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Abstract This paper introduces a new methodology for
optimization problems, combining the Grey Wolf Optimizer
(GWO) with Simi-stochastic search processes. Intelligent
optimizations represent an advanced approach in machine
learning and computer applications, aiming to reduce
the number of features used in the classification process.
Optimizing bioinformatics datasets is crucial for informa-
tion systems that classify data for intelligent tasks. The
proposed A-Proactive Grey Wolf Optimization (A-GWO)
solves stagnation in GWO by applying a dual search with a
Simi-stochastic search. This target is achieved by distribut-
ing the population into two groups using a different search
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technique. The model’s performance is evaluated using two
benchmarks: the Evolutionary Computation Benchmark
(CEC 2005) and seven popular biological datasets. A-GWO
demonstrates highly improved efficiency in comparision
to the original GWO and Particle Swarm Optimization
(PSO). Specifically, it enhances exploration in 66% of CEC
functions and achieves high accuracy in 70% of biological
datasets.

Keywords Grey wolf optimization - Features selection -
Bioinformatic systems - Data mining

1 Introduction

Today, biomedical data is generated continuously from vari-
ous biomedical equipment and experiments due to techno-
logical improvements in medical sciences. Optimizing bio-
information datasets plays a vital role in the information
system for data classification and other intellectual functions
[1]. Intelligent optimizers represent an advanced stage of
machine learning and computer applications by reducing
the total number of features for the process of classification
function. Figure 1 illustrates the scenario of the intelligent
bioinformatic system.Please confirm if the author names
are presented accurately and in the correct sequence (given
name, middle name/initial, family name). Author 1 Given
name: [specify authors given name] Last name [specify
authors last name]. Also, kindly confirm the details in the
metadata are correct.Thank you they are correct. However,
we kindly request to have the author Ayman Ibaida as a
second corresponding author or as a main corresponding
author if it is not possibleThe labels in figure (fig 10) is not
readable. Please provide a new figure with legible labels
in Vector EPS or tiff / jpeg format with 600 dpi resolution.
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Thanks, we have uploaded new modified high quality jpeg
format images for Fig.10

The metaheuristic algorithm has successfully optimized
several bioinformatic systems approaches [2—6]. The con-
cept of search in metaheuristic algorithms depends mainly
on randomness. That is a systematic form to simulate the
neuter behavior of animals or neutral phenomena. Develop-
ing search operations for metaheuristic algorithms depend
on improving two factors exploration and exploitation[7, 35,
37, 38]. It is impossible to improve one factor and leave the
other. Improving the exploration without exploitation will
increase the scattering search and the instability of results.
Also, improving the exploitation without exploration will
increase the probability of falling into stagnation. There-
fore, the robust optimization models have high exploration
and exploitation [8]. The main challenge in searching with
metaheuristic algorithms is that the algorithm potentially
enters stagnation; therefore, more algorithm exploration
is required to overcome the stagnation in the local optima.
The Grey Wolf Optimization algorithm (GWO) is one of
the recent metaheuristic algorithms that have been used in
[9, 36, 39]. It has several characteristics that distinguish it
from other algorithms. It is fast, easy to implement, and has
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Fig. 1 Scenario of intelligent bioinformatic system
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a simple mathematics model [10]. To improve the search
capabilities of the algorithm, we attributed exploration and
exploitation by adding the dual search method when the
algorithm is prone to stagnation during the search process.
In dual search, the population is split into several groups,
each searching individually for the best solution [11, 12].
The GWO has reduced computational costs by replacing
time-consuming exhaustive searches. On the other hand,
most of these approaches suffer from a lack of diversity,
local optima, and an imbalance between the exploratory
and exploitative capabilities of the algorithm. in other word,
these problems can be a milestone on the way to the best
solution in any research.Kindly check and confirm the edit
made in the title.Thanks, we checked and a pleasure to con-
firm the edit made in the title.Journal instruction requires a
city for affiliations; however, these are missing in affiliation
[1]. Please verify if the provided city is correct and amend if
necessary.City has been corrected.please, also I mistakenly
added a new affiliation to the author Ayman Ibaida and failed
to remove it. Can you please remove it

Many problems can arise when searching for the best sub-
set of features [13]. Random search, depth search, breadth
search, or hybrid approaches are some of the search methods

Expert Committee

Bioinformatic Engineering

Analysis/ implem entationv\/ !\\/

Store Information

-~
- -
- -
- -

Patients database



Int. j. inf. tecnol. (December 2024) 16(8):4797-4814

4799

for determining relevant subsets of features. Breadth-first
search is not suitable for large datasets because it is impos-
sible to select the best subset of components in a 2d-solution,
where d is the size of the features. In optimization, the algo-
rithm is a big part of how quickly reasonable solutions can
be found.

