical protocols for early case classification. This
would help prevent disease escalation, enable early intervention for severe and critical cases, and ensure timely separation
and treatment of high-risk individuals in both confirmed and suspected patient populations [24].

The illness caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), commonly known as COVID-19,
has had a profound impact on global health. It remains a major international concern due to the continued rise in infections
and mortality rates worldwide [25]. The standard initial diagnostic method for COVID-19 is the real-time quantitative
reverse transcription polymerase chain reaction (qQPCR) test, a molecular technique widely used to detect viral RNA [26] .
In addition, chest X-rays and computed tomography (CT) scans have gained considerable attention in both clinical practice
and research for their role in diagnosing and monitoring COVID-19 patients [19] . Numerous studies have compared these
diagnostic approaches, highlighting the strengths and limitations of each. While qPCR may show variable sensitivity
depending on the type of biological sample, CT imaging may fail to detect very small or early-stage lung lesions [27].
Beyond diagnosis, considerable research has also focused on predicting patient outcomes by analyzing early clinical
indicators observed during the course of the disease[28]. Understanding these prognostic factors is essential for improving
treatment strategies and patient management during the ongoing pandemic.

Artificial Intelligence (Al) has gained widespread acceptance in the medical field as a valuable decision-support tool for
clinicians [29-31] . Among its key branches, Machine Learning (ML) has shown exceptional promise in enabling the
development of models capable of automatically diagnosing various diseases with high accuracy [32] . One of ML’s most
common applications is classification, where data are categorized based on a defined set of features. However, challenges
such as overfitting—especially when using small training datasets—and the presence of non-Gaussian noise in the samples
can severely impact model generalizability and performance [33]. Moreover, large and unfiltered feature sets often
introduce irrelevant or noisy attributes, further increasing uncertainty and reducing accuracy. One effective strategy to
address these challenges is selecting a minimal yet highly informative subset of features, which not only improves
classification accuracy but also reduces computational time and complexity [34] . Creating a robust classification model
requires careful consideration of several factors, including hyperparameter tuning, which plays a crucial role in determining
model performance[35]. However, the space of possible hyperparameter combinations is often vast, making manual tuning
impractical, time-consuming, and dependent on expert knowledge. As a result, there is a growing need for automated
hyperparameter optimization, with various methods available—each with its own strengths and weaknesses [33].

In this context, metaheuristic algorithms have shown great promise for solving hyperparameter optimization challenges.
Among the most widely used are Particle Swarm Optimization (PSO) and Genetic Algorithms (GA) [36, 37]. These
techniques have been applied across diverse domains and have demonstrated strong performance in identifying optimal
parameter configurations [38]. Particularly in feature selection, several wrapper-based algorithms have emerged,
employing three general search strategies: exponential, sequential, and random search [39]. While exponential search
delivers precise results, it is computationally intensive. Sequential methods incrementally add or remove features, but once
a feature is selected or discarded, it cannot be revisited—making the approach susceptible to local optima [40]. Random
search methods, including simulated annealing and metaheuristic algorithms, aim to avoid such pitfalls by introducing
stochastic behavior and population-based exploration[41]. Due to their strong exploratory capabilities, metaheuristic
algorithms have gained considerable attention for feature selection tasks, as outlined in the related literature [42]. Well-
known algorithms in this space include PSO, Ant Colony Optimization (ACO), Artificial Bee Colony (ABC), and the
Whale Optimization Algorithm (WOA), all of which have been used to build effective wrapper models [40]. However,
many of these algorithms still face limitations related to imbalanced search dynamics, insufficient population diversity, and
poor local/global convergence strategies, often leading to suboptimal results[43]. To overcome these limitations,
researchers have continued to refine and hybridize these methods. Therefore, WOA stands out for its simplicity, minimal



Abdulkareem et al, Mesopotamian Journal of Computer Science Vol. (2025), 2025, 172—-185

control parameters, and adaptive behavior, making it an attractive candidate for wrapper-based feature selection [40].
Nonetheless, both theoretical analyses and empirical studies have revealed that WOA tends to perform well on simple or
low-dimensional problems but struggles with complex, high-dimensional tasks such as extracting relevant features from
medical datasets[44]. These challenges often lead to premature convergence and reduced diversity within the population.
Therefore, this study is motivated by the need to enhance the WOA by improving its exploration-exploitation balance and
boosting its ability to extract a compact yet meaningful subset of features. With its efficient structure and flexibility, an
improved version of WOA has the potential to significantly strengthen feature selection performance in healthcare
applications.

