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ABSTRACT

High-dimensional datasets (HDDs) pose significant challenges in
feature selection due to their complex nature. While metaheuristic
algorithms like the Whale Optimisation Algorithm (WOA) have
shown promise in addressing these challenges, stability issues are
least addressed. Through an extensive literature review, it was
identified that stability is manifested in the equilibrium of exploration
and exploitation. Hence, this study introduced the Hierarchical Whale
Optimisation Algorithm (HiWOA), an approach designed to enhance
the WOA's stability and performance in HDD feature selection tasks.
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The HiIWOA incorporates a two-phase strategy comprising a nonlinear
control parameter based on the arcsine function and a hierarchical
position-update mechanism adapted from the Grey Wolf Optimiser. The
proposed HIWOA was evaluated through 23 benchmark optimisation
functions and feature selection experiments on 11 medical HDDs.
The results indicate that the HIWOA outperformed the WOA and a
modified variant (mWOA) in terms of a better fitness value, a more
balanced exploration-exploitation ratio, and improved classification
accuracy with fewer selected features. These findings demonstrate
the HIWOA's effectiveness in enhancing stability, making it a robust
solution for high-dimensional optimisation and feature selection.

Keywords: Balancing exploration and exploitation, control parameter,
feature selection, stability, whale optimisation algorithm.

INTRODUCTION

In recent years, high-dimensional datasets (HDDs), defined as datasets
with a high number of features rather than the number of observations
(Bolén-Canedo et al., 2016), have become more common in data
mining (Debata & Mohapatra, 2021; Zhao et al., 2024). The noise and
irrelevant features in HDDs complicates classification tasks (Hasan
et al., 2023). As the number of features increases, computational
demands also rise, emphasising the need for advanced techniques to
overcome the curse of dimensionality (Bolon-Canedo et al., 2016).
Feature selection is a key approach for dimensionality reduction in
HDDs (X. Li et al., 2024), offering various methods, such as filter-
based, wrapper-based, and embedded approaches (Theng & Bhoyar,
2023). Remarkably, metaheuristic algorithms, such as Particle
Swarm Optimisation (PSO), the Grey Wolf Optimiser (GWO), and
the Whale Optimisation Algorithm (WOA), have gained prominence
for their superior performance in feature selection and classification
tasks (Basir et al., 2019; Kazerani, 2024; Kumar & Kumar, 2021; Y.
Wang et al., 2024; Yab et al., 2023). These algorithms help efficiently
navigate feature spaces and select high-quality subsets, improving
both the accuracy and efficiency of data mining.

Among metaheuristic techniques, the WOA is notable for mimicking
the foraging behaviour of whales (Mirjalili & Lewis, 2016). However,
like other metaheuristics, the WOA faces challenges, such as slow
convergence, getting stuck in local optima, and an imbalance between
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exploration and exploitation (Nadimi-Shahraki et al., 2023). Though
modifications have been proposed to improve the WOA in feature
selection (Elmogy et al., 2023; F. Wang et al., 2023; Yab et al., 2022,
2024), the issues of its stability have received less attention. The
stability of an algorithm in feature selection indicates sensitivity to
changes in input data during the process of identifying important
features (Khaire & Dhanalakshmi, 2022). However, the underlying
algorithmic factors contributing to stability issues remain unclear.
In addition to that, stability issues in metaheuristic algorithms,
particularly the WOA, are a crucial yet often overlooked factor in
feature selection for HDDs. As HDDs become more prevalent in data
mining, these stability challenges grow more significant. Therefore,
while the WOA excels at emulating whales’ foraging behaviour,
neglecting algorithmic stability issues could impact its overall
performance.

Recognising the importance of the WOA’s stability, especially in
feature selection for HDDs, this study aimed to improve the WOA’s
stability in feature selection for HDDs by proposing a two-phase
hierarchical strategy called the Hierarchical Whale Optimisation
Algorithm (HiWOA). The HIWOA incorporates a nonlinear control
strategy and adopts the social hierarchy concept from the GWO,
focusing on improving the search strategy and striking a better balance
between exploration and exploitation.

This paper is organised as follows. In the Introduction section, the
research problem and objectives are outlined. The next section
reviews related works on metaheuristic algorithms, the WOA, and
feature selection for HDDs. Following this, the background concepts
of WOA, GWO, and the design of proposed HiIWOA are detailed in
the Proposed Hierarchical Whale Optimisation Algorithm section.
In the subsequent section, the Evaluation and Results describes
the experimental setup and disccuses the results by comparing the
performances of the HHIWOA with those of the WOA and mWOA.
Finally, the study concluded with a summary of the findings.

RELATED WORKS

Stability from Various Schools of Thought

The concept of stability in metaheuristic algorithms can be somewhat
unclear and loosely defined as it relates to various underlying
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challenges, such as convergence, local optima avoidance, and the
balance between exploration and exploitation. In response, this study
aimed to provide a more nuanced understanding of stability by drawing
on insights from multiple perspectives in the literature. In terms of
convergence, one study linked stability to the convergence speed
of an algorithm, suggesting that a stable algorithm converges more
quickly to a solution (Reddy & Saha, 2022). On the contrary, another
study suggested an algorithm is said to be stable when it converges
at a slower rate (Shehab et al., 2018). Other researchers added that
stability is reflected in the consistency of convergence curves, where
a stable algorithm shows a steady performance (Wu et al., 2019).

