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The increased use of digital tools such as smart phones, Internet of Things devices, cameras, and
microphones, has led to the produuction of big data. Large data dimensionality, redundancy, and
irrelevance are inherent challenging problems when it comes to big data. Feature selection is a
necessary process to select the optimal subset of features when addressing such problems. In this
paper, the authors propose a novel Binary Coronavirus Disease Optimization Algorithm (BCOVIDOA)
for feature selection, where the Coronavirus Disease Optimization Algorithm (COVIDOA) is a new
optimization technique that mimics the replication mechanism used by Coronavirus when hijacking
human cells. The performance of the proposed algorithm is evaluated using twenty-six standard
benchmark datasets from UCI Repository. The results are compared with nine recent wrapper feature
selection algorithms. The experimental results demonstrate that the proposed BCOVIDOA significantly
outperforms the existing algorithms in terms of accuracy, best cost, the average cost (AVG), standard
deviation (STD), and size of selected features. Additionally, the Wilcoxon rank-sum test is calculated
to prove the statistical significance of the results.

© 2022 Elsevier B.V. All rights reserved.
1. Introduction

With the rapid use of computer and internet technologies, im-
ense quantities of data with hundreds of features are produced.

n data mining, useful information must be extracted from such
ig data to decide. Selecting only the relevant and useful features
ould have a significant effect in many applications such as text
ining [1], image processing [2], Bioinformatics [3], and indus-

rial applications [4]. Internet of things (IoT) is a modern and
owerful technology in which physical objects embedded with
ensors are connected through a network to exchange data [5].
hallenges to IoT applications include storing and processing such
vast amount of data gathered by IoT sensors [6]. Another chal-

enge is the existence of redundant, irrelevant, and noisy features.
solution to these challenges is to use feature selection to select

he optimum subset of features.
Feature selection is a preprocessing, mining, and machine

earning problem since it removes redundant and irrelevant vari-
bles in a dataset [7]. Feature selection aims to reduce data
imensionality, reduce training time, and increase generalization.
feature selection model consists of three main factors; classifi-

ation (e.g., Support Vector Machine (SVM), K-Nearest Neighbors

∗ Corresponding author.
E-mail addresses: asmaa.elhenawy@gmail.com (A.M. Khalid),

anaa_hamza2000@yahoo.com (H.M. Hamza), ali.mirjalili@gmail.com
S. Mirjalili), k_hosny@zu.edu.eg (K.M. Hosny).
ttps://doi.org/10.1016/j.knosys.2022.108789
950-7051/© 2022 Elsevier B.V. All rights reserved.
(KNN), etc.), evaluation criteria (such as classification accuracy),
and search algorithm [8]. Classification assigns each subset to a
specific class, evaluation criteria should be selected to evaluate
each subset, and the searching algorithm is used to select the
optimum subset of features.

The main categories of feature selection methods are wrappers
and filters. The wrapper methods involve classifiers and detect
the interactions between variables. Filter methods evaluate fea-
ture subsets based on the data regardless of the model [9]. Filter
methods are much faster than wrapper methods as they do not
involve classifiers but may fail to find the best subset of features.
However, wrapper methods usually provide the best performing
feature subset for a predetermined classifier [10]. For filtering
algorithms, Xu et al. [11] proposed an SVMs Classification based
two-side cross-domain collaborative filtering algorithm by infer-
ring intrinsic user and item. The major innovation of the proposed
model is that domain-independent intrinsic features of users and
items can be inferred from domain-dependent rating matrices.
The results have shown that the proposed model significantly
outperforms all the state-of-the-art algorithms at various sparsity
levels.

Additionally, a Cross-Domain Collaborative Filtering (CDCF)
Algorithm is proposed in [12]. In the proposed algorithm, knowl-
edge can be transferred from user- and item-side auxiliary do-
mains to the target domain by expanding the original feature
vector. The experimental results have shown that the proposed

algorithm outperforms the state-of-the-art baseline algorithms.

https://doi.org/10.1016/j.knosys.2022.108789
http://www.elsevier.com/locate/knosys
http://www.elsevier.com/locate/knosys
http://crossmark.crossref.org/dialog/?doi=10.1016/j.knosys.2022.108789&domain=pdf
mailto:asmaa.elhenawy@gmail.com
mailto:hanaa_hamza2000@yahoo.com
mailto:ali.mirjalili@gmail.com
mailto:k_hosny@zu.edu.eg
https://doi.org/10.1016/j.knosys.2022.108789
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According to a specific evaluation metric, a feature selection
method searches for the best feature subset from all possible
subsets. Searching algorithms can be classified into exact search
methods and metaheuristics [13]. The exact methods search the
entire search space. For example, for the feature set with k fea-
tures, the size of the search space is proportional to 2k, which
equires too much computational time [14]. On the other hand,
etaheuristic search strategies can be used to find a (near) op-

imum subset from the original set by using the local search or
mitating a natural process.

In the feature selection problem, a dataset can be represented
y a two-dimensional matrix X with N rows representing in-
tances where x = 1, 2, . . . , N, and M columns representing
eatures in each instance where y = 1, 2, . . . , M. Xij is the value
f the yth feature in and xth instance. Fig. 1 shows a matrix
epresenting a dataset. Each class has similar values, whereas two
ifferent classes have elements with different values.
Several metaheuristic algorithms have been proposed in the

iterature to solve feature selection problems. These algorithms
nclude binary Cuckoo Search (BCS) [15], Binary Flower Polli-
ation Algorithm (BFPA) [16], Binary Dragonfly algorithm (BDA)
17], Simulated Annealing (SA) [18], Particle Swarm Optimization
PSO) [19], Genetic Algorithm (GA) [20], Differential Evolution
DE) [21,22], Artificial Bee Colony (ABC) [23], Ant Colony Opti-
ization (ACO) [24], Grey Wolf Optimization (GWO) [14], Whale
ptimization Algorithm (WOA) [25], and Bat Algorithm (BA) [26].
n addition to these algorithms, where two or more algorithms
re combined to solve feature selection problems. In [27], three
ypes of hybridization of GA and SA are proposed to solve some
on-linear optimization cases. The algorithm is tested using five
enchmark functions, and the obtained results showed that hy-
rid GA-SA could enhance the performance of GA and SA to
rovide better results. Mafarja and Mirjalili [28] proposed two
ybridization modes based on WOA. The first model embeds the
A algorithm to WOA, while SA improves the best solution found
fter each iteration in the second model. The performance is
valuated on 18 UCI datasets. The results confirm the efficiency
f the proposed approaches in enhancing classification accuracy
ompared to other feature selection algorithms. In addition, a
inary version of hybrid GWO and PSO algorithms to solve fea-
ure selection problems is proposed in [29]. 18 UCI benchmark
atasets are employed. The results showed that the proposed
lgorithm outperformed the state-of-the-art binary algorithms
sing performance measures such as accuracy and computational
ime.

Additionally, recent optimization algorithms are introduced
nd applied to feature selection, such as the meta-heuristic
uantum-inspired immune clone optimization algorithm (QICO)
30] used for optimal feature selection from gene expression data
o develop the cancer data classification. Also, a clustering-based
ybrid approach [31] is introduced for gene subset selection of
icroarray gene expression data. The experimental outcomes
enote that the proposed model achieves efficient results in
electing the best gene subsets.
The Coronavirus Optimization Algorithm (COVIDOA) [32] is a

ecent technique that mimics the Coronavirus mechanism inside
he human body. COVIDOA has been tested on many benchmarks
nd real-world problems compared to other metaheuristic tech-
iques. COVIDOA has been proven to have a better performance
hen compared to other well-known metaheuristics in addition
o its high exploration and exploitation capabilities. Additionally,
he no-free-lunch theorem has logically proved that no one meta-
euristic algorithm, in particular, is best suited for solving all
ptimization problems. These motivated the authors to propose a
inary version of COVIDOA as a wrapper feature selection method
o improve the performance of feature selection and classification
asks.
2

The main contributions of this paper can be summarized as
follows:

1. A binary version of the recent COVIDOA algorithm is pro-
posed to solve the feature selection problem.

2. The performance of the proposed algorithm is tested using
26 standard benchmark datasets.

3. A number of evaluation measures are utilized, including
classification accuracy, best fitness, average fitness, stan-
dard deviation, and selection size.