3 PROBLEM FORMULATION

In COVID-19 patients’ classification as mild, moderate and severe, a machine learning model is sought, mathematically:
a decision function f indicates if a Covid-19 patients (CP) condition in Mild (M) or Moderate (MO) or Severe (S).

The set of Covid-19 patients’ indicators can be represented by CP.
A function f: CP — {M,MO,S} is searched.

To acquire this function, a machine learning system is trained on a dataset of pre-classified COVID-19 patients: {( cp1,
al), (cp2, a2),..., (CPn, an)}, cpi € CP, ai € { M,MO,S}.

This study included two important components: Feature selection involves employing the WOA as a feature selector to
extract relevant features vj = f1, f2, f3,..., fn from an Covid-19 patients data and construct feature vectors V=< vl, v2,
v3,..., vi > that was then fed and utilized in the classification phase and the classification which was carried out with use
of KNN classifier.

4 RESEARCH METHODS

This section provides a detailed explanation of the proposed WOA-COVID-19 technique, which integrates the Whale
Optimization Algorithm (WOA) with a K-Nearest Neighbors (KNN) classifier to address the challenge of selecting the most
relevant features for COVID-19 diagnosis. These features span multiple examination categories, including demographic
information, laboratory findings, vital signs, symptoms, and chronic health conditions. Furthermore, Figure 1 illustrates the
classification of COVID-19 patients into three primary categories based on severity: mild, moderate, and severe.

Covid-19 Multi-Examination Dataset

Features Selection based on WOA

Build Feature

Subset vector Selected Sub-Set Feaures
) - Y o \
’# L d
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Fig.1. Proposed WOA-COVID-19 feature selection approach.
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4.1 Dataset

The dataset used in this study was sourced from prior investigations [45, 46], with samples collected between April 8, 2020,
and December 3, 2020. These samples were employed to develop and evaluate the proposed classification model. A total
of 88 individuals were confirmed to be infected with COVID-19 by expert physicians at the Azizia Primary Healthcare
Sector in the Wasit Governorate, Iraq. Among the 78 patients included in the final dataset, the most commonly reported
symptoms were loss of taste (92.3%) and loss of smell (91.02%). The dataset comprises 25 clinical examination features
relevant to COVID-19, categorized into five dimensions. The demographic dimension includes patient age. The laboratory
findings dimension contains several biomarkers such as lymphocyte count, C-reactive protein (mg/L), urea (mmol/L), and
creatinine (umol/L), among others. The vital signs dimension consists of body temperature (°C) and oxygen saturation (%).
The symptoms dimension includes cough, nasal congestion, pleuritic chest pain, and binary indicators (1/0) for loss of
smell and taste. Lastly, the chronic conditions dimension accounts for comorbidities such as cancer, diabetes, and heart
disease. Each of these 25 features is associated with the patient's clinical condition—categorized as mild, moderate, or
severe—as detailed in Table 1. These features serve as input for the proposed method's feature selection and classification
process. Initially, the complete dataset was used to train a Whale Optimization Algorithm (WOA) to identify the most
informative subset of features. Then, a new training model was constructed using only the selected features, with the aim
of evaluating the K-Nearest Neighbors (KNN) classifier's performance. Importantly, the feature vector used during the
testing phase of the KNN classifier consists solely of the final subset selected by the WOA.