1.1 Motivation

Generally, The devices that process data has grown at an
exponential rate, so computer servers that get a lot of data
may have some features that aren’t ideal [8]. The noise,
device errors, or reputation in the elements potentially
increase the number of unrelated features in the data objects.
Data processing can be improved by extracting and select-
ing important data types and features. In addition, machine
learning algorithms have significant problems with high-
dimensional data that contain many undesired features [14,
15]. The improvement in feature selection. Improving the
feature selection improves the systems’ performance and
reduces the complexities of time and storage. The successes
of GWO [16] and the importance of feature selection have
motivated us to develop a new version of GWO (A-GWO)
for optimizing features for bioinformatic systems and
machine learning approaches. We found that original version
of GWO suffers from several drawbacks; some of them are:

1. Stuck in local optima: The GWO quickly gets into local
optima, so the algorithm is limited in the advanced
stages of the search [17]. Therefore, this negatively

subset of features

affects the algorithm’s performance and causes it to fail
to help change the path for the better. This hypocritical
behavior of the algorithm results from the dependence
on a single induction method and the presence of various
solutions proposed by the algorithm [8].

2. Low convergence: GWQ’s search process suffers from
a lack of convergence in climbing towards the global
solution or the best possible local optima [18]. The algo-
rithm updates the proposed solutions based on the previ-
ous best position of the grey wolf alpha, beta, and delta.

3. Imperarical results: Generally, GWO yields highly vari-
ant results, especially for high-dimensional objective
functions. The instability of the result after each itera-
tion detracts from the algorithm’s reality.

1.2 Contribution

The contribution of this paper lies in proposing search
framework that transfers or substantially helps the algo-
rithm overcome the stagnation interval during the search
process. The proposed method switches the search engine
to randomness in the case of stagnation. It returns to the
ongoing search in the systematic process (regular search) to
contribute to the results’ stability. In the proposed model, if
the GWO does not achieve any increase in progress toward a
global solution, it will increase stochastic search to improve
the exploration of a search engine. Stochasticity leads to
scattering in search processing. Therefore, the search pro-
cedure must rely on the current local optima as the central
part of the optimization equation to advance to the global
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Fig. 2 Feature selection by wrapper model and optimization algorithm
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Fig. 3 A feature selection example with a threshold is 0.5, The data-
set’s features that correspond to the index of selected features will be
chosen, while the others will be omitted

A

()

Fig. 4 Hierarchy of grey wolf (dominance decreases from the top
down)

solution. Two goals are achieved by gradually increasing
the stochastic search: improving the exploration and reduc-
ing the scatter of the search process. However, the proposed
A-GWO provided several promising achievements:

1. Low stuck in local optima: The proposed model
(A-GWO) margins are two techniques that give a proac-
tive way during search operations. Therefore, the prob-
ability of falling into stagnation is low depending on our
tests.

2. High convergence: The proposed A-GWOQO’s search pro-
cess converges highly during search progress. It is based
on two fundamentally different methods of behavior
and techniques used. Diversity in generating solutions
greatly enhances search convergence [19]. The presence
of this feature in the proposed method enables the algo-
rithm to increase the convergence rate.

3. Stability results: The experiment results show that the
proposed A-GWO gives pretty close results when run
several times. The results of the proposed method make
it seem like the proposed techniques are very stable and
reliable.

1.3 Evaluation strategies
The proposed model is tested and evaluated by Congress on

Evolutionary Computation 2005 (CEC’2005) as a bench-
mark Function. The proposed A-GWO compared with the

@ Springer

original GWO and Practical Swarm Optimization (PSO)
in feature selection and finding optimal solutions in CEC
benchmark Function. Moreover proposed model was com-
pared with recent features selection models.

1.4 Paper organization

The rest of the paper is organizaed into 6 sections (2.7).
Section 2 describes related work. Section 3 illustrates Wrap-
per Feature selection models. Section 4 states the Grey
Wolf Optimization (GOW) model. Section 5 explains the
Proposed A proactive Grey Wolf Optimization (A- GOW)
model. Dataset and result discussion are discussed in Sect. 6.
Finally, conclussions are discussed in Sect. 7.

2 Related works

Several studies have proposed different optimization models
to develop the metaheuristic model. Most of the methods
are based on the combination of two algorithms. However,
both algorithms potentially suffer from technical problems in
search. Suppose the fundamental issues of the algorithm are
not addressed, such as discovering and exploiting optimal
solutions, dealing with slack, and reducing the dispersion of
results. In that case, good results will not be obtained.

Chakraborty et al. [19] proposed a hybrid machine learn-
ing based on an ensemble technique with A Grey Wolf
Optimization(GWO) for feature selection. They select fea-
tures in the proposed model based on a binary represen-
tation. The binary model in featuer selection has limited
search space by 0 or 1; therefore, It’s easy to get into the
stagnation area [20].

In [21], The authors propose a new hybrid filter and
wrapper approach that uses Minimum Redundancy Maxi-
mum Relevancy (rMRMR) as a filtering approach to select
the best-ranked genes. The modified Grey Wolf Optimizer
(MGWO) is used as a wrapper approach to search for other
small groups of genes. The modified Grey Wolf Optimizer
(MGWO) is used as a wrapper approach to search for differ-
ent small groups of genes. To maintain diversity in searching
for promising genes in the search space, MGWO incorpo-
rates TRIZ principles. After each GWO improvement loop,
the main task of these Triz operators is to increase the diver-
sity of the whole updated GWO population iteratively. Thus,
this can be considered a hybrid mechanism with creative
operators. Running the algorithm iteratively does not mean
improving the algorithm technically. This work increases the
time complexity of the algorithm. The technique depends
entirely on the number of runs.

Wen et al. [22] proposed a new position update equation
presented by using a random individual in the population
to guide the search for unique candidate individuals. They
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Fig. 6 Example of search processes of proposed A-GWO

introduced a strategy with nonlinear control parameters to
fully utilize the GWO algorithm and balance exploration and
exploitation. The proposed model updates the position by
adding two random variables to the final equation of GWO
that responds to generate new candidate solutions. Adding
these variables to the basic form of the algorithm converts
the algorithm ultimately into a simi-stochastic. Therefore,
the proposed model potentially suffers from scattering
search and instability results.

Alkafagi et al. [14] proposed a new framework to opti-
mize search progress in PSO by restarting the entire pop-
ulation when the PSO algorithm stagnates. The authors
highlighted the population baseline as the cause of the
decline in research quality. The proactive model would

Parameters pool

reset the population when the system detects stagnation
in the search process. This method increases exploration
and decreases the likelihood that the local optimum will
stagnate. Researching from the beginning gives a logical
reason that the beginning will provide better solutions than
the current situation.

Al-Shammary et al. [8] proposed a new version of Particle
Swarm Optimization (PSO) to search for the best possible
solution to a high-complexity problem. The model randomly
divides the population into two groups to foster explora-
tion and prevent stagnation. Dual search helps algorithms
search for high-dimensional issues. The random searches
yield inconsistent and untrustworthy results.

@ Springer
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Fig. 7 Proposed a proactive grey wolf optimization (A-GWO)

3 Wrapper feature selection models

The wrapper features selection models are excellent for
selecting high correlation features from high-dimensional
data [23]. It picks features by trial and error and may choose
a different group of features after each cycle. The wrapper
model randomly picks characteristics; therefore, the system
relies on unpredictable and variant results [24]. Metaheuris-
tics choose wrapper model features. This study uses the pro-
posed A-GWO to represent the features model in the wrap-
per model. Figure 2 shows how the wrapper model uses the
optimization algorithm to choose the best features.

Figure 3 illustrates the mechnisim of feature selection
scenario of the proposed approach.

4 Grey wolf optimization (GOW) model

Grey Wolf Optimization (GOW) is a metaheuristic proposed
by Mirjalili et al. [9], inspired by the haunting of Grey Wolves.
Technically, it consists of four groups in its community divided
by their capabilities. These four groups are called Alpha, Beta,
Delta, and Omega. These are the solutions of the GWO, with
Alpha, Beta, and Delta being the first, second, and third best

@ Springer

solutions, respectively. The Omega group is the weakest solu-
tion in the GWO. Figure 4 shows the hierarchy dominant strict
society of wolves from strong (best) to worst.