Apart from convergence, stability is also linked with local optima
avoidance. For instance, a research study emphasised that stability
involves an algorithm’s ability to avoid local optima and prevent
stagnation in suboptimal solutions (Han et al., 2023). In addition to
that, a study suggested that stability is achieved when an algorithm
can avoid local optima by swiftly returning to the vicinity of the
optimal solution after experiencing fluctuations during iterations (F.
Wang et al., 2023). Despite varying perspectives, the predominant
view in the literature is that stability is fundamentally about achieving
a balance between exploration and exploitation (Cheng et al., 2023;
Mohammed & Rashid, 2020; Tiwari & Chaturvedi, 2022; Z. Wang
et al., 2023). Exploration allows the algorithm to search widely for
new solutions, while exploitation refines known solutions. Too much
exploration can hinder convergence, while too much exploitation may
result in an algorithm getting stuck in local optima. Stability is thus
defined by an algorithm’s ability to navigate this tradeoff effectively,
ensuring a reliable performance.

To sum up, this study redefined stability in the WOA as an improved
balance between exploration and exploitation, enhanced convergence
speed, and a robust capability to avoid local optima. From the synthesis
of various perspectives from the literature, it has been highlighted
that a stable algorithm should not focus too much on exploration or
exploitation but rather on the balance between them. Therefore, a
quantitative measure of the algorithm’s stability was introduced based
on the tradeoff between exploration and exploitation.

Stability Issue Workarounds

Several works in the literature addressed the above-mentioned
underlying issues of stability. For instance, stability has been
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improved by adjusting the parameters in an algorithm. A research
study proposed a variant of the WOA with opposition-based learning
called opposition-based WOA (OWOA) to enhance convergence and
balance exploration and exploitation (F. Wang et al., 2023). By using
the sine function to adjust the spiral coefficient b, the OWOA showed
improved performance on 12 benchmark functions and power flow
optimisation problems. Despite outperforming the original WOA and
other algorithms, the OWOA showed unstable performance metrics,
indicating a need for better stability and exploration of multi-objective
applications. To address the WOA’s slow convergence in HDD feature
selection, another research study proposed a modified WOA (mWOA)
by linearly increasing the control parameter, a, from 0 to 2 (Yab et
al., 2022). The results showed improved accuracy over the standard
WOA, though further convergence speed and accuracy enhancements
are needed. A derived work from the mWOA reported that the
algorithm worked slightly better with wrapper-based than filter-based
feature selection in terms of accuracy (Yab et al., 2024). However,
the stability of the algorithm was not investigated. In addition, an
adaptive nonlinear WOA (ANWOA) was proposed to address slow
convergence and local optima stagnation (Elmogy et al., 2023). It uses
two control parameters with exponential and dynamic ranges and a
dynamic inertia weight for position updates. Tested on 23 benchmark
functions and CEC2020, the ANWOA showed improved accuracy,
stability, and convergence speed, with future works suggested to
explore parameter effects and real-world applications.

Researchers have explored similar themes in studies related to the
WOA and across various other metaheuristic algorithms. A study
introduced a modified version of the Tunicate Swarm Algorithm,
incorporating a nonlinear convergence factor to improve the
exploration-exploitation balance (Liu et al., 2023). The nonlinear
convergence factor effectively enhanced the balance in the Seagull
Optimisation Algorithm (Y. Li et al., 2023). Likewise, Wu et al.
(2019) introduced a nonlinear control strategy based on the arcsine
function (NCS-arcsin) to improve the balance between exploration
and exploitation. They demonstrated that the standard linear control
strategy failed to capture the nonlinear nature of whale predation and
that the arcsine function outperformed cosine, sine, exponential, and
logarithmic functions in optimisation. Therefore, the present study
adopted the nonlinear control strategy, specifically using the arcsine
function as the primary approach to improve the WOA’s stability.
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Other than adjusting the control parameters in an algorithm, the
hybridisation or adaptation approach is also a common theme in the
literature for solving stability-related problems. It is noteworthy that
researchers often pair algorithms with complementary strengths to
enhance the overall performance, demonstrating the effectiveness
of such strategies in addressing stability issues. The Crow Search
Algorithm (CSA) was combined with the Bald Eagle Search
Algorithm (BESA) to improve the BESA’s exploitation efficiency
by leveraging the CSA’s exploration strengths (Nirmal et al., 2024).
An improved WOA by adopting the Equilibrium Optimiser (EO),
called the EWOA, was proposed to address slow convergence and
balance exploration and exploitation (Tan & Mohamad-Saleh,
2023). The EWOA combines the WOA’s encircling and bubble-net
attacking mechanisms with the EO’s weight balance strategy. Tested
on CEC2017, CEC2019, and CEC202023 benchmark functions, the
EWOA demonstrated robustness and faster convergence. Another
enhanced WOA, also called the EWOA, was proposed to address
slow convergence due to poor exploitation (Reddy & Saha, 2022).
By modifying position update equations, inspired by the Artificial
Bee Colony algorithm, and increasing exploration randomness, this
version of the EWOA achieved the best results in 7 of 10 benchmark
functions and effectively solved pressure vessel optimisation
problems. However, the high number of whales in the algorithm led
to increased computational complexity. Therefore, the WOA might
need another algorithm with strength in exploitation. A promising
candidate is the GWO, which, when hybridised with the Fireworks
Algorithm (FA), showed improvements over the original FA due to
the GWO'’s strong exploitation capabilities (Yue et al., 2020). Table 1
shows the summary of the findings of the literature.