4. The Wilcoxon rank-sum test was conducted, and the re-
sults proved the significance of the proposed algorithm.

This paper is organized as follows: Section 2 provides a brief
overview of COVIDOA. In Section 3, the proposed binary COVIDOA
is introduced. The datasets and experimental results are discussed
in Section 4. Finally, conclusions and future work are given in
Section 5.

2. Coronavirus optimization algorithm

COVIDOA is a new evolutionary optimization algorithm pro-
posed by Khalid et al. [32]. COVIDOA is inspired by the repli-
cation mechanism of Coronavirus particles when attacking the
human body. Four stages are considered to simulate the replica-
tion lifecycle of Coronavirus, as follows:

1. Virus entry and uncoating
The virus uses the spike protein on its surface as a key to
enter a human cell. Once inside the cell, the virus contents
(RNA) are released inside the cell cytoplasm [33].

2. Virus replication
The virus uses the Ribosomal frameshifting technique for
replication [32]. Frameshifting is a process when a specific
reading frame of RNA molecule shifts to another read-
ing frame to provide a new protein sequence [33–35].
Frameshifting results in the creation of several viral pro-
teins. In the proposed algorithm, a solution (virus particle)
is selected for replication. The frameshifting technique pro-
duces several viral proteins that are then combined to
form a new virus particle (solution). The most popular type
of frameshifting is +1 frameshifting [36] which can be
modeled as follows:

• +1 frameshifting technique
The parent solution’s values are shifted in the right
direction by 1, and the value in the first position is
set as a random value in the range [minVal maxVal]
as follows.

Sk(1) = rand(minVal,maxVal), (1)

Sk(2 :D) = P(1 :D − 1), (2)

Where minVal and maxVal are the minima and max-
imum values for the variables in each solution.

3. Virus mutation
Coronavirus accumulates randommutations to escape from
the human immune system [37]. In the proposed algo-
rithm, a mutation operator is applied to the solution cre-
ated in the previous step to generate a new mutated
solution as follows:

Zi =

{
r if rand (0, 1) < MR

Xi otherwise
(3)

X is the solution before mutation, Z is the mutated solution,
Xi and Zi are the ith element in the old and new solutions,
respectively, i = 1, . . . , D, and r are random values in the

range [minVal, maxVal]. MR is the mutation rate.
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Fig. 1. Dataset representation.
Fig. 2. Coronavirus replication lifecycle.
4. New virion release
Finally, the new virion is released, trying to hijack new
healthy cells. The replication lifecycle of Coronavirus is
shown in Fig. 2. The flowchart of COVIDOA is shown in
Fig. 3.
The parameters of COVIDOA are described as follows:

• PopNo : number of solutions in the initial population.
• Max_Iter : maximum number of iterations.
• MinVal, MaxVal : lower and upper bounds of each

variable in COVID solution. The values of MinVal, and
MaxVal depend on the problem; however, in the case
of feature selection, they are set to 0 and 1, respec-
tively.

• D: refers to the problem dimension. As in the case
of MinVal and maxVal, the problem dimension de-
pends on the problem; however, it is equal to the
size of features in the dataset in the feature selection
problem.

• MR: represents the mutation rate. As mentioned in
[35], the mutation rate of Coronavirus is 1 × 10−6,

which is very low; however, the mutation rate in the
proposed algorithm is set at a larger value in the range
[0.1 0,001], which helps in exploring new promising
regions and avoid getting stuck in a local minimum.
3

• Shifting Number: represents the number by which the
variables of each solution are shifted in the frameshift-
ing technique. The most common type of frameshift-
ing is +1 frameshifting which uses a shifting number
of 1.

• numOfProtiens: represents the number of viral pro-
teins generated from one virus particle in the replica-
tion process. Each virus particle can generate millions
of viral proteins; however, we set it to 2 proteins
to avoid computational complexity. As mentioned in
the coming sections, parameter tuning is applied to
test the impact of changing parameter values on the
performance of the proposed algorithm.

Pseudocode of the native COVIDOA is given in Box I.

3. The proposed binary approach

In binary problems, such as feature selection, each solution is
represented by a one-dimensional vector that contains only zeros
and ones, where one indicates that the feature is selected and
0 indicates it is ignored. The number of elements in the vector
equals the size of features in the dataset. The binary representa-
tion of a COVID solution for a dataset with the number of features
D is shown in Fig. 4.
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Box I.
Fig. 3. The flowchart of COVIDOA.
4
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Fig. 4. The binary representation of the COVID solution.
Fig. 5. The sigmoid function.

.1. Initial stage

In the initial stage of the COVID algorithm, a population pop
of randomly generated agents is created, where each agent repre-
sents a solution to the problem. The following equation generates
the initial population:

xi = minVali + αi × (maxVali − minVali) , i = 1, 2, . . . ,D (4)

Where xi is the solution at the ith location in the population pop;
i is a random value between 0 and 1; maxVali and minVali are
he upper and lower boundaries of the problem. However, in the
inary version, maxVali = 1 and minVali = 0. In the proposed
inary algorithm, each solution is converted into its binary rep-
esentation using a binarization technique. The sigmoid function
s one of the most used transformation functions belonging to the
-shaped family [28,38]. It maps each value in the real-valued
olution to a value of 0 or 1 as follows:

(xi) =
1

1 + e−xi
, xbinary=

{
1 if rand ≥ S (xi)

0 otherwise
(5)

The curve of the sigmoid function is shown in Fig. 5.

.2. The KNN classifier

The KNN classifier (where K = 5) is used to get the classi-
ication accuracy of each solution for the following advantages
22,39]:

• It is straightforward to implement. Only two parameters are
required to implement KNN, i.e., the parameter K, which
represents the number of neighbors, and the distance func-
tion (e.g., Euclidean or Manhattan, etc.).
 t

5

• It is a memory-based approach that allows the algorithm to
respond quickly to changes in the input [40].

• Efficiency in finding the best subset of features and high
robustness to noisy data.

• K-NN algorithm gives the user the flexibility to choose dis-
tance while building the K-NN model (e.g., Euclidian dis-
tance, Hammig distance, Manhattan distance, etc.).

The role of the KNN classifier is to assign each data point to a class
to which most of the closest K neighbors belong. Each dataset
is divided into training, validation, and testing sets using cross-
validation in the same way as in [41]. The K − 1 folds are used
for training and validation in cross-validation, and the remaining
is utilized for testing.

The K-NN classifier works as follows:
For the test dataset, the kNN algorithm must determine the

K closest neighbors for each sample from the training dataset by
computing the Euclidean as follows:

D(x, y) =

√ d∑
i=1

(xi − yi)2 (6)

Where d is the number of features in a given dataset.
As shown in Fig. 6, the classifier assigns the unknown sample

to class B (when k = 3) because 2 of its closest points are from
class B. The classification accuracy for the classifier determines
how accurate the class prediction is for the classifier and can be
obtained by dividing the correct instances by the total number of
instances found in the dataset. On the other hand, the classifica-
tion error rate can be obtained by dividing the incorrect instances
by the total number of instances in the dataset.