TABLE I: DATASET DETAILS

Characteristic No. of instance
No of Features 25
Data size 78 samples
Class distribution 22 Sever

37 Moderate

19 Mild

4.2 Data pre-processing

In traditional detection systems, preprocessing is a critical initial step to ensure that input data is properly formatted and
standardized for subsequent processing. The collected clinical dataset contains a mixture of categorical and numerical
features. For example, categorical features such as chronic disease status include discrete classes like cancer, heart disease,
and diabetes. In contrast, numerical features—such as white blood cell count, C-reactive protein (mg/L), and oximetry
saturation (%)—are represented as continuous values. This non-uniformity in data representation can adversely affect the
performance and accuracy of classification models. To address this issue, all categorical features were converted into
appropriate numerical representations to ensure consistency across the dataset. Additionally, min-max normalization was
applied to all features in both the training and testing sets. This widely used technique scales each feature so that the
minimum value becomes 0, the maximum value becomes 1, and all intermediate values are linearly mapped to a range
between 0 and 1 [47]. This normalization step is essential for improving the stability and performance of machine learning
algorithms by ensuring that all input features contribute equally to the learning process.

y=(x—min )/(max — min ) (D

4.3 Whale Optimization Algorithm (WOA)

WOA is a recently proposed bio-inspired optimization algorithm[48].It replicates the sociable hunting behavior of
Humpback whales in locating and capturing prey. The WOA algorithm is inspired by the spiral bubble-net hunting method
used by humpback whales. This approach entails the whales diving down and creating bubbles in a spiral arrangement over
their food. Then the whales swim up towards the surface, as displayed in Figure 2.
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Fig.2. Approach of Humpback whales engage in bubble-net hunting [49].

Three operators model the three phases of humpback whale behavior: exploration (searching for prey), surrounding
prey, and exploitation (bubble-net foraging). What follows is an explanation and model of the mathematical
formulation:

1) Prey encircling: this stage comprises the start of the whale algorithm to the preliminary best search agent. It
presupposes that the existing solutions are optimal and that it is situated near or in close proximity to the prey.
Consequently, the other remaining agents update their locations toward the best search agent. The following
expression illustrates this process:

D=|C.X°(t) - X(®)| )
Xt+1)=Xx*t)—A.D 3)
Where ¢ specifies the present (iteration) A and C is coefficient vectors. X* represents the vector of location for the top

solution gained yet while X is the location vector. In the occurrence of a more effective solution, the X* needs to be
modified continuously.

The vectors A and C are calculated as follows:
A —-a, “4)

2d.
2 )

(I
Y

Where @ is gradually reduced from 2 to 0 over the amount of iterations (repetitions) and 7 is random vector in range [0,
1]. This modeling allows an agent to update its location within the vicinity of the current optimal solution and mimics the
behavior of surrounding the prey. The search algorithm may explore a larger search space in n dimensions, and the
presence of agents near the optimal answer will aid in navigating across hypercubes [50].

2) Bubblenet attacking: It operates through a pair of techniques, which are as follows:

- Shrinking encircling technique: in this stage, 3 value that presented in equation (4) is reduced and subsequently the
variation range of A is also lessened by a . This infers that is randomly sited in [=4,3 ]. Where a is reduced from 2 to 0
over the process time for optimization.
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The randomness of A in [-1, 1], the search agent's new position can be determined anywhere between its former position
and the recent top position.

-Spiral updating position: This stage calculates the distance that exists between the whale's location and the target, and
then a formula of spiral is generated between whale and target locations to simulate the movement of helix shape by
humpback whale, and as the following expressions shows:

X(t+1) =D".eP.cos(2nl) + X*(t),  (6)
D' = [X*(t) - X(t). )

Equation (7) represents the distance between the ith whale and the prey, which is the best solution obtained thus far. The
constant b determines the shape of the logarithmic spiral, while | is a random number within the range of -1 to 1. The
whale moves towards its prey by simultaneously executing a diminishing circular motion in a spiral-shaped trajectory.
Hence, a 50% probability of transitioning between the two modes is utilized to calculate the whale's subsequent location
in the following manner:
)_()(t+1)={_, X(t)—iD if p<0J5
D'.eP.cos(2nl) + X*(t) if p=05 (8)

Where p is a random number in [0, 1].

3) Exploration phase: WOA achieves a global optimization in this phase. As shown in Figure 2, whales looking for its
target with accordance to their location to each other in random existence. The A value is appointed randomly between (-

1) and (1) to accommodate the agent of searching to travel far from the reference whale. This means that & should have a
value that is either less than -1 or greater than 1. In addition, in order for the WOA to perform a thorough search, the new
position of a search agent is decided by randomly picking one.

The modelling of this exploration mechanism is mathematically expressed as follows:

D= |5-Xrand - )?| )
X(t+1) =X,gna —A.D, (10)

Where X;.nq is @ random location for random whale that chosen from the current population[51].

Algorithm1: Whale Optimization Algorithm

Input:

Number of whales (Population) size (n)

Maximum number of iterations

Output:

Best position of whale X*

1: Randomly Initialize population of whale positions where Xi(i =0,1,2,3,...... ).
2: Initialize a, A and C.

3: Find fitness value per whale.
4: Make X* as the best whale.
5:k=1
6
7
8

: While k < maximum number of iterations do
: for each whale do
: Modify the location of the present whale to a location given by equation 2
9: end for
10: Modify a, A and C
11: Compute each whale fitness value.
12: If there is a better solution modify X*
13: k=k+1
14: end while
15: return X*
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TABLE I : PARAMETERS SETTING FOR EXPERIMENTS

Algorithms Parameter Value
FFA alpha, gamma, beta =0.5,=1,=0.2
Iterations 100
dim 50
Population Size 20
Number Of Runs 25
BAT A 0.5
r 0.5
Iterations 100
dim 50
Population Size 20
Number Of Runs 25
PSO Maximum inertia weight= 0.90
Minimum inertia weight= 0.20
Cl= 2
C2= 2
Iterations 100
dim 50
Population Size 20
Number Of Runs 25
MVO WEPMax 1
WEPMin 0.2
p 6
Iterations 100
dim 50
Population Size 20
Number Of Runs 25
WOA r random number [01]
Iterations 100
dim 50
Population Size 20
Number Of Runs 25
MFO -
Iterations 100
dim 50
Population Size 20
Number Of Runs 25

4.4 Classification of Covid-19 patients based on KNN model

The KNN method is a nonparametric algorithm. Analysis for learning and prediction is conducted according to the provided
issue or dataset. The KNN classification model makes predictions only based on neighboring data values without any prior
assumptions about the dataset. In KNN, 'K’ denotes the quantity of closest neighboring data points. The KNN method
classifies the provided dataset based on the number of closest neighbors, denoted as 'K'. The KNN model classifies the

training dataset directly. The prediction of a new instance is determined by identifying the 'K nearest neighbor examples
in the training set and categorizing it based on the majority class of those instances. Another example is identified by using
the Euclidean distance formula. Euclidean distance is calculated as the square root of the sum of squared differences

between a new instance (C,) and an old instance (Dy)[52] .
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Eugp = \JX%1(Cak — Dpi)? (1)
To mention selected subset of features by WOA algorithm is the main input for training and testing of KNN model. Patients
with the severe condition were placed in class 1, patients with the moderate case were placed in class 2, and patients with
the light case were placed in class 3.

4.5 Evaluation Metrics

In the training phase, the performance of each individual feature subset is assessed using 10-fold cross-validation to
determine the KNN classification error rate utilized in the fitness function. A single feature subset is represented by each
whale location. In order to direct the feature selection process, the training set is utilized to assess the KNN on the validation
set during optimization. The chosen characteristics are next assessed on the test set to provide the final assessment of the
chosen features. To assure the stability and statistical significance of the results acquired, the process of partitioning the
data instances is iterated through 20 independent trials. The subsequent metrics are documented for every iteration on the
unobserved test sets:

1- Feature ratio: illustrates the relationship between the total number of features in the dataset and the average number of
features picked.

2- Best Acc and Av_Acc: show the best and the average classification accuracies.