In summary, the literature emphasises that stability challenges involve
balancing exploration and exploitation, improving convergence, and
avoiding local optima. Various strategies have been suggested, such
as adjusting control parameters and using complementary algorithms.
This study aimed to enhance the WOA’s stability by combining these
approaches.
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THE PROPOSED HIERARCHICAL WHALE
OPTIMISATION ALGORITHM

This section describes the proposed HIWOA, which enhances the
standard WOA with a two-phase hierarchical strategy. It details the
introduction of a nonlinear control parameter and a hierarchical
position-update mechanism inspired by the GWO.

Basic Concept of Whale Optimisation Algorithm

The WOA is a metaheuristic technique inspired by the hunting
strategies of humpback whales (Mirjalili & Lewis, 2016). The
WOA falls within the swarm intelligence category of metaheuristic
taxonomy (Rajwar et al., 2023). The whales swim in a spiral pattern
while blowing bubbles to trap prey. This behaviour is mathematically
modelled for optimisation, utilising a population of search agents
(whales) to iteratively find the best solution. The three core phases of
the WOA—exploration, exploitation, and encirclement—are explored
in the next subsections.

Exploration

In the exploration phase, the whales move toward random positions in
the search space, adding diversity to the population and mimicking
their random search for prey. This phase occurs when |A) | is greater
than or equal to 1, as defined in Equation 1. Vector A is a coefficient
vector determined by the linearly decreasing parameter @ from
Equation 2 and a random number of 7. The whale’s position is updated
using the position of a randomly selected whale, as shown in Equation

3 and Equation 4, where X represents the whale’s position, X, 4,4 1S

the position of the randomly chosen whale, and D is the distance
between them.

N

A=2d-7—d (M
a=2-t(2/Maxlter) (2)
BZIC'Xrand_X)l 3)
X)(t‘i'l): Xrand_“f'l_)) 4
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Exploitation

In the exploitation phase, the whales move closer to the best-known
solution using two strategies: the shrinking mechanism and the spiral
route. In the shrinking mechanism, the whales adjust their positions
between their current spot and the best solution, refining their approach
over time. The spiral route, defined in Equation 6, models a

logarithmic spiral, where X+ represents the best-known position and

D' is the distance to it, as shown in Equation 5. The whales alternate
between these two strategies with a 50 percent probability, as
expressed in Equation 7, depending on a random value of p.

D' =X+ (t) - X(1)| (%)
X(t+ 1) = D - ebl. cos(2ml) +X*(0) (6)
)?(t_'_l):{X*(t)—A-D if p<0.5 )

D’-ebl.cos(2rl) + X * (t) ifp=05
Encirclement

The encirclement phase refines the search by guiding the whales closer
to the best solution, ensuring convergence. All search agents adjust
their positions toward the best agent identified. This is mathematically

expressed in Equation 9 and Equation 10, where C is the coefficient
vector from Equation &, t is the current iteration, X is the whale’s
current position, and X+ represents the best-known position. Distance
D indicates the distance between the whale and the optimal position. If
a better solution is found in any iteration, X * will be updated.

-

C=2-7 ®)
D=I|C-X*()—X(@) 9)
Xt+1D)=X+@t)—A4-D (10)

In summary, the WOA'’s effectiveness hinges on its ability to balance
exploration and exploitation, driven by its position update mechanism
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and control parameter. These features allow the WOA to explore
the search space and converge toward optimal solutions. Figure 1
outlines the overall working structure of the WOA, providing a visual
representation of the algorithm’s workflow.

Figure 1

WOA's Workflow

| Initialise whales™ population of WOA |

v
| Calculate fitness ofall whales |

v

| X*=Fittest soheion |

| Tteratoncomter,t =1 |
I

| Search agent counter, i = 1 |

Update WOA parameters:
a =Equation 2
A =Equation 1
C =Equation &
I =random number [-1.1]
p =random number [0.1]

Update position
via Equation 10

No

i <number of
search agent?