The classification accuracy rate must be calculated using the
KNN classifier to evaluate each solution, where the best solution
is the one with the highest accuracy rate.

3.3. The fitness function

Not only the classification accuracy rate is the only measure
used to compare solutions, but an additional objective is needed,
which is the number of selected features. When two solutions
have the same classification accuracy, the one with the minimum
number of selected features is the best. Therefore, the fitness
function is to maximize the classification accuracy rate (minimize
classification error) and minimize the number of selected features
as follows:

fitness = αγc + (1 − α)
S
N

(7)

Where α is a value between 0 and 1, γc is the error rate of the
classifier, S represents the number of selected features, and N is
he total number of features.
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Fig. 6. KNN classifier.
Table 1
Dataset description.
Dataset No. of attributes No. of instances No. of classes Area

1 Heart 13 270 5 Life
2 Zoo 16 101 7 Life
3 Breast_cancer 9 699 2 Life
4 Glass_identification 11 214 6 Physical
5 Australian 15 690 2 N/A
6 Spambase 57 4601 2 computer
7 EEG Eye State 15 14980 2 Life
8 Segment 19 2310 7 N/A
9 Waveform 21 5000 3 Physical
10 Auto MPG 8 398 2 N/A
11 House Voting 16 435 2 Social
12 Wine 13 178 3 Physical
13 Vowel 13 990 11 N/A
14 Dermatology 33 366 6 Life
15 Cryotherapy 7 90 N/A Life
16 M-of-n 44 267 N/A N/A
17 kr-vs-kp 36 3196 2 Game
18 Optical recognition 64 5620 10 Computer
19 Page blocks 10 5473 2 Computer
20 Semion 256 1593 10 Computer
21 Pendigits 16 10992 2 Handwriting
22 Movement_libras 91 360 15 N/A
23 arrhythmia 279 452 13 Life
24 isolet5 617 7797 26 Computer
25 Mturk 500 180 N/A Computer
26 pixraw10P 10000 100 10 Face image data
3.4. Position update

As mentioned in [32], virus particles (solutions) use the
rameshifting technique for producing multiple protein
equences, which are then combined to form a new particle
solution). In the original COVIDOA version, the +1 frameshifting
echnique is applied to a solution by shifting its variables to the
ight by 1, and the value in the first position is assigned with
random value in the range [minVal maxVal] as mentioned in
qs. (1) and (2). In the binary version, the frameshifting technique
s applied as follows:

Sk(1) =

{
1 if rand(0, 1) < 0.5

0 otherwise
(8)

Sk(2 :D) = P(1 :D − 1), (9)

Sk refers to the kth generated protein, P is the parent solution,
D is the problem dimension, rand() is a random value between 0
nd 1. After replication, a mutation in the binary version can be
pplied as follows:

i =

⎧⎪⎨⎪⎩
{
1 if rand(0, 1) < 0.5

0 otherwise
if rand (0, 1) < MR

Xi otherwise
(10)

is the solution before mutation, Z is the mutated solution, and

i and Zi are the ith elements in the old and new solutions.

6

4. Experimental results

This section presents the proposed algorithm results and the
comparisons with the state-of-the-art algorithms. The proposed
and state-of-the-art algorithms were run on a laptop with the
following specifications: Intel(R) Core(TM) i7-1065G7 CPU, 8 GB
RAM, Windows 10 operating system, and MATLAB R2016a devel-
opment environment.

4.1. Datasets

We applied the proposed method to 26 different datasets from
the UC Irvine Machine Learning Repository [42] to prove the
efficiency of the proposed algorithm. Each data set is described
in terms of the number of features, number of instances, number
of classes, and the area to which they belong. We utilized many
datasets to ensure the efficiency of the proposed algorithm in
feature selection. These 26 datasets are selected based on the
variety in dimension size (number of features) and the area they
belong to. We utilized datasets with small (9, 11, 13), medium
(64, 91, 256), and large (500, 617, 10000) dimension size. Further-
more, the datasets belong to different areas such as life, computer,
physical, game, and social. A detailed description of the datasets
is presented in Table 1. N/A means that this information is not
known.
Pseudocode of the proposed binary COVIDOA is given in Box II.

http://archive.ics.uci.edu/ml/datasets/Auto+MPG
http://archive.ics.uci.edu/ml/datasets/Auto+MPG
http://archive.ics.uci.edu/ml/datasets/Auto+MPG
http://archive.ics.uci.edu/ml/datasets/Auto+MPG
http://archive.ics.uci.edu/ml/datasets/Auto+MPG
http://archive.ics.uci.edu/ml/datasets/Auto+MPG
http://archive.ics.uci.edu/ml/datasets/Auto+MPG
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Box II.
Table 2
Parameter setting.
Algorithm Parameter Value

GA
Selection Roulette wheel
Crossover Probability = 0.9
Mutation Probability = 0.05

DE Scaling factor 0.5
Crossover probability 0.5

PSO topology Fully connected
Cognitive and social constant (C1, C2) 2, 2

WOA a 2 to 0
r [0,1]

GWO a 2 to 0
r [0,1]

HH a 2 to 0

AOA α 5
µ 0.5

COVID
Shifting No. 1
No. of proteins 2
Mutation 0.1

Table 3
Scenarios of the tuning parameters.
Scenario Parameters

MR numOfProtiens

1 0.1 2
2 0.01 2
3 0.001 2
4 0.1 4
5 0.01 4
6 0.001 4
7 0.1 6
8 0.01 6
9 0.001 6

4.2. Parameter setting

In all algorithms, the number of solutions in the population is
0, and the maximum number of iterations is 100. The proposed
nd state-of-the-art algorithms were run 20 times and the best
esults gained from these runs are reported. The problem dimen-
ion equals the number of features in the dataset, and the search
7

domain is set to [0,1]. The remaining parameters of the proposed
and state-of-the-art algorithms are set as shown in Table 2.

4.3. Parameter tuning

To test the impact of changing parameter values on the perfor-
mance of the COVID algorithm, we used nine different scenarios
by changing the values of the parameters MR (Mutation Rate) and
numOfProtiens. We utilized the values of 0.1, 0.01, ad 0.001 for
MR, 2, 4, and 6 for numOfProtiens which produces nine scenarios,
as shown in Table 3. The feature selection results (for the zoo
dataset) of each scenario are shown in Table 4. It is observed
that scenario 1 yields the best results, followed by scenario 3,
which means that a higher mutation rate and a lower number
of proteins improve the performance of the proposed algorithm.

4.4. Evaluation measures

The results of the proposed algorithm are compared to the
state-of-the-art feature selection algorithms such as GA [43],
DE [44], PSO [45], WOA [25], WOASA [28], GWOPSO [46], HH [47],
GWO [48], and AOA [49]. The parameters of these algorithms are
selected as suggested by their authors. The comparison is made
according to the following measures:

• Classification Accuracy
It measures how accurate the classifier is in selecting the
optimum subset of features. The maximum classification
accuracy can be calculated as follows:

BestAcc = max (Accn) (11)

Where Accn refers to the accuracy at run n, where n = 1, . . . ,
M and M is the number of runs.

• Best cost
The best cost at run n can be calculated as follows:

BestCostn = min
i

Costi (12)

Where Costi is the cost obtained at iteration i where i =1,
. . . ,MaxIter . The best cost obtained over the M runs can be
calculated as follows:

BestCost = Min(BestCostn) (13)
Where n = 1, . . . , M and M is the number of runs.
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Table 4
The results of parameter tuning on Zoo dataset.
Metric Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6 Scenario 7 Scenario 8 Scenario 9

Accuracy 1 1 0.96078 1 0.98039 0.98039 0.98039 0.96078 0.98039
Best fitness 0.00375 0.004375 0.042574 0.005625 0.024412 0.025037 0.025037 0.043824 0.024412
Average fitness 0.0037 0.0044 0.0429 0.0056 0.0247 0.0250 0.0328 0.0474 0.0279
STD 5.1021e−18 6.2304e−18 4.9024e−04 5.2304e−18 3.0894e−04 1.7435e−17 0.0095 0.0086 0.0067
Selection size 6 7 6 9 8 9 9 8 8
Table 5
Results obtained from the Proposed Binary COVIDOA.
Dataset Accuracy Best Cost Average Cost Standard Deviation (STD) Selection Size

1 Zoo 1 0.00187 0.00332 1.0548e−05 3
2 Heart 0.87407 0.12774 0.1394 0.0083 4
3 Breast_cancer 0.98 0.026467 0.0272 1.8282e−04 5
4 Glass_identification 1 0.002 0.0021 1.0000e−04 2
5 Australian 0.87826 0.12124 0.12342 0.0032 1
6 spambase 0.92047 0.083823 0.0867 0.0031 29
7 EEG Eye State 0.96662 0.04233 0.0439 0.0024 13
8 Segment 0.97576 0.028737 0.0306 9.1212e−04 9
9 Waveform 0.8008 0.20435 0.2051 0.0028 15
10 Auto MPG 0.88889 0.11286 0.1129 1.9739e−17 2
11 House voting 0.8945 0.10645 0.1064 1.1158e−16 3
12 Wine 0.98876 0.01529 0.0153 2.6152e−17 4
13 Vowel 0.97571 0.031549 0.0318 7.2473e−04 8
14 Dermatology 0.99454 0.011586 0.0182 0.0024 13
15 Cryotherapy 0.97778 0.025333 0.0253 1.3948e−17 2
16 M-of-n 1 0.004615 0.0051 0.0023 20
17 kr-vs-kp 0.83917 0.16293 0.1629 2.7895e−16 13
18 Optical recognition 0.99444 0.013006 0.0136 9.7768e−04 31
19 Page blocks 0.96346 0.040171 0.0403 3.2698e−04 4
20 Semion 0.98369 0.020903 0.0220 0.0024 125
21 Pendigits 0.99314 0.014292 0.0144 2.3527e−04 11
22 Movement_libras 0.87222 0.13094 0.1314 0.0015 36
23 arrhythmia 0.66814 0.33151 0.3401 0.0016 73
24 isolet5 0.84743 0.156873 0.1651 0.0047 250
25 pixraw10P 0.8482 0.16326 0.1633 3.6043e−06 2861
26 mturk 0.65773 0.35454 0.3623 0.0142 289

Average 0.9250 0.0898 0.0920 0.0019 147.15
• Average cost:
The average cost at each run n can be calculated as follows:

AvgCostn =
1

MaxIter

MaxIter∑
i=1

costi (14)

Where costi refers to the cost at iteration i.
The minimum average cost over M runs can be calculated
as follows:

AvgCost = min
n

AvgCostn (15)

Where n = 1, . . . , M and M is the number of runs.

• Standard Deviation (STD)
It shows how the cost values are far from the average cost.
STD at run n can be calculated as follows:

STDn =

√∑MaxItr
i=1 |costi − AvgCost|2

MxIter
(16)

The minimum STD overM runs can be calculated as follows:

MinSTD = min
n

STDn (17)

• Selection size
The selection size at run n can be calculated as follows:

SelSizen =
SFn
D

(18)

SFn refers to the number of selected features in the optimum
solution obtained at run n. The minimum number of features
8

obtained over the M runs can be calculated as follows:

MinSelSize = min
n

SelSizen (19)

• Wilcoxon rank-sum test
Null hypothesis [50] is a type of hypothesis widely used
in Statistics. It is used to prove the results’ statistical signifi-
cance. The test results of the 15 datasets are compared using
Wilcoxon rank-sum test at the %5 significance level [51].
A small p-value (typically ≤ 0.05) indicates strong evidence
against the null hypothesis. In this hypothesis, researchers
assume no significant difference between the two methods’
average values.

4.5. Results

This section presents the numerical results of the proposed
binary COVIDOA and the comparisons with the state-of-the-art
algorithms. The results of the proposed binary COVIDOA for fea-
ture selection are presented in Table 5. The proposed binary COVI-
DOA achieved the highest accuracy rate (100%) for the datasets
named Zoo, Glass identification, and M-of-n. The minimum accu-
racy achieved is 65% for the mturk dataset. Moreover, the binary
COVIDOA achieved the minimum best fitness (0.001) and average
fitness (0.0032) for the Zoo dataset and minimum STD value
(1.3948e−17) for the Cryotherapy dataset. Besides, the proposed
algorithm achieved the minimum selection size of 1 from 15
features for the Australian dataset. The average accuracy, best
fitness, average fitness, standard deviation, and selection size for
all 26 datasets using the binary COVIDOA are achieved: 92.5%,

http://archive.ics.uci.edu/ml/datasets/Auto+MPG
http://archive.ics.uci.edu/ml/datasets/Auto+MPG
http://archive.ics.uci.edu/ml/datasets/Auto+MPG
http://archive.ics.uci.edu/ml/datasets/Auto+MPG
http://archive.ics.uci.edu/ml/datasets/Auto+MPG
http://archive.ics.uci.edu/ml/datasets/Auto+MPG
http://archive.ics.uci.edu/ml/datasets/Auto+MPG
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Fig. 7. Comparison of convergence curves of the binary COVIDOA and the state-of-the-art algorithms for (a)Auto_mpg, (b) and Page_blocks, and (c) House_voting
datasets.
0.0898, 0.0920, 0.0019, and 147.15, respectively. The obtained
results reveal the efficiency of the proposed algorithm, which
indicates its strong exploration and exploitation capabilities.

Figs. 7–10 show the convergence curves of applying the pro-
osed algorithm in the feature selection of various datasets. The
urves represent the relationship between the iterations from 1
o 100 and the corresponding fitness values for the proposed
inary COVIDOA and the state-of-the-art algorithms (GA, DE, PSO,
OA, WOASA, GWOPSO, HH, GWO, and AOA). It is evident from

he figure that the proposed binary COVIDOA outperforms the
9

state-of-the-art algorithms’ overall datasets in terms of fitness
values. In addition, the figure indicates the rapid convergence of
the proposed algorithm as it reaches the global optimum during
the first few iterations.

The numerical results of the proposed algorithm against the
state-of-the-art algorithms are shown in Tables 6–10. Table 6
shows the comparison in terms of classification accuracy. This
table shows that the proposed algorithm reaches the maximum
accuracy in 22 out of 26 datasets; however, GA reaches the
maximum accuracy in only 5 out of 26 datasets.
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Fig. 8. Comparison of convergence curves of the binary COVIDOA and the state-of-the-art algorithms for (a) Breast_cancer, (b) glass_identification, and (c)
ovement_libras datasets.
The proposed algorithm achieves the highest total average
ccuracy over all datasets. The bar chart in Fig. 11 presents a
omparison in terms of the total average classification accuracy.
he figure shows that the proposed algorithm comes in the first
osition with total average accuracy (92.5%), followed by the
WOPSO algorithm with total average accuracy (90%).
The statistical results of the best, average, and standard de-

iation of the fitness values of each algorithm are presented in
ables 7–9. The best results are in bold. As can be seen from the
esults, the binary COVIDOA outperforms the other algorithms in
9 out of 26 datasets in terms of best fitness. Each algorithm’s
10
average best fitness is recorded in Table 7 and shown in the bar
chart in Fig. 12.

The proposed binary COVIDOA algorithm archives the mini-
mum average best fitness value (0.092) for overall datasets fol-
lowed by (0.0106) for the GWOPSO algorithm. The proposed
algorithm achieves the minimum average fitness in 17 out of 26
datasets, followed by GA, which achieves the minimum average
fitness in 7 out of 26 datasets, as seen in Table 8. A comparison
between the algorithms in terms of the total average for the
average fitness values is shown in Fig. 13. The figure shows that
the proposed algorithm comes in the first position with a value
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Fig. 9. Comparison of convergence curves of the binary COVIDOA and the state-of-the-art algorithms for (a) Pixraw10p, (b) Heart, and (c) Zoo datasets.
f (0.0898), followed by the GWOPSO algorithm with a value of
0.01024).

The standard deviation is one of the essential metrics to eval-
ate the proposed algorithm. Lower standard deviation values
ndicate that the fitness values are clustered closely around the
ean value, proving the proposed algorithm’s stability. As shown

n Table 9, the proposed algorithm comes in the first rank as it
chieves the minimum STD values in 17 out of 26 datasets and
as the minimum average STD value (0.0019) compared to its
eers, see Fig. 14.
While maintaining the highest classification accuracy, another

bjective is to achieve the minimum number of selected features.
able 10 reports the number of selected features for all datasets.
11
The proposed algorithm achieves the minimum selection size for
17 out of 26 datasets. It achieves the minimum average selection
size (147.15) for all datasets, which means that the proposed
algorithm has high size reduction capabilities. As shown in Fig. 15,
the proposed algorithm is superior to its peers in the selected size.

The Wilcoxon rank-sum test is a nonparametric statistical
test that compares two paired groups. This test calculates the
difference between sets of pairs and analyzes them to establish if
they are statistically significantly different. The test results of the
26 benchmark datasets are compared using Wilcoxon rank-sum
test at the %5 significance level.

Table 11 introduces the p values computed by Wilcoxon rank-
sum test that compares the binary COIDOA with nine well-known
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Fig. 10. Comparison of convergence curves of the binary COVIDOA and the state-of-the-art algorithms for (a) Wine, (b) Waveform, and (c) Mturk datasets.
metaheuristic algorithms for the 26 benchmark datasets. We
observed from the table that all p values are less than a 5%
significance level for all comparative algorithms; this is strong
evidence against the null hypothesis. Therefore, we conclude that
the binary COVIDOA is better than all comparative algorithms.

The frameshifting technique applied to the population in the
replication stage of COVIDOA helps enhance the population diver-
sity of the search space and converge to global optima. The binary
COVIDOA reaches the minimum selection size while maintaining
the highest classification accuracy, achieving the two objectives
of the feature selection problem. The convergence curves and
12
standard deviation values also prove its high convergence as it
rapidly reaches the global optimum.

5. Conclusions and future work

Feature selection is a way to eliminate redundant and ir-
relevant data. This process leads to improved learning accu-
racy, reduced computational time, and enhanced understanding
of learning models. This paper proposed a binary approach to
the Coronavirus Optimization algorithm based on a wrapper
method to solve feature selection problems. The proposed al-
gorithm used the KNN classifier because its simplicity has two



A.M. Khalid, H.M. Hamza, S. Mirjalili et al. Knowledge-Based Systems 248 (2022) 108789
Fig. 11. : The total average accuracy for all datasets.
Table 6
The results of classification accuracy of the proposed and state-of-the-art algorithms.
Dataset Algorithm

BGA [43] BPSO [45] BWOA [23] BWOASA BDE [44] BGWOPSO [46] BHH [47] BGWO [48] BAOA [49] BCOVIDOA

1 Heart 0.8296 0.859259 0.822222 0.844444 0.814815 0.844444 0.866667 0.807407 0.80000 0.87407
2 Zoo 0.9608 0.960784 0.960784 0.980392 0.960784 1 1 1 1 1
3 Breast_cancer 0.9743 0.968571 0.968571 0.977143 0.968571 0.977143 0.968571 0.971429 0.971429 0.98
4 Glass_identification 0.9907 1 0.990654 1 0.990654 1 1 1 0.990654 1
5 Australian 0.8348 0.872464 0.857971 0.849275 0.811594 0.843478 0.843478 0.834783 0.8724q64 0.87826
6 spambase 0.9387 0.922642 0.917427 0.928292 0.924815 0.932203 0.916993 0.923077 0.912647 0.92047
7 EEG Eye State 0.96889 0.966889 0.960080 0.966088 0.966622 0.962350 0.965154 0.965688 0.966355 0.966622
8 Segment 0.9680 0.967965 0.959307 0.965368 0.961905 0.969697 0.961039 0.968831 0.961905 0.97576
9 Waveform 0.7916 0.793600 0.791200 0.794400 0.794000 0.799600 0.792800 0.794400 0.794000 0.8008
10 Auto MPG 0.8333 0.848485 0.823232 0.792929 0.843434 0.828283 0.828283 0.818182 0.868687 0.88889
11 House Voting 0.8716 0.880734 0.876147 0.857798 0.889908 0.876147 0.871560 0.844037 0.885321 0.8945
12 Wine 0.9326 0.943820 0.955056 0.966292 0.955056 0.955056 0.943820 0.955056 0.932584 0.98876
13 Vowel 0.9656 0.957490 0.943320 0.969636 0.967611 0.961538 0.951417 0.969636 0.973684 0.97571
14 Dermatology 0.9836 0.989071 0.983607 0.989071 0.989071 0.983607 0.983607 0.983607 0.989071 0.99454
15 Cryotherapy 0.8889 0.977778 0.955556 0.955556 0.977778 0.977778 0.933333 0.911111 0.955556 0.97778
16 M-of-n 1 1 1 1 1 1 1 1 1 1
17 kr-vs-kp 0.8242 0.831665 0.823529 0.814768 0.825407 0.831039 0.811640 0.808511 0.804130 0.83917
18 Optical recognition 0.9933 0.992214 0.991101 0.994438 0.992214 0.989989 0.983315 0.993326 0.982202 0.99444
19 Page blocks 0.9547 0.959810 0.960175 0.957252 0.952137 0.952503 0.957252 0.954695 0.960906 0.96346
20 Semion 0.9925 0.984944 0.984944 0.982434 0.986198 0.992472 0.976161 0.984944 0.985539 0.98369
21 Pendigits 0.9943 0.994282 0.990280 0.992567 0.994282 0.993139 0.99313 0.991424 0.983689 0.99314
22 Movement_libras 0.8667 0.855556 0.811111 0.811111 0.816667 0.850 0.816667 0.800000 0.833333 0.87222
23 arrhythmia 0.67234 0.663717 0.703540 0.690265 0.616071 0.672566 0.615044 0.6239 0.609091 0.66814
24 isolet5 0.8769 0.807692 0.833333 0.84359 0.826923 0.837692 0.816667 0.819231 0.805128 0.84743
25 pixraw10P 0.7800 0.720000 0.800000 0.822222 0.780000 0.760000 0.780000 0.80000 0.65306 0.8482
26 mturk 0.6517 0.622222 0.611111 0.611111 0.617978 0.633333 0.588889 0.633333 0.556818 0.65773
Average 0.8976 0.8977 0.8951 0.8983 0.8932 0.9009 0.8909 0.8906 0.8870 0.9250
Table 7
The results of best fitness of the proposed and state-of-the-art algorithms.
Dataset Algorithm

BGA [43] BPSO [45] BWOA [23] BWOASA [28] BDE [44] BGWOPSO [46] BHH [47] BGWO [48] BAOA [49] BCOVIDOA

1 Heart 0.17328 0.143179 0.180615 0.158615 0.189487 0.159385 0.136615 0.195282 0.201077 0.12774
2 Zoo 0.041324 0.042574 0.042574 0.024412 0.042574 0.003125 0.005000 0.004375 0.005000 0.00187
3 Breast_cancer 0.0287 0.036670 0.040003 0.028184 0.038892 0.030406 0.035559 0.033841 0.033841 0.026467
4 Glass_identification 0.012252 0.003 0.011252 0.003000 0.011252 0.003 0.004 0.012252 0.011252 0.002
5 Australian 0.16499 0.128404 0.141323 0.151360 0.192950 0.158528 0.158528 0.168565 0.126975 0.12124
6 spambase 0.066805 0.082023 0.088414 0.078184 0.081626 0.072206 0.088669 0.083873 0.091918 0.083823
7 EEG Eye State 0.039951 0.042065 0.048806 0.042858 0.042330 0.046559 0.043784 0.043255 0.042594 0.0439
8 Segment 0.034872 0.034346 0.042917 0.037444 0.041925 0.033158 0.044361 0.034541 0.039820 0.028737
9 Waveform 0.21251 0.211955 0.216236 0.211163 0.212035 0.207915 0.211795 0.212115 0.212035 0.20435
10 Auto MPG 0.16929 0.151429 0.180714 0.207857 0.157857 0.172857 0.172857 0.182857 0.134286 0.11286
11 House Voting 0.12782 0.123407 0.126615 0.142780 0.114991 0.125948 0.129823 0.159737 0.116865 0.10645
12 Wine 0.070908 0.058951 0.048661 0.037537 0.047828 0.048661 0.060618 0.050328 0.068408 0.01529
13 Vowel 0.040735 0.048752 0.063613 0.036727 0.040398 0.045577 0.054764 0.036727 .033553 0.031549
14 Dermatology 0.020347 0.015526 0.022700 0.015526 0.016996 0.020053 0.022406 0.021524 0.014643 0.011586
15 Cryotherapy 0.11333 0.027000 0.049000 0.049000 0.027000 0.027000 0.071000 0.091333 0.049000 0.025333
16 M-of-n 0.004615 0.004615 0.004615 0.004615 0.004615 0.004615 0.004615 0.004615 0.004615 0.004615
17 kr-vs-kp 0.17751 0.172938 0.179563 0.189094 0.177704 0.171557 0.193048 0.196146 0.198197 0.16293

(continued on next page)
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Table 7 (continued).
Dataset Algorithm

BGA [43] BPSO [45] BWOA [23] BWOASA [28] BDE [44] BGWOPSO [46] BHH [47] BGWO [48] BAOA [49] BCOVIDOA

18 Optical recognition 0.010826 0.013177 0.015372 0.011444 0.014584 0.014755 0.023550 0.015201 0.018974 0.013006
19 Page blocks 0.049852 0.044788 0.043426 0.046320 0.050384 0.051022 0.048320 0.048852 0.044703 0.040171
20 Semeion 0.011642 0.019963 0.022975 0.020113 0.021135 0.013604 0.029526 0.022340 0.023378 0.020903
21 Pendigits 0.013785 0.013785 0.014858 0.016498 0.013785 0.014292 0.014292 0.015991 0.025771 0.014292
22 Movement_libras 0.13533 0.147444 0.191444 0.191667 0.187278 0.151722 0.185611 0.204111 0.170000 0.13094
23 arrhythmia 0.28637 0.337938 0.298263 0.311225 0.388476 0.327528 0.386698 0.379299 0.395315 0.33151
24 isolet5 0.12621 0.195133 0.170640 0.16005 0.180260 0.147530 0.1899 0.186919 0.197429 0.156873
25 pixraw10P 0.22169 0.281957 0.202528 0.180455 0.222666 0.243217 0.220459 0.202906 0.34823 0.16326
26 mturk 0.3492 0.378970 0.390251 0.390351 0.386258 0.370114 0.412251 0.369754 0.448129 0.35454

Average 0.1040 0.1061 0.1091 0.1056 0.1117 0.1024 0.1133 0.1144 0.1175 0.0898
Fig. 12. The total average best fitness overall datasets.
Fig. 13. The total average mean fitness overall datasets.
Fig. 14. The total average STD overall datasets.
arameters: K and distance function. Many evaluation metrics
re utilized to evaluate the performance, such as classification
ccuracy, best fitness, average fitness, standard deviation, and
election size. The proposed algorithm is tested on 26 benchmark
atasets, and the results are compared with nine well-known
etaheuristics.
14
Additionally, the Wilcoxon rank-sum test is evaluated to prove
the significance of the proposed algorithm. The statistical results
reveal that the proposed algorithm performs better than the
state-of-the-art algorithms. The convergence curves proved that
it has a high convergence speed as it reaches the global optimum
rapidly.



A.M. Khalid, H.M. Hamza, S. Mirjalili et al. Knowledge-Based Systems 248 (2022) 108789
Fig. 15. The total average selection size of overall datasets.
Table 8
The results of the average fitness of the proposed and state-of-the-art algorithms.
Dataset Algorithm

BGA [43] BPSO [45] BWOA [23] BWOASA [28] BDE [44] BGWOPSO [46] BHH [47] BGWO [48] BAOA [49] BCOVIDOA

1 Heart 0.2015 0.1702 0.2043 0.1851 0.1522 0.1611 0.1432 0.1955 0.2208 0.1394
2 Zoo 0.0527 0.0826 0.0452 0.0818 0.0645 0.0047 0.0059 0.0044 0.0100 0.00332
3 Breast_cancer 0.0311 0.0328 0.0317 0.0385 0.0321 0.0350 0.0357 0.0338 0.0360 0.0272
4 Glass_identification 0.0123 0.0032 0.0115 0.0031 0.0116 0.0245 0.0041 0.0123 0.0142 0.0021
5 Australian 0.1655 0.1305 0.1615 0.1621 0.1931 0.1599 0.1601 0.1687 0.2172 0.12342
6 spambase 0.0713 0.0836 0.0989 0.0838 0.0850 0.0750 0.0901 0.0842 0.1053 0.0867
7 EEG Eye State 0.0401 0.0424 0.0498 0.0454 0.0424 0.0467 0.0442 0.0433 0.0426 0.0439
8 Segment 0.0351 0.0345 0.0475 0.0413 0.0429 0.0334 0.0448 0.0346 0.0444 0.0306
9 Waveform 0.2142 0.2137 0.2198 0.2141 0.2127 0.2084 0.2140 0.2123 0.2284 0.2051
10 Auto MPG 0.1693 0.1514 0.1813 0.2126 0.1581 0.1729 0.1732 0.182857 0.1343 0.1129
11 House Voting 0.1288 0.1242 0.1293 0.1479 0.114991 0.1261 0.1324 0.1600 0.1235 0.1064
12 Wine 0.0710 0.0607 0.0602 0.0418 0.0503 0.0499 0.0618 0.0504 0.0965 0.0153
13 Vowel 0.0411 0.0494 0.0657 0.0385 0.0407 0.0477 0.0558 0.0370 0.0336 0.0318
14 Dermatology 0.0228 0.0179 0.0294 0.0254 0.0222 0.0205 0.0245 0.0215 0.0215 0.0182
15 Cryotherapy 0.1133 0.0270 0.0497 0.0499 0.0270 0.0276 0.0710 0.0913 0.0490 0.0253
16 M-of-n 0.0055 0.0046 0.0279 0.0204 0.0094 0.0069 0.0129 0.0049 0.1233 0.0051
17 kr-vs-kp 0.1801 0.1800 0.1809 0.1983 0.1861 0.1740 0.1950 0.1962 0.2137 0.1629
18 Optical recognition 0.0122 0.0139 0.0191 0.0147 0.0158 0.0183 0.0251 0.0161 0.0190 0.0136
19 Page blocks 0.0499 0.0448 0.0440 0.0468 0.0504 0.0511 0.0483 0.0489 0.0447 0.0403
20 Semeion 0.0129 0.0213 0.0260 0.014858 0.0239 0.0181 0.0302 0.0226 0.0234 0.0220
21 Pendigits 0.0138 0.0139 0.0154 0.0169 0.0140 0.0144 0.0149 0.0160 0.0259 0.0144
22 Movement_libras 0.1421 0.1499 0.2091 0.2036 0.2012 0.1539 0.1887 0.2049 0.1796 0.1314
23 arrhythmia 0.3106 0.3420 0.3233 0.3428 0.4058 0.3437 0.3925 0.3799 0.3959 0.3401
24 isolet5 0.1450 0.1991 0.1952 0.1779 0.1899 0.1605 0.1882 0.1906 0.2049 0.1651
25 pixraw10P 0.2345 0.2836 0.2048 0.1807 0.2227 0.2446 0.2206 0.2029 0.3482 0.1633
26 mturk 0.4044 0.3841 0.4248 0.4439 0.4142 0.3810 0.4313 0.3901 0.4587 0.3623
Average 0.1108 0.1100 0.1175 0.1166 0.1147 0.1061 0.1157 0.1155 0.1313 0.0920
Table 9
The results of the proposed and state-of-the-art algorithms’ standard deviation (STD).
Dataset Algorithm