The mathematical representation of GWO is shown by the
Egs. 1..4 [9]:

. : P .

Xy = X - CAX, - X)) M
where 7 is the current iteration, A and C are coefficient vec-
tors, XI‘; is the position vector of the prey in ith dimension,
and X' ; is positions of prey and grey wolves in ith dimension.
Equations 2 and 3 calculate the coefficient A, C, respectively.

Al = |2ai.rl —d| )

Ci = 2}’2 (3)

ry,r, are random vectors within intervals [0, 1], and a is
linearly decreasing number from 2 to O at each iteration:
Eq. 4 calculates a:

)
where iter,,,. determine the maximum number of iterations.
Position of wolves [X, Y] changes concerning prey position
[X*, Y*].
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Fig. 9 Number of the updating (a0 |30
dimensions in the 2nd group
(SS,) (where iter,,,=100, Maxp, |
=30, Maxp,=3) 25
20~
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5 T | peeili=
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Updating formulas for the three best wolves
(AlphaX:, BetaX}, andDeltaX}) are as shown in Egs. 5, 6,
and 7:

X}, =X, ~A|.D,. D, = |C,.X; - X]| )
X5, = Xy — A}.Dy, Dy = |Cy.X; = XF'| (©6)
X, = X5 = AyDy Dy = |C3.X; - X1| ™

Equation 8 calculates the final position of candidate
solution X

i j i
Xi _ Xll,r + XlZ,t+X2,t
+1 3

®)

Figure 5 illustrates the search methodology of the GWO
algorithm.

5 Proposed a proactive grey wolf optimization (A-
GOW) model

Evolutionary Algorithms (EAs) generally consist of three
steps: initialization, update position, and termination. The
development in A- GOW is through adding a new frame-
work search methodology, which is the sense of the stag-
nation and distribution of the population into two search
groups. Each group searches with a different technique.
This step aims to enhance the exploration of the proposed
model. The proposed system handles the scattering in the
searching process by maintaining the limited number of
wolf dimensions without modifying the earlier search.

@ Springer
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The wolf’s dimensions are subject to updating gradually
during increases as the research stages progress. Figure 6
illustrates the scenario of search progress in the proposed
A-GWO. This example shows three local optima (A, B,
and C) and one global solution (D). Assume the algorithm
only in location B suffers from stagnation, so it applied
dual search only in location B to overcome stuck (B — C)
and return to principles of GWO to jump from location
(C = D).

Figure 7 illustrates the scenario of the searching process
of the proposed A- GOW.

5.1 Initialization

The proposed model’s initial parameters are set in this step
(process 1.0). The percentage of each group’s EGWO is
used to determine the proportion of each group’s tendency
in the final population. Minimum and maximum dimensions
are subject to updating in the second group. Moreover, the
essential parameters of the GWO are also determined to cre-
ate an integrated environment to work as an algorithm.

5.2 Aggregate the candidate solutions and system
behavior

This phase in the proposed system consists of four processes
(2.0, 3.0, 4.0, and 5.0). The general purpose of those steps
is to aggregate and check system behavior. After aggregat-
ing the candidate solutions (process 2.0), the system has to
evaluate solutions (process 3.0) and check the stop criteria
of the search process(process 4.0). If the system satisfies
the stop criteria, return the available best solution as an out-
come of the search process; otherwise, the system goes on
searching for other accepted solutions. The proposed system
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Fig. 10: 2D versions of the CEC’05 benchmark functions
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Table 1 Details of biological datasets

Data set Size Data field
Samples Features Classes

ALLAML 72 7129 2 Bioinformatic data
CLL_SUB_111 111 11,340 3

GLI_85 85 22,283 2

Leukemia 72 7070 2

Lung 203 3312 5

lung_discrete 73 325 7

TOX_171 171 5748 4

Table 2 Parameters of A-GWO, GWO, and PSO

Parameter A-GWO GWO PSO
Population size 30 %30 30x 30 30x 30
Upper/lower boundary +100 +100 +100
P, 0.9 - -
P 0.1 - -
max y 1.0 - -
min, 0.4 - -
Max iterations 50 50 50
Vmax - - 6
wMax - - 0.9
wMin - - 0.2
cl,c2 - - 2

applied the dual search after failing to figure out a new best
candidate solution during n-iterations (process 5.0).

5.3 Population distributed

The A- GOW is inspired by the principle of sharing life mat-
ters between two partners. Mathematically, the population is
divided into two groups with inverse relationships in terms
of population size in each group — Search Agents number of
each group. The first group GOWg consists of some wolves
searching based on the principle of grey wolf optimization
techniques. While the second group SSg, the wolfs search-
ing in simi-stochastic(as shown in Fig. 7). They are selected
randomly from the entire of wolves population. Equations 9
and 10 calculate the number of wolves in each group [8].

2
Pl = Popsize - round<<Pmax - (ite: > (me( - Pmin))Popsize>

)]
P2 = Popxize - Pl (10)

where Py, P, are the size of GOW, and SS, respectively
Pacs Py are the percentage of GOW, and SS, while the

max>* min

@ Springer

pop;.. is the value of the total population of a new genera-
tion, and 7 is the current iteration.

The split population is only if the algorithm falls in local
optima -using a dual search process. If the search progress
continues, the algorithm searches using the traditional GWO
principles method. Therefore, three scenarios are expected: the
stagnation period is continuous, the stagnation period is not
continuous, or the stagnation does not happen during search
progress. In the first scenario, the proposed system increases
the random search if the algorithm senses stagnation in the
search process. It uses this feature to increase exploration and
try to jump to the best local optima from the current stage to
improve the search method. In the second scenario, suppose
the system fells into stagnation during the [10-30] and [70-85]
in the search iterations only in these intervals applied dual
search operation. Figure 8 illustrates the portion of each group
of A-WO (GWO and SS).

5.4 Search methodology

The search methodology updates position step represent
in processes (7.0 and 8.0). As long as the algorithm does
not suffer from stagnation, the search is based on the GWO
algorithm. The population is split into two groups if the con-
dition does not improve the search result during the n itera-
tions. Each group searches in parallel with the second group
in a double search method. The dual search is abandoned
when the stagnation of the algorithm is eliminated. The pro-
posed model used updating to specific dimensions for the
second group to get a greater chance of reducing the dis-
persion by the proposed algorithm. So that this moderniza-
tion gradually increases because the nature of metaheuristic
algorithms in exploration factor decreases in the advanced
stages of research. According to [8, 25-27], the exploration
alone does not satisfy the preferred requirements; therefore,
the exploitation is necessary to support the stability and ori-
ent the algorithm to the correct local optima. Equation 11
calculates the size of diminution at each stagnation period
for the proposed model’s second group (SS) [28].

2
t .
sS,, =~ [ M _ D
D1 (( pr + <itermaz> * (maxp, mmD,)> % >

)
where: max,, min;, are maximum and minimum dimi-
nution of a new wolf in the SS group. D is the problem
dimension, and D’ is a new dimension applied on their simi-
stochastic operation. Figure 9 illustrates the relation between
the number of mutation gens in SS and search iteration.
Equation 12 calculates the new position of candidate solu-
tions belonging to the SS group
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X(t+1)= % + (1 =X, )best, + c,best, (12)

where: ¢, ¢, the random value within the interval [-1,1].

5.5 Algorithmic methodology

The proposed model is iluustrated algorithmically in Algo-
rithm 1. This algorithm illustrates the technical requirements
to implement the new proposed version of Grey Wolf Opti-
mization like buffers and variables. Moreover, the proce-
dural sequence of the proposed model processes is calrified
and explaination comments are added.

Fig. 15 Comparison of PSO [8], GWO [21], and A-GWO in execu-
tion time
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6 Dataset and result discussion

The evaluation of the new metaheuristic model is necessary

proposed (A-GWO) model [29]. It is suitable for evaluating
metaheuristic performance [26, 30, 31]. In features selection,
used bioinformatics datasets with different dimensions are
collected from the website (https://jundongl.github.io/scikit-

to analyse its exploration and stability and to compare its
performance with recent methodologies. We use the Evolu-

feature/datasets.html).

tionary Computation Benchmark (CEC) (the CEC 2005 is
used as a benchmark function) to test the exploration of the

Algorithm 1 A-GWO

Input: Problem search space (p) // Represents the initial population
Output: Optimal population Py // Solution with the best fitness value
1. Initialization:
- GWO parameters (including inertia weight, acceleration coefficients)
- Stopping criteria (maximum iterations, stagnation threshold)
2. Generate Population (P):
- Initialize a population of candidate solutions.
3. Evaluate Fitness:
- Calculate the objective function for each particle in P.
4. Check Stopping Criteria:
- If the stopping criteria are met (e.g., maximum iterations reached),
terminate the algorithm.

5. Check Stagnation:
- If the search progress stagnates after n iterations (convergence slows
down):
- Divide P into two groups based on equations 9 and 10 (details likely
explained elsewhere).
- Group 1 (SS): Random search operations.
- Group 2 (GWO): Solutions requiring further exploration.
- Adjust group sizes based on stagnation level and search progress.

6. Repeat:

- Go back to step 3 and continue iterating until the optimal solution is found.

- Return the best solution found in the last generation of P as the output.

- Otherwise, continue with the standard GWO update rule (regular GWO).

Table 4 Comparison of accuracy and percentage of feature selection of standalone RF, GWO, PSO, and A-GWO

Dataset name Standalone RF PSO [8] GWO [21] A-GWO
Accuracy Accuracy Percentage of Accuracy Percentage of Accuracy Percentage
features % features % of features
%
ALLAML 95.45 97.08 21.5 97.61 21 100 16
CLL_SUB_111 82.35 82.35 12 85.29 16 88.24 26
GLI_85 82.62 88 31 92 26 96.15 22
Leukemia 65.52 62.52 19 68.97 16 65.52 11
Lung 81.96 81.97 15 81.97 15 81.97 15
Lung_discrete 68.18 71.37 20 72.73 16 81.82 16
TOX_171 69.32 72 27 71.15 20 75 14
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Table 5 Compare the proposed A-GWO with other studies

References ALLAML CLL_SUB_111 GLI_85 TOX_171

[32] 98.91 - - -

[33] 98.86 85.95 95.02  80.98

[34] 94.57 81.89 - 81.90

Proposed 100 88.24 96.15 75
A-GWO

6.1 Congress on evolutionary computation benchmark
functions (CEC)

The CEC’05 is used to test the exploration of evolution-
ary algorithms. It comprises eighteen benchmark functions
divided into two categories (Unimodal and multimodal).
These benchmark functions consisted of the shifted, rotated,
extended, and combined variants of the classical methods,
with the most significant complexity among the current
benchmark functions [9]. The CEC functions have many
local optima and help examine exploration and local optima
avoidance of algorithms. Figure 10 illustrates the 2D ver-
sions of the benchmark functions used.

6.2 Biological datasets

Molecular Biology Datasets are data used for genotypic and
phenotypic studies. This paper analyzes and implements the
proposed model on high-dimensional biological data. Sven
of molecular biology datasets is used for testing the proposed
framework for feature selection. Table 1 illustrates the details
of the biological datasets used in this paper.

6.3 Simulation properties and algorithm parameters

The algorithms A-GWO, GWO, and PSO, will be searching
for minimum value in the search space of benchmark func-
tions; therefore, each algorithm requires the minimum average.
Table 2 shows the main Parameters of algorithms: proposed
A-GWO, GWO, and PSO:

The A-GWO, GWO, and PSO algorithms were coded in
Python 3.9, and all of the experiments were performed on a
computer with intel(R) Core (TM) i7-8750H CPU @ 2.20GHz
and 16.00 GB RAM in the Windows 11 environment.

6.4 Results discussion
This section illustrates and discusses evaluation strategies,

describes experiments generally, experiments for feature
selection methods, and comparisons with other studies.

6.4.1 Exploration experiment

In this section, the GWO algorithm is benchmarked on
18 benchmark functions. The A-GWO algorithm was run
30 times over each benchmark function of the CEC’05.
We analyze empirical statistical results depending on the
extracted average and standard deviation of run 30 times,
which are shown in Table 3.

The standard deviation (Std.) is calculated for each
benchmark function over 30 runs. When the value of Std.
is higher, the standard deviation values reflect that the
results differ significantly from one run to the next and are
impractical. In this scenario, the higher standard deviation
values reflect a limitation in the algorithm’s performance.
That means the results differ significantly from run to run
and are not stable. The algorithms in this benchmark func-
tion search for minimum value; therefore, the algorithm
that archives minimum value performs better. According
to Table 3, A-GWO can provide very competitive results.

The results on the Unimodal Functions (F1 to F5)
results show that GWO is best in functions (F1, F2, and
F3) according to an average final of 30 iterations, while
the A-GWO gets a better result in functions (F4 and F5).

Although the GWO algorithm obtained favorable results
for up to 60% of the total unimodal benchmark functions,
it failed to stabilize the results, getting a relatively high
standard deviation for most functions. However, the
A-GWO algorithm received the best results at 40%. More-
over, the algorithm required less time to execute. There-
fore, it is better than the rest of the algorithms, so it can
be said that the algorithm is the best among those that run
over the unimodal benchmark functions. Figure 11 shows
the performance of algorithms PSO, GWO and A-GWO.

The result in multimodal functions (basic functions
F7-F12) shows that A-GWO achieves optimal performance
in all functions according to time and search stability. In
addition, the algorithm gets the best minimum solutions in
67% of multimodal-basic functions benchmark functions.
Those benchmark functions have several local optimums,
so the optimization algorithm requires high exploration
to satisfy relevant results. Because the proposed algo-
rithm explored a lot, it could get around the global search
problems in these functions and do better than the other
algorithms.

Figure 12 shows the ability of the A-GWO to search in
multimodal functions (basic functions F8, F9 and F10).

As for the multimodal-expanded functions, the pro-
posed algorithm achieves an absolute preference (as shown
in Fig. 13, despite the complexities of searching in those
functions.

In the last set of CEC’05, the performance of the algo-
rithms was relatively close in terms of the best result, the
standard deviation of the results obtained, and the time taken
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to end the search. Figure 14 shows the search behavior of
algorithms on functions F15, F18.

The time factor is significant in evaluating search algo-
rithms. This factor reflects the relationship of the algorithm’s
behavior with the search space and considers time as a func-
tion of the accuracy factor. The time taken to experiment
with Congress on Evolutionary Computation Benchmark
functions (CEC) is 37.13 Sec (11.49 for A-GWA, 12.71 for
GWO, and 12.93 for PSO). Figure 15 shows the ratios of the
time distributions for implementing the algorithms A-GWO,
GWO, and PSO.

6.4.2 Featuers selection experiment

In the feature selection experiment, we implemented the
algorithm over 1000 iterations and calculated the accu-
racy by Eq. 13, the percentage of features selected by each
algorithm PSO, GWO, and A-GWO.

correct predation cases
Accuracy =

total cases (13)
The Random Frost (RF) is used as an objective func-
tion to examine the features selected by each model (PSO,
GWO, and A-GWO). In comparison, the performance of
the proposed algorithm with standalone RF, GWO, and
PSO over high accuracy of features selected by each
model. The proposed model (A-GWO) gets the best five
over seven (71%) accuracy in seven datasets. Table 4 illus-
trates the performance of the algorithms (standalone RF,
GWO, and PSO) compared with the proposed A-GWO.

6.5 Comparative with other studies

In this section, The proposed model is compared with
previous studies on the same dataset. Table 5 compares
the proposed A-GWO with three different feature selec-
tion models. The proposed A-GWO has achieved higher
classification accuracy rates than others. In other words,
the proposed feature selection framework has consistently
accurate classification results and demonstrated its value
as a potentially suitable model for feature selection.

Clearly, the proposed A-GWO has achieved higher clas-
sification accuracy rates than others. In other words, the
proposed feature selection has consistently improved clas-
sification results and demonstrated its value as a suitable
mode for the optimizer method.

7 Conclusion

Intelligent optimization approaches, exemplified by
metaheuristic algorithms, have proven effective in reducing

@ Springer

features in high-dimensional data. However, they face the
challenge of balancing exploration and exploitation, where
focusing solely on one can lead to drawbacks like instability
or stagnation. This paper addresses this challenge by pro-
posing the A-Proactive Grey Wolf Optimization (A-GWO),
which employs a dual search process. A-GWO divides the
population into two groups, each utilizing distinct search
techniques: one leveraging GWO and the other leveraging
Simi-stochastic methods. This approach promotes a better
balance between exploration and exploitation, leading to
improved performance. While the framework effectiveness
depends on sufficient change in search locations, even with
slight changes, it can still offer benefits. However, future
work could explore a proactive random model to dynami-
cally adapt to search space behavior and identify instances
of stagnation for even more optimized performance.Please
specify the significance of the symbol [bold] reflected inside
Table [3] by providing a description in the form of a table
footnote. Otherwise, kindly amend if deemed necessary.
Thanks, all bold numbers in Table 3 are corrected into nor-
mal form
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