Check if any whale goes beyond
search space and fix it

| Calculate fitness ofall whales |

Update X* if bettersolution is fovnd |

| t++ |

Select random whale from
population

Update position via
Equation 4

Basic Concept of Grey Wolf Optimiser

The Grey Wolf Optimiser (GWO) is an established metaheuristic
algorithm developed to tackle optimisation problems due to its unique
hunting strategy (Mirjalili et al., 2014). The GWO mimics the social
hierarchy of grey wolves during group hunting, consisting of four
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ranks: alpha (a), beta (f), delta (), and omega (). The alpha wolf
leads, with the beta wolf following the alpha’s lead and dominating
the delta and omega wolves. The delta wolf, in turn, is dominated by
the alpha and beta wolves but holds authority over the lowest-ranked
omega wolf, which follows the top three wolves.

In the GWO, the best solution is represented by the alpha wolf, the
second-best by the beta wolf, and the third-best by the delta wolf, with
all other solutions labelled as omega wolves. Unlike the WOA, which
relies on a single leader, the GWO enhances its search process by
incorporating the top three solutions, which are the alpha, beta, and
delta wolves, into its exploration strategy. Although the GWO and
WOA share similar parameters of C, A, and a, their primary difference
lies in their position update mechanisms. The GWO updates positions
during the hunting process using Equation 11-13. The overall
workflow of the GWO is presented in Figure 2.

Dy = |C1- X = X|,Dg = [C; - X5 — X|, Ds (11)
=|C3- Xs — X|
X, = Xo—A; Dy, Xy = X5 — Ay - Dp, X5 (12)
S
R X+ X, + X5
X(t+1)=% (13)
Figure 2
GWO's Workflow
G

Taitialise wolves poplationof GWO

¥
Calculate fitness ofall wolves

| |
| |

¥
‘ X, =Fittest solution (alpha) ‘
| |
| |

1 <number of
search agent?

X =second fittest solution (beta)
X, =third fittest sohaticn (delta)

[ Calcuate fitness ofall wolves |

Tteratoncounter. t =1

Update ¥, X: and {r.
if better sohuions fornd

Search agent counter. { = 1

Update GWO paramsters:
a=Equation 2
A=Equaticn 1

C =Equation 8
v
[ Update position via Equation 13 | Yes
+

[ i+t — CEad >

tt+
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The Design of HIWOA
The HiIWOA adopts the GWQO’s social hierarchy, where wolves of
different ranks lead the pack. As a result, the term “hierarchical” in

the HiIWOA reflects this concept. Figure 3 depicts the framework of
this study.

Figure 3

The Research Framework of the Proposed HiWOA

PHASE 1: Nonlnear control parameter

Change control paranxter @ in Equations 2 into Equation 14 using arcsine function

PHASE 2: Hierarchical position-update mechanism

Change position update ions into 15-19. as inspired by GWO

Test functions F1-F23 11 medical HDDs

Evahliation on optimisation Evaluation on feature selection

=  Fitness valie » Number ofsclected features
- Bploration-exploitation ratio » Classification accuracy
«  Emplomation-exploitation ratio

Phase 1: Nonlinear Control Parameter

To address the overall stability issue of the WOA regarding the balance
between exploration and exploitation phases, the control parameter,
--, needs improvement. It was originally defined in Equation 2 as a
linear control strategy, where it linearly decreases from 2 to 0 over the
iterations (Mirjalili & Lewis, 2016). However, a linear control strategy
may not accurately represent the complex dynamics of exploration and
exploitation, as whales’ natural behaviour does not follow a strictly
linear pattern. Relying solely on a linear control strategy is, therefore,
insufficient. Hence, this study introduced a nonlinear control strategy
using the arcsine function inspired by Wu et al. (2019) via Equation 14.

2 arcsine( ma;iter ) (14)
arcsine(1)

a=2-—

The HiWOA introduces an arcsine function to modify the rate of
decrease, resulting in a more curved, upward-sloping gradient. The
initial and final values remain fixed at 2 and 0, respectively (Mirjalili
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& Lewis, 2016). The formula is derived as shown in Equation 14 to
ensure the correct progression of the control parameter’s decline.
Figure 4 shows a comparison of the control parameter strategies of
the original WOA and the proposed HIWOA, where the number of
iterations is set as 500 (Mirjalili & Lewis, 2016).

Figure 4

Comparison of Different Control Strategies

a a
2

15

1

0.5

0
0 100 200 300 400 500 0 100 200 300 400 500

Iterations Iterations

(a) Linear control strategy in WOA (b) Nonlinear control strategy in HiWOA

The nonlinear strategy in the HIWOA prioritises a steady growth of
exploration in early iterations and a steeper turn to exploitation in
later iterations. This modification aims to achieve a more rational
tradeoff between exploration and exploitation to symbolise the
complexity of the search-hunt balance of actual whales. It seeks to
improve convergence speed, avoid local optima, and enhance the
overall stability of the HHIWOA. The nonlinear control strategy in the
HiWOA, as shown in Figure 4(b), increases the control parameter’s
value more gradually in early iterations compared with the linear
strategy in the WOA. This gradual increase allows for extended
exploration, which helps the algorithm search a wider area of the
solution space before converging. As a result, the HHWOA would
be less likely to get trapped in local optima, hence improving the
algorithm’s ability to find the global optimum. In later iterations, the
nonlinear control strategy shifts more steeply towards exploitation as
the control parameter’s value decreases more rapidly. This sharper
decline enhances the algorithm’s convergence speed by focusing the
search on the best solutions found during the exploration phase. By
doing so, the HHIWOA can effectively refine these solutions, leading to
a more accurate and faster convergence.

Overall, the use of the arcsine function in the control parameter ensures
that the HHIWOA maintains a balanced approach between exploration
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and exploitation. This balance is crucial for avoiding premature
convergence to suboptimal solutions and ensures the algorithm’s
stability across different optimisation and feature selection problems.
The arced transition between the exploration and exploitation phases
aims for a more robust and reliable search process, ultimately
enhancing the overall stability of the HHIWOA.

Phase 2: Hierarchical Position-Update Mechanism

In this phase, the proposed HIWOA with the arcsine nonlinear control
strategy from Phase 1 is further modified with a hierarchical position-
update mechanism. This is achieved by adapting the concept of social
hierarchy from the GWO to enhance exploitation capabilities. The use
of three leaders aims to enhance the HHWOA’s effectiveness compared
with that of the WOA with its single leader by promoting a better
balance between exploration and exploitation. The GWQO’s social
hierarchy, which involves alpha, beta, and delta leaders directing
the rest, offers a more robust exploitation approach than the WOA’s
single-leader approach. Figure 5 illustrates the social hierarchy of
Grey Wolf.

Figure 5

Grey Wolf's Social Hierarchy

Alpha ~-------mmmmmeee e a
Befa —------—-m B
Delta _______________ o
Omega —-—------- ®

Having multiple leaders allows the proposed HIWOA to pull search
agents in various directions, reducing the risk of premature convergence
to local optima. This hierarchical guidance enables the algorithm to
explore a broader search space, while maintaining a balanced decision-
making process, as agents are not solely dependent on one dominant
leader, which could lead to biased results. Additionally, the presence
of multiple leaders can help refine the search more effectively, as it
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minimises the chance of overlooking promising regions of the search
space, hence resulting in improved exploitation without getting stuck
early in the optimisation process.

In short, mimicking the hierarchical social structure promotes a more
balanced exploration and exploitation. Therefore, by integrating the
GWO’s hierarchy, the proposed HIWOA can obtain the best solutions
given by the top three whales. To implement the hierarchical structure
of the search agents in the HIWOA, the position update mechanism
is updated accordingly. Equation 5 is updated into Equation 15 to
compute the distances between the current whale and the top three
fittest whales rather than just the best solution. Similarly, Equation
6 and Equation 7 are replaced by Equation 16 and Equation 17,
respectively.

D= X~ X;|; Df = [X5 —X;|: D5 = X5 —

x| (15)
Xt+1)= Yt X+ X )_;;Jr %a
where,
)Tl = DTC -ePl. cos(2ml) + X_)oc(t)
X; = Dg - eP- cos(2ml) + Xp(t) (16)
X5 = Dg - eb - cos(2ml) + X;(t)
Xt+1) = Yt X+ X ?4- %
where,
X—>1={§(t)—ﬁ-D_°§ B if p<05
Dy - ePl-cos(2ml) + X (t) ifp=0.5
zz{g(t)—E-D_ﬂ’ B ifp<os U7
Dg - ePt-cos2ml) + Xg(t)  if p=0.5
X—>3={§(t)—ﬁ-D_5’ B if p<0.5
Ds - ePt-cos(2ml) + Xs(t)  if p=0.5

Besides modifying exploitation, the encirclement mechanism is also
changed by updating Equation 9 into Equation 18 to calculate the
distances between the current search agent and the top three fittest
solutions. Furthermore, Equation 10 is replaced by Equation 19 to
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reflect hierarchical encirclement based on the average distance to
these top three solutions.

Du=|CXa=X|:Dg =[G Xg —X|: Ds = (13
|C5 - X5 — X¢|
Xt+1) = Tl—J’ ?J’ X,
where, (19)
X; = Xo(t) — A~ Dy
X, = Xg(t) - A-Dg
X; = X5(t)—A-Ds

In general, the proposed HiIWOA maintains the spiral-shaped route of
the WOA but incorporates a hierarchical position-update mechanism
to improve exploitation and encirclement. This enhancement aims to
strengthen local search capabilities to help strike a balance between
exploration and exploitation, hence improving the algorithm’s
stability. Figure 6 shows the proposed HiWOA’s workflow. The
performance of the proposed HIWOA was tested in optimisation and
then further validated in feature selection. The next section presents
the evaluation and results.

Figure 6

HiWOA's Workflow
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Update X,, X, and X;,
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EVALUATION AND RESULTS

This section outlines the experimental setup used to evaluate the
performance of the proposed HiWOA. The experiments were
designed to assess the algorithm’s effectiveness in both optimisation
tasks and feature selection problems. The setup details, comprising
the functions, datasets, and evaluation metrics, are presented to ensure
a comprehensive analysis of the algorithm’s capabilities.

Experimental Setup for Optimisation

In this subsection, the optimisation tasks used to benchmark the
HiWOA against the WOA and mWOA are discussed, detailing the
test functions and parameter settings to evaluate the algorithm’s
performance in optimisation problems. The optimisation experiments
used 23 benchmark functions (Mirjalili & Lewis, 2016) divided into
three categories: unimodal (F1-F7) for testing convergence to a single
global optimum, multimodal (F8-F13) for evaluating navigation
through multiple local optima, and fixed-dimension multimodal
(F14-F23) for assessing performance in complex, higher-dimensional
spaces. This study ran experiments on all test functions individually
for the WOA, the mWOA, and the proposed HIWOA. All experiments
were performed using MATLAB R2023b on a system with an Intel
Core 17-10750H CPU, 32 GB of RAM, and an NVIDIA GeForce
RTX 3060 GPU. Each experiment was run 30 times with up to 500
iterations and 30 solutions per iteration. The same setup was applied
across both optimisation and feature selection to ensure consistency
in the evaluation.

The evaluation criteria were the fitness value, exploration percentage
(Xpl%), and exploitation percentage (Xpt%). The stability of a search
algorithm depends on the balance between exploration and
exploitation, where the ideal ratio of the exploration and exploitation
phases should be closer to 50:50 (Tzanetos & Dounias, 2021). This
study used the dimension-wise diversity measurement from Hussain et
al. (2019) to quantify this balance. Equation 20 calculates the average
diversity across dimensions, where median(xj ) is the median of
dimension j across the swarm, xij is the j-th dimension of the i-th
individual, and n is the swarm size. The algorithm’s exploration and
exploitation percentages can be determined using Equation 21 by
tracking swarm diversity per iteration. Here, Div represents diversity
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in each iteration, Div,,,, is the maximum observed diversity, and
Xpl% and Xpt% indicate the exploration and exploitation percentages
for each iteration, respectively. These metrics allowed for a detailed
analysis of the algorithm’s efficiency, convergence behaviour, and
balance between the exploration and exploitation phases.

% ™, median(x’) — x]
_ Div ) _ |Div-Divyayl (21)
Xpl% = i X 100 ; Xpt% = D X
100

Experimental Setup for Feature Selection

In this section, the focus is on evaluating the performance of the
proposed HiIWOA in selecting relevant features from HDDs. This
study utilised 11 medical-related HDDs obtained from Blake & Merz
(1998) and Zhu et al. (2007). The HDD description is presented in
Table 2. The term “number of instances” in Table 2 indicates the
number of rows in a dataset, while “number of features” represents the
number of columns. “Dimensionality” is the product of these rows and
columns. The “number of classes” denotes the type of classification,
where “2” stands for binary classification, and a number greater than 2
indicates multi-class classification. The datasets in Table 2 are sorted
in descending order by dimensionality.

Table 2
HDD Description
Dataset . No. of No. of No. of Dimensionality
instances features classes
RNA-Seq 801 20531 5 16445331
Ovarian 253 15154 2 3833962
SMK_CAN 187 187 19993 2 3738691
Breast 97 24481 2 2374657
Lung 181 12533 2 2268473
GLI 85 85 22283 2 1894055
MLL 72 12582 3 905904
CNS 60 7129 2 427740
Lymphoma 62 4026 3 249612
SRBCT 83 2308 4 191564
colon 62 2000 2 124000
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The feature selection process utilised the k-Nearest Neighbour (kNN)
classifier with k = 5. The datasets were split into 80 percent for
training and 20 percent for testing. The dimension for each dataset
corresponds to the number of features present in the dataset. Each
experiment was conducted with 30 individual runs, with up to 500
iterations per run and 30 whales as search agents per iteration. The
evaluation criteria for feature selection were the number of features
selected, classification accuracy, and the balance between exploration
and exploitation (Xpl%: Xpt%) from Equation 21. Accuracy was
calculated using Equation 22, where TP and TN represent positive and
negative instances correctly classified, while FP and FN denote
incorrectly classified instances.

TP + TN
TP+ TN + FP + FN (22)

Accuracy =

Optimisation Performance

In this subsection, the results of the optimisation experiments are
discussed, including the performance of the proposed HIWOA against
those of the WOA and mWOA on various benchmark functions.
The optimisation results are presented in Table 3. The fitness values
presented in Table 3 revealed that the proposed HIWOA algorithm
outperformed both the WOA and mWOA across 9 test functions. In
comparison, the WOA ranked first in 8 functions, while the mWOA
led in 7. Additionally, there is one case where the HIWOA surpassed
the WOA, even if it did not achieve the top ranking. Although the
differences in performance may appear marginal, these results
suggest that the HHIWOA demonstrated superior overall performance
compared with those of both the WOA and mWOA. The average
fitness value results further underscored the HIWOA’s effectiveness.
With an average fitness value of 6.5100E+02, the HiWOA
significantly outperformed both the WOA (2.0102E+03) and mWOA
(1.5791E+03). This notable difference indicated that the HIWOA was
more efficient in finding optimal solutions by demonstrating superior
convergence capabilities. The lower fitness value suggested that the
HiWOA effectively minimised the objective function across various
test functions, improving overall performance.