BGA [43] BPSO [45] BWOA [23] BWOASA [28] BDE [44] BGWOPSO [46] BHH [47] BGWO [48] BAOA [49] BCOVIDOA

1 Heart 0.0085 0.0101 0.0133 0.0117 0.0094 0.0158 0.0168 0.0023 0.0056 0.0083
2 Zoo 5.4847e−04 2.4328e−04 0.0035 0.0106 1.3690e−04 0.0039 0.0018 3.4007e−04 5.0000e−05 1.0548e−05
3 Breast_cancer 6.3965e−04 4.0826e−04 0.0025 0.0014 0.0015 1.9050e−04 0.0011 2.4166e−04 2.2222e−04 1.8282e−04
4 Glass_identification 1.7145e−04 4.0936e−04 4.3519e−04 3.4289e−04 8.6199e−04 2.0000e−04 1.9695e−04 0.0020 3.0000e−04 1.0000e−04
5 Australian 0.0046 0.0063 0.0323 0.0285 5.5268e−04 0.0108 0.0069 0.0014 0.0091 0.0045
6 spambase 0.0086 0.0028 0.0151 0.0071 0.0071 0.0049 0.0025 0.0015 0.0014 0.0031
7 EEG Eye State 0.0011 0.0015 0.0060 0.0118 9.9593e−04 9.7810e−04 0.0021 0.0025 0.0022 0.0018
8 Segment 0.0011 9.0169e−04 0.0063 0.0083 0.0019 0.0011 7.7223e−04 2.3733e−04 4.6306e−05 9.1212e−04
9 Waveform 0.0045 0.0049 0.0050 0.0067 0.0029 0.0033 0.0036 0.0045 0.0033 0.0028
10 Auto MPG 1.4286e−04 1.1158e−16 0.0055 0.0173 7.8019e−04 1.4286e−04 0.0030 2.7895e−17 2.5106e−16 1.9739e−17
11 House Voting 0.0038 0.0025 0.0039 0.0020 0.0012 6.7722e−04 0.0021 0.0014 0.0016 1.1158e−16
12 Wine 3.6507e−04 0.0049 0.0315 0.0221 0.0064 0.0070 0.0071 0.0041 0.0033 2.6152e−17
13 Vowel 0.0015 0.0030 0.0034 0.0067 0.0011 0.0041 0.0012 0.0012 2.5000e−04 7.2473e−04
14 Dermatology 0.0064 0.0048 0.0194 0.0151 0.0086 0.0012 0.0037 0.0011 6.8804e−04 0.0024
15 Cryotherapy 6.9739e−17 6.2765e−17 0.0043 0.0055 6.2765e−17 0.0063 6.9739e−17 1.3948e−16 6.9739e−17 1.3948e−17
16 M-of-n 0.0044 0.0139 0.0448 0.0499 0.0184 0.0179 0.0266 0.0044 0.0120 0.0023
17 kr-vs-kp 0.0059 0.0100 0.0041 0.0096 0.0114 0.0057 0.0026 5.5751e−04 0.0016 2.7895e−16
18 Optical recognition 0.0027 0.0018 0.0037 0.0043 0.0018 0.0033 0.0019 0.0020 0.0062 9.7768e−04

(continued on next page)
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Table 9 (continued).
Dataset Algorithm

BGA [43] BPSO [45] BWOA [23] BWOASA [28] BDE [44] BGWOPSO [46] BHH [47] BGWO [48] BAOA [49] BCOVIDOA

19 Page blocks 2.0136e−04 6.4991e−05 0.0012 0.0013 9.3483e−05 3.5320e−04 6.3829e−05 2.8766e−04 2.3956e−04 3.2698e−04
20 Semeion 0.0028 0.0015 0.0025 0.0024 0.0023 0.0034 0.0012 0.0011 0.0060 8.7931e−05
21 Pendigits 2.6000e−04 5.2196e−04 0.0020 6.1602e−04 5.5680e−04 6.3477e−04 5.9333e−04 5.6604e−05 2.4575e−04 2.3527e−04
22 Movement_libras 0.0160 0.0086 0.0122 0.0153 0.0109 0.0052 0.0036 0.0036 0.0024 0.0015
23 arrhythmia 0.0339 0.0082 0.0218 0.0237 0.0159 0.0210 0.0076 0.0034 0.0045 0.0016
24 isolet5 0.0214 0.0082 0.0100 0.0120 0.0086 0.0145 0.0037 0.0053 0.0027 0.0047
25 pixraw10P 5.2430e−05 0.0054 0.0060 1.1680e−04 4.1843e−16 0.0049 3.5025e−04 6.6087e−06 2.7035e−04 3.6043e−06
26 mturk 0.0493 0.0121 0.0158 0.0376 0.0186 0.0264 0.0160 0.0285 0.0270 0.0142

Average 0.0068 0.0043 0.0106 0.0119 0.0050 0.0063 0.0045 0.0027 0.0026 0.0019
Table 10
The results of selection size of the proposed and state-of-the-art algorithms.
Dataset Algorithm