Accuracy = (TP + TN) /(TP + TN + FP + FN) (12)
The classifier's accurate prediction is mean cases of true positives (TP) and true negatives (TN). While False Postive (FP)
and False Negative (FN) are represent the classifier's erroneous predictions, respectively.
3- Std_Acc: The testing accuracy standard deviation. It is used to gauge the stability and robustness of the optimization
process; lower standard values mean that the optimization process always converges to the same solution, whilst bigger
values mean that the outcomes are much more random.

5 Results and Discussion

The proposed algorithm was implemented in Python and executed on a system equipped with an Intel Core i5 CPU and 6
GB of RAM. To identify the optimal subset of features, the algorithm was run 20 times using the evaluation functions
summarized in Table 2. This section presents the results obtained from the selected dataset, based on the defined evaluation
criteria. All results are analyzed in the context of the training phase of the proposed system. Three main scenarios were
considered for performance analysis in comparison with state-of-the-art methods. First, the best classification accuracy
achieved with the fewest selected features is presented in Table 3. Second, the worst classification accuracy relative to the
number of selected multi-examination COVID-19 indicators is shown in Table 4. Third, the average accuracy alongside
execution time is summarized in Table 5. Additionally, the mean values from 10 independent runs were calculated and
visualized in Figures 3 and 4. Figure 3 illustrates the average convergence rate per iteration, while Figure 4 depicts the
average number of selected features per iteration.

0.8
0.7
0.6 BAT
0.5 - — == FFA
w ,'
§ 0.4 == \\VOA
=
“ 03 == MFO
0.2 == GWO
== MVO
0.1
=== PSO
0
Iterations

Fig.3. Convergence Rate Analysis.
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Since all the algorithms employ the same initialization procedure, Figure 3 shows that most of them have similar
performance at the beginning stage when comparing their average convergence rates. Convergence rates for BAT, FFA,
WOA, MFO, GWO, and MVO have all dropped significantly from the beginning stage. In the process of determining the
optimal solution, PSOs exhibit less variation in the value of the convergence rate at both the beginning and the end.
Although there is a gradual improvement in convergence performance across all methods, the best solution is still not found
until much later in the process.
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Fig.4. Selected Features Analysis.

Figure 4 shows the number of selected features per-each iteration into seven tested algorithms. In general, it is observed
that most algorithms have fluctuation into number of selected features. On other hand, fewer algorithms have very small
change into number of selected multi-examination Covid-19 features. The maximum fluctuation in the number of selected
features can be observed through the performance PSO algorithm. This is followed by MVO algorithm but with less change
compared to PSO algorithm. To mention, the maximum number of selected features is obtained by PSO and MVO during
all experiment iterations. The other six algorithms have selected a smaller number of features compared to PSO and MVO.
However, WOA showed the best performance during all identified iterations where the minimum number of Covid-19
patients attributes is selected. Thus, WOA is considered as the best algorithm for feature selection process.

TABLE IlI: BEST ACCURACY WITHIN SELECTED FEATURES

Algorithm Total features Selected features Best -Accuracy
PSO 25 11 91.8%

MVO 25 9 92.6

GWO 25 10 91.6%

MFO 25 10 93%
WOA-Covid-19 25 6 92.5%

FFA 25 9 93.6%

BAT 25 11 90.6%

According to the Table 3, all seven algorithms have scored significant classification performance where classification
accuracy reaches above 90%.However; the maximum classification accuracy has scored by FFA algorithm. While, the
minimum classification rate has presented by BAT algorithm. When considering the problem of computational load into
real world application the number of features showed is as less as possible. In this direction, in our analysis the less number
of selected features is given by WOA algorithm where only 6 out 25 features are selected as base for classification process.
Furthermore, the classification accuracy reaches 92.5 % that less than 1% of best scored accuracy. Therefore, the proposed
WOA-Covid-19 algorithm is the best from accuracy and less number of selected features perspectives.
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TABLE IV: WORST ACCURACY WITHIN SELECTED FEATURES

Algorithm Total features Selected features Worst -Accuracy
PSO 25 15 88.8%

MVO 25 8 89.3%

GWO 25 9 87.5%

MFO 25 11 89.3%
WOA-Covid-19 25 7 89.6%

FFA 25 9 89.6%

BAT 25 7 87%

Table 4 shows very surprising results for instance, comparing to results of BAT algorithm into Table 3 the number of
selected features was decrease to 7 with accuracy rate reach 87% in BAT algorithm. However, in the proposed WOA -
Covid-19 algorithm have increased with only one more features comparing to six ones that selected by best accuracy

scenario. Therefore, the performance of WOA-Covid-19 algorithm still significant even with worst accuracy scenario.