Regarding the Xpl%: Xpt% results in Table 3, the WOA and mWOA
led in 7 and 6 test functions, respectively. On the other hand, the
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proposed HiIWOA demonstrated notable strength by achieving a more
balanced ratio, outperforming both the WOA and mWOA in 10 test
functions. When comparing the HIWOA directly with its original
form, the WOA, the proposed HIWOA excelled in 14 test functions,
indicating its superiority in maintaining a balanced exploration-
exploitation tradeoff among the three algorithms. In addition, the
average exploration-exploitation ratios for all test functions revealed a
clear winner among the three algorithms. The HiWOA’s ratio of
Xpl%: Xpt% (31.26: 68.74) represented a slight yet significant
balanced ratio compared with those of the WOA (30.44: 69.56) and
mWOA (30.75: 69.25). Although the HIWOA’s Xpl%: Xpt% ratio
was not exactly 50:50, its closer alignment to a more balanced ratio
suggested it was more adept at maintaining stability in its search
process. A balanced ratio promotes stability by ensuring that an
algorithm explores a broad range of potential solutions while also
intensifying its search in promising areas. This stability is crucial for
avoiding premature convergence and achieving a more thorough
search, ultimately leading to more robust and optimal solutions.
Further analysis of the HHWOAs performance is presented in the next
subsection, where it was applied to feature selection problems.
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Feature Selection Performance

This subsection presents the findings from the feature selection
experiments, focusing on how well the proposed algorithm performed
in selecting relevant features from the HDDs. The results are presented
in Table 4. Based on the results in Table 4, which show the number
of selected features, the WOA and mWOA achieved top rankings in 3
datasets. On the other hand, the proposed HiIWOA outperformed both,
securing the top position in 5 datasets, making it the most effective
algorithm for dimensionality reduction by selecting the fewest
yet most relevant features. Furthermore, the HiWOA performed
better in 8 out of 11 datasets when compared with the WOA. The
results demonstrate the HIWOA'’s superiority in handling HDDs by
consistently selecting the fewest features, especially in the top few
rows of Table 4, where the datasets had the highest dimension, such
as RNA-Seq, Ovarian, SMK_CAN 187, Breast, etc. This makes the
HiWOA particularly adept at feature selection tasks in HDDs. Besides
that, the average number of selected features showed that the HHWOA
excels in dimensionality reduction, as the HIWOA selected an average
of 137 features, compared with 232 for the WOA and 213 for the
mWOA. By reducing the number of features needed, the HHWOA
improves efficiency and performance, making the model simpler and
more focused on important information.

Moreover, the classification accuracy percentages shown in Table
4 clearly established the HIWOA’s dominance, as it consistently
achieved the highest accuracy across all datasets. In contrast, the
WOA and mWOA only managed to secure the top spot in 3 datasets
and 1 dataset, respectively. The HIWOA'’s effectiveness was further
highlighted by its outstanding performance in datasets with the highest
dimensions, consistently delivering the highest accuracy. Also, the
results reveal that the HIWOA achieved an average accuracy of 97.12
percent across all HDDs, which was higher than the WOA’s 95.93
percent and the mWOA’s 95.46 percent. It shows that the HIWOA
excels in selecting a minimal number of features while achieving
high classification accuracy. The features chosen by the HIWOA
were compact, highly relevant, and of exceptional quality, making the
HiWOA the most effective algorithm for classification tasks in HDDs.

Furthermore, the results for the ratio of Xpl%: Xpt% demonstrate that
the HiIWOA significantly outperformed both the WOA and mWOA
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across all datasets. The average ratios revealed a marked improvement
with the HIWOA, which had a ratio of 30.25 percent exploration
to 69.75 percent exploitation. In contrast, the WOA’s average ratio
was 9.44 percent exploration to 90.56 percent exploitation, and
the mWOA’s average ratio was 18.50 percent exploration to 81.50
percent exploitation. This substantial difference indicated that the
HiWOA enhanced the balance between exploration and exploitation
and achieved this balance more effectively than the other algorithms.
The higher exploration percentage in the HIWOA suggested that it
better explored the search space while maintaining strong exploitation
capabilities. The improved balance enhances the algorithm’s overall
stability and performance, making the HIWOA a more robust and
efficient solution for high-dimensional optimisation and feature
selection tasks.
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In summary of the evaluation results from Table 3 and Table 4, the
HiWOA excels in both optimisation and feature selection. Although
there were cases where the HIWOA'’s improvements over the WOA
seemed marginal and sometimes on par (e.g., the HIWOA achieving
the same accuracy of 100 percent as the WOA in RNA-Seq, MLL, and
SRBCT datasets), the HIWOA was still considered better, as it selected
fewer features and achieved a more balanced Xpl%: Xpt% .With the
average exploration-exploitation ratios of 31.26:68.74 in optimisation
and 30.25:69.75 in feature selection, the HiWOA significantly
outperformed the WOA and mWOA, which had lower exploration
rates. This improved balance was due to the HIWOA’s hierarchical
structure and nonlinear control strategy based on the arcsine
function. The hierarchical mechanism enhanced exploitation, while
the nonlinear control strategy refined the exploration-exploitation
tradeoff throughout the iterations. Figure 7 and Figure 8 illustrate the
HiWOA’s better balance compared with the WOA in both optimisation
and feature selection tasks.