BGA [43] BPSO [45] BWOA [23] BWOASA [28] BDE [44] BGWOPSO [46] BHH [47] BGWO [48] BAOA [49] BCOVIDOA

1 Heart 5 4 5 5 6 6 5 5 4 3
2 Zoo 5 6 7 10 7 6 8 7 6 4
3 Breast_cancer 3 5 8 5 7 7 4 5 5 5
4 Glass_identification 2 2 2 3 2 2 2 3 2 2
5 Australian 3 3 3 3 9 5 5 7 1 1
6 spambase 35 31 38 40 40 30 30 44 31 29
7 EEG Eye State 13 13 13 13 13 13 13 13 13 13
8 Segment 13 5 5 5 8 13 11 7 4 9
9 Waveform 13 15 17 16 16 16 14 18 16 15
10 Auto MPG 3 2 4 2 2 2 2 2 3 2
11 House Voting 3 8 6 3 9 5 4 8 5 3
12 Wine 5 4 5 5 4 5 6 7 2 4
13 Vowel 8 8 8 8 10 9 8 8 8 8
14 Dermatology 14 16 22 16 22 14 21 18 13 13
15 Cryotherapy 2 3 3 3 3 3 2 2 3 2
16 M-of-n 20 20 20 20 20 20 20 20 20 20
17 kr-vs-kp 13 22 17 17 17 15 23 23 15 13
18 Optical recognition 27 35 42 38 44 31 33 54 35 31
19 Page blocks 5 5 4 4 3 5 6 4 6 4
20 Semeion 125 133 136 146 197 125 156 195 258 125
21 Pendigits 13 13 11 12 13 12 12 12 12 11
22 Movement_libras 29 39 39 42 52 38 38 38 42 36
23 arrhythmia 98 140 73 73 234 128 156 194 232 73
24 isolet5 218 269 293 348 550 410 322 491 278 250
25 pixraw10P 3890 4757 4528 4455 4866 5616 3659 4906 4758 2861
26 Mturk 290 248 262 267 402 355 362 337 468 289

Average 186.7 223.3 214.2 213.8 252.2 265 189.30 247.23 240 147.15
Table 11
The results of Wilcoxon rank sum test.
Dataset COVIDOA vs

GA
COVIDOA vs
DE

COVIDOA
vs PSO

COVIDOA vs
WOA

COVIDOA
vs WOASA

COVIDOA vs
GWOPSO

COVIDOA vs
GWO

COVIDOA vs
HH

COVIDOA
Vs AOA

1 Heart 5.6032e−39 1.7658e−37 5.6003e−39 2.1981e−36 2.7477e−36 1.8002e−37 3.8011e−4 1.3865e−35 4.342e−33
2 Zoo 1.7534e−36 1.6259e−14 6.9608e−20 1.7181e−33 9.1823e−29 9.9344e−19 1.4233e−39 2.0497e−40 2.4533e−35
3 Breast_cancer 6.3499e−43 1.2756e−28 1.0760e−39 4.0981e−43 6.8100e−42 9.7131e−43 4.6912e−43 7.4605e−43 6.5322e−40
4 Glass_identification 2.3159e−44 2.6903e−42 3.5850e−44 5.4813e−44 3.3051e−26 1.5851e−40 2.5793e−34 3.5850e−44 1.6437e−30
5 Australian 2.1302e−43 8.5032e−35 4.1592e−23 3.9384e−17 1.1815e−34 4.2307e−30 1.9596e−18 9.7510e−15 7.3434e−22
6 Spambase 4.3465e−31 1.9975e−24 1.1097e−35 1.9636e−06 2.4298e−32 1.0498e−33 9.0754e−38 4.4347e−25 1.4765e−32
7 EEG Eye State 1.3910e−37 1.3954e−05 2.6110e−34 2.7204e−34 8.8026e−08 1.6882e−30 1.9302e−05 3.3901e−06 4.6433e−18
8 Segment 7.6710e−43 1.3937e−40 7.6484e−43 6.1152e−38 3.0861e−39 9.6344e−36 9.4052e−38 8.6619e−41 9.6023e−40
9 Waveform 7.6385e−31 4.7017e−35 5.5021e−31 3.8192e−15 4.5960e−31 2.1784e−32 2.9884e−29 1.9970e−40 2.4340e−25
10 Auto MPG 3.5216e−45 9.2924e−45 5.7625e−45 2.6851e−37 1.8127e−43 3.5216e−45 5.7625e−45 3.5216e−45 2.7850e−45
11 House Voting 3.4467e−40 8.6598e−41 3.9014e−40 7.8992e−40 2.4713e−39 5.9000e−44 4.8986e−37 3.5147e−41 6.3344e−39
12 Wine 4.8033e−42 2.6353e−43 9.2924e−45 9.8266e−41 2.0061e−42 1.4777e−44 3.6008e−40 1.6868e−40 5.3830e−40
13 Vowel 2.9574e−42 2.9557e−32 7.6711e−39 5.6250e−25 1.3419e−41 2.5666e−37 5.0621e−38 1.0285e−41 1.2673e−45
14 Dermatology 2.4166e−09 4.4232e−18 1.8017e−07 5.4397e−11 1.2786e−14 1.2684e−30 1.1505e−35 1.0661e−42 2.5742e−14
15 Cryotherapy 3.5216e−45 3.5216e−45 3.5216e−45 2.9642e−43 5.7625e−45 3.5216e−45 3.5216e−45 3.5216e−45 4.6472e−45
16 M-of-n 3.1186e−11 1.4396e−06 1.9623e−10 3.5325e−05 9.0593e−07 2.7821e−10 1.0333e−04 1.9571e−15 1.6467e−12
17 kr-vs-kp 1.1945e−40 1.2793e−39 8.3757e−40 4.6916e−39 4.6202e−40 4.1952e−39 4.5437e−39 9.9695e−40 1.3575e−40
18 Optical recognition 7.9569e−19 1.1762e−07 7.0097e−33 3.4097e−08 6.4914e−29 2.4700e−28 5.9524e−29 1.3792e−13 2.7345e−20
19 Page blocks 4.8485e−43 1.6000e−42 3.0580e−39 5.5883e−41 1.2629e−41 5.7625e−45 1.3127e−43 2.4083e−41 3.8567e−35
20 Semeion 1.4273e−37 6.0392e−37 8.5955e−27 1.2883e−36 1.7441e−36 5.2803e−42 1.9126e−39 6.9880e−33 6.7486e−32
21 Pendigits 1.5393e−40 1.1753e−38 4.5141e−38 7.2579e−38 1.2680e−25 6.8678e−40 6.6390e−24 7.9184e−31 9.3431e−33

(continued on next page)
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Table 11 (continued).
Dataset COVIDOA vs

GA
COVIDOA vs
DE

COVIDOA
vs PSO

COVIDOA vs
WOA

COVIDOA
vs WOASA

COVIDOA vs
GWOPSO

COVIDOA vs
GWO

COVIDOA vs
HH

COVIDOA
Vs AOA

22 Movement_libras 6.2654e−27 4.5994e−35 6.9745e−39 1.7639e−35 1.1697e−35 2.2858e−34 1.1526e−34 4.3247e−39 4.6727e−35
23 Arrhythmia 4.5345e−32 5.3278e−31 8.3454e−28 4.6544e−25 1.3249e−38 5.3453e−40 6.3437e−35 5.3453e−31 1.6346e−32
24 isolet5 1.2343e−10 1.6489e−08 5.3475e−14 4.6479e−11 5.6324e−15 6.2140e−18 3.5359e−10 1.2536e−20 2.5362e−22
25 pixraw10P 1.3534e−28 4.6273e−24 5.3455e−12 6.3081e−32 1.3455e−35 5.2343e−34 2.1536e−33 3.5389e−25 2.3125e−28
26 Mturk 3.4537e−05 4.6471e−08 6.4340e−13 3.5467e−12 6.2138e−17 4.7543e−10 5.3572e−25 1.5366e−18 4.5920e−12
Future work may apply the binary COVIDOA with different
lassifiers such as support vector machines (SVM). Also, applying
he proposed algorithm to solving real-world problems such as
edical diagnoses, image processing, and industrial applications
ould be interesting. Another possible future work is hybridizing
OVIDOA with another metaheuristic algorithm such as SA or
SO.
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