TABLE V: AVERAGE ACCURACY WITHIN EXECUTION TIME

Algorithm Ratio of features Average-Accuracy Execution Time Std
reductions

PSO 44% 90% 5.431480932 0.008994371
MVO 36% 91% 5.064110494 0.009654982
GWO 40% 91.7% 5.739459682 0.011334436
MFO 40% 91% 5.567290997 0.011922351
WOA-Covid-19 24% 90.1% 6.56030283 0.009754048
FFA 36% 90.1% 6.938513851 0.012428291
BAT 44% 89% 5.013561296 0.011397092

Table 5 confirms the observations into previous two tables where the highest reduction rate have scored by WOA -Covid-
19.This algorithm have selected only 24% of Covid-19 features as attributes for identification process. While the worst
reduction rate are presented based on results of PSO and BAT. Moreover, the best average accuracy value have provide by
GWO where this algorithm scored 91.7%. The proposed WOA-Covid-19 has scored 90.1% with only 1.6 less than GWO.
However, GWO presented less reduction rate where this algorithm has selected 40% of Covid-19 features. To mention,
when it comes to execution time WOA-Covid-19 algorithms have consumed more times than other algorithms while BAT
algorithm is less time consuming algorithm. The PSO algorithm provides the least standard ratio. Table 5 shows that the
resilience of WOA-Covid-19 is good compared to other methods, with less standard deviation on the given dataset, except
for PSO. The results suggest that the proposed mechanism enhances the efficiency of WOA-Covid-19 in addressing feature
selection difficulties. To mention, each of Spo2, chronic disease, lymphocyte count, and C-reactive protein are most
important features for classification covid-19 cases that satisfied medical and technical requirements.

By implement the output of our proposed study in form of real application, this can be generalized to biology, medical
domain, drug design and several other areas. Additionally, researchers may apply it to any dataset with two different feature
selection techniques and three different learner types to produce a variety of tables and diagrams depending on the dataset's
characteristics. The algorithms and approaches can also be combined to create an ensemble method.

6 CONCLUSIONS

COVID-19 is a highly complex disease that has affected billions of people across various regions of the world. This
complexity arises from its diverse symptoms and numerous clinical examinations attributes, making decision-making in
the medical sector particularly challenging. To address this, the present study introduces a feature selection method based
on optimization principles—specifically, the Whale Optimization Algorithm (WOA), referred to as WOA-COVID-19. A
total of 25 features derived from various COVID-19 examination approaches were utilized in the feature selection process
using the WOA method. The best- and worst-case results demonstrate that WOA outperforms six other metaheuristic
feature selection algorithms evaluated during the study. While some of the other algorithms showed competitive
performance, none surpassed the results achieved by WOA-COVID-19. For the classification task, the K-Nearest
Neighbors (KNN) algorithm was employed to categorize patients into three main severity levels: mild, moderate, and
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severe. The classification results in both worst and best scenarios confirmed the effectiveness of using KNN in conjunction
with WOA -selected features. Furthermore, the average accuracy analysis revealed that WOA-COVID-19 not only reduced
the number of features required for diagnosis but also maintained high classification accuracy. Specifically, the feature
reduction rate reached 24%, without compromising classification performance. Additionally, statistical analysis using
standard deviation (STD) confirmed the robustness and reliability of the WOA-COVID-19 approach. Overall, the proposed
method proved highly effective in solving the multi-examination feature selection problem and accurately classifying
different types of COVID-19 patients. However, one noted limitation is the relatively high execution time of the WOA-
COVID-19 algorithm. Future work will aim to address this limitation by introducing a more efficient strategy, especially
for real-time deployment scenarios.
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