Figure 7

Comparison of Exploration-Exploitation Ratios (Xpl%:Xpt%) in )
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Figure 8

Comparison of Exploration-Exploitation Ratios (Xpl%:Xpt%) in
Feature Selection (CNS Dataset)
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Forthe WOA (Figure 7(a) and Figure 8(a)), the exploration-exploitation
ratios showed a noticeable gap, with exploration dominating the
early stages and exploitation being less pronounced. This imbalance
suggested that the WOA tends to focus more on exploring the search
space, which can lead to less efficient exploitation of promising
solutions. As a result, while the algorithm might avoid local optima,
it may struggle with refining solutions and converging quickly to the
global optimum. This uneven distribution between exploration and
exploitation phases can hinder the algorithm’s overall optimisation
performance, particularly in optimisation and feature selection tasks.

In contrast, the HIWOA demonstrated much closer ratios between
exploration and exploitation, as shown in Figures 7(b) and 8(b). This
indicated a more balanced search process, where both phases worked
in tandem. The more even distribution allowed the HIWOA to explore
new areas of the search space, while also refining and exploiting
promising solutions efficiently. The improved balance enhanced the
algorithm’s overall performance, reducing the likelihood of getting
stuck in local optima and improving convergence towards the global
optimum. Unlike the 50:50 ratio suggested by Tzanetos and Dounias
(2021) as an optimal tradeoft for algorithm performance, this study
proved that the HIWOA, with an average Xpl%: Xpt% ratio closer
to 30:70, significantly outperformed both the WOA and mWOA.. This
finding challenges the conventional view by showing that a greater
emphasis on exploitation does not necessarily hinder exploration but
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enhances overall algorithm effectiveness. The HIWOA’s ability to
maintain a more stable and balanced search process, as evidenced by
its exploration and exploitation ratios, allowed it to refine solutions
found, leading to superior performance in optimisation and feature
selection tasks.

CONCLUSION

This study introduces the HIWOA as an enhancement to the standard
WOA for addressing stability issues in HDD feature selection by
offering five key contributions. The first contribution provides a
clearer interpretation of stability, linking it to the balance between
exploration and exploitation, as well as the algorithm’s convergence
and its ability to avoid local optima. Second, the HIWOA is introduced
to improve the WOA’s stability, aiming to tackle optimisation and
feature selection tasks better. Third, an arcsine function is used in the
HiWOA to modify control parameter a nonlinearly, which allows for
a better tradeoff between exploration and exploitation. Fourth, the
incorporation of the social hierarchy concept from the GWO
introduces three leader-whales, improving solution quality by
replacing the single-leader approach. Finally, the evaluation results
proved that the HIWOA outperformed the WOA and mWOA in both
optimisation and feature selection.

The reason for enhancing the WOA by introducing the HIWOA is to
address the WOA'’s struggle with balancing exploration and
exploitation, which slows convergence and risks getting stuck in local
optima. These issues reduce its stability, especially in high-
dimensional feature selection tasks. The HiWOA addresses these
problems by introducing a nonlinear control strategy and a hierarchical
position-update mechanism to improve search efficiency. The
proposed HIWOA was tested on 23 optimisation functions and 11
HDDs for kNN wrapper feature selection against the WOA and
mWOA. The evaluation results show that the HHIWOA outperformed
both the WOA and mWOA across various optimisation functions and
feature selection scenarios in terms of the fitness value, number of
selected features, classification accuracy, and exploration-exploitation
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ratio of Xpl%: Xpt% using the same experiment settings. It was found
that the introduction of a nonlinear control parameter using the arcsine
function, together with the adaptation of a hierarchical position-update
mechanism, contributed to the HIWOA’s improved performance. The
HiWOA showed evidence of maintaining a better balance between
exploration and exploitation, with an average Xpl%: Xpt% ratio of
30.25:69.75 for HDD feature selection tasks, while the WOA and
mWOA only achieved 9.44:90.56 and 18.50:81.50, respectively. With
a balance closer to 30:70, the HIWOA achieved better stability and
higher-quality results, confirming that the proposed method effectively
addresses the identified issues.

Nonetheless, the HIWOA has a limitation, where its evaluation results
are marginal compared with the WOA'’s. Thus, the tradeoff between
exploration and exploitation can be further improved. For future
works, it is suggested that the control parameter a in the HIWOA
undergoes more testing by using trigonometry functions other than the
arcsine and investigating the influence on the algorithm’s
performance. Further simulations with different settings are worth
exploring to better understand the broader applicability and robustness
of the proposed HIWOA.
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