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Abstract

The growing availability of high-dimensional datasets across various domains has made feature selection
a critical step in machine learning pipelines, as reducing irrelevant or redundant features enhances model
interpretability and generalization. Due to the combinatorial nature of feature selection, traditional meth-
ods often lack the scalability and adaptability required for real-world problems. In response, this thesis
investigates the application of intelligent metaheuristic algorithms to feature selection in both supervised
and unsupervised learning settings. First, a comparative analysis of the Equilibrium Optimizer (EO) and
Henry Gas Solubility Optimization (HGSO) algorithms is conducted for supervised classification tasks. Both
algorithms are adapted to a binary feature space and evaluated on benchmark datasets using classification
accuracy and feature reduction as performance criteria, highlighting their respective strengths and motivat-
ing a hybrid approach. Consequently, this thesis proposes HGSOEOQ, a hybrid algorithm that integrates the
complementary exploration and exploitation capabilities of HGSO and EO. The proposed HGSOEO algo-
rithm is evaluated on the Twitter Spam Detection dataset and demonstrates superior performance in terms
of classification accuracy and the number of selected features when compared to conventional metaheuristic
and classical feature selection methods. Furthermore, the application of EO is extended to feature selection
for clustering tasks, where labeled data are unavailable, by employing clustering validity criteria such as the
Adjusted Rand Index (ARI) to guide the selection process. Experimental results across multiple datasets
confirm the effectiveness and robustness of the proposed approaches. Overall, the findings of this thesis
demonstrate that intelligent metaheuristic algorithms provide efficient and scalable solutions to the feature

selection problem in both supervised and unsupervised learning contexts.
Keywords: Feature Selection, Intelligent Algorithms, Metaheuristic Algorithms, Equilibrium Optimizer

(EO), Henry Gas Solubility Optimization (HGSO), Hybrid Algorithms, Classification, Clustering

viii



Résumé

La disponibilité croissante d’ensembles de données a haute dimension dans divers domaines a rendu la
sélection de caractéristiques (feature selection) une étape cruciale dans les pipelines d’apprentissage automa-
tique, car la réduction des caractéristiques redondantes ou non pertinentes améliore l'interprétabilité et la
capacité de généralisation des modeles. En raison de la nature combinatoire de la sélection de caractéristiques,
les méthodes traditionnelles manquent souvent de scalabilité et d’adaptabilité pour résoudre des problemes
réels. Cette these explore I'application des algorithmes métaheuristiques intelligents a la sélection de car-
actéristiques dans des contextes supervisés et non supervisés. Tout d’abord, une analyse comparative de
PEquilibrium Optimizer (EO) et de I'Henry Gas Solubility Optimization (HGSO) est effectuée pour des
taches de classification supervisée. Les deux algorithmes sont adaptés a un espace de caractéristiques bi-
naires et évalués sur des ensembles de données de référence en utilisant I'exactitude de classification et la
réduction des caractéristiques comme criteres de performance, mettant en évidence leurs forces respectives
et justifiant le développement d’'une approche hybride. Par conséquent, cette these propose HGSOEO, un
algorithme hybride combinant les capacités complémentaires d’exploration et d’exploitation de HGSO et
EO. HGSOEO est évalué sur ’ensemble de données Twitter Spam Detection et démontre des performances
supérieures en termes d’exactitude de classification et de nombre de caractéristiques sélectionnées par rapport
aux méthodes métaheuristiques conventionnelles et aux méthodes classiques de sélection de caractéristiques.
De plus, EO est étendu a la sélection de caractéristiques pour des taches de clustering ou les données ne sont
pas étiquetées, en utilisant des critéres de validité de clustering tels que l'indice de Rand ajusté (ARI) pour
guider le processus de sélection. Les résultats expérimentaux obtenus sur plusieurs ensembles de données
confirment 'efficacité et la robustesse des approches proposées. Dans ’ensemble, cette these démontre que
les algorithmes métaheuristiques intelligents constituent une solution efficace et évolutive a la problématique

de la sélection de caractéristiques dans des contextes d’apprentissage supervisé et non supervisé.
Mots-clés: Sélection des attributs, Algorithmes métaheuristiques, Optimiseur d’Equilibre (EO), Optimisa-

tion de la Solubilité des Gaz de Henry (HGSO), Algorithmes hybrides, Classification, Regroupement.
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Chapter 1

Introduction

1.1 Context

Huge increase in data has been witnessed recently because of - technological progress and
advancement. In today’s world, high dimensional data science is revolutionising various
fields like computer vision, bioinformatics, business analytics, healthcare, finance, social me-
dia, fraud detection and many more [1][2]. In these fields, they are now observing high
dimensional datasets which has a large number of features. Many of those features might
be noisy, irrelevant, or redundant. To make sense of the data and to discover meaningful
patterns, rules and knowledge from the data, scientists apply data mining techniques such
as classification and clustering. These techniques are crucial for extracting valuable insights
from large datasets and making informed decisions across various sectors.

Nonetheless, the enormity and complexity of contemporary datasets pose serious challenges.
The learning algorithms may slow down, consume more memory, and overfit in the presence
of unnecessary features which degrades the performance of the model. Additionally, it may
make the outputs difficult to interpret and explain, which is a major issue in some areas.
This is the reason behind making feature selection (FS) a necessary and basic step in a
machine learning pipeline|[3].

Feature selection is a process of selecting and retaining the most pertinent features from the



initial feature set, while simultaneously eliminating those with minimal or adverse effects on
the performance of a machine learning model[4]. In contrast to feature extraction, which con-
verts features into new representations, feature selection retains the original meaning of the
features, hence making it highly applicable in areas where interpretability is of paramount
concern|5][6].

Feature selection is not merely a preprocessing step; it is indeed crucial to enhance the ef-
ficiency, accuracy, and generalizability of machine learning models. In supervised learning
tasks, such as classification, feature selection serves to enhance the performance of classifiers
by accentuating informative patterns. When used in unsupervised learning, such as cluster-
ing, feature selection improves the cohesion of cluster formation by eliminating noisy and
irrelevant dimensions that could otherwise bias similarity measures.[7]

Yet, the problem of finding the best subset of features in a dataset is an NP-hard combi-
natorial optimization problem with an exponentially increasing search space relative to the
number of features[8]. This inherent complexity renders exhaustive search approaches infea-
sible with increasing sizes and complexities of datasets. In order to combat this difficulty,
researchers have more often utilized advanced optimization methods, specifically metaheuris-
tic algorithms, which are capable of effectively searching large search spaces by achieving a
good balance between exploration and exploitation.

Metaheuristic algorithms, which include, for example, Genetic Algorithms (GA), Particle
Swarm Optimization (PSO), Firefly Algorithm (FA), and more recently like the Equilibrium
Optimizer (EO) and Henry Gas Solubility Optimization (HGSO), have proven effectively
their ability in solving the F'S problem[9][10][8][11]. These algorithms mimic natural phe-
nomena to direct the search toward optimal/near-optimal solution sets. Moreover, their
flexibility, and the ability to avoid local optima make them excellent choice for the most

optimization problems, like Feature Selection.



1.2 Research Problem and Motivations

Despite the growing success of metaheuristic algorithms in solving feature selection (FS)
problems, several critical challenges remain. Feature selection is a well-known NP-hard com-
binatorial optimization problem due to the exponential growth of the search space with
increasing feature dimensions [8]. Exhaustive search methods quickly become impractical
for large datasets, and many traditional FS techniques fail to maintain performance when
faced with noise, redundancy, or limited supervision[12].

Moreover, while various metaheuristic algorithms such as Genetic Algorithms (GA), Parti-
cle Swarm Optimization (PSO), and Ant Colony Optimization (ACO) have been applied to
F'S, they often show inconsistent performance across different learning contexts [13]. Recent
methods like the Equilibrium Optimizer (EO) [14] and Henry Gas Solubility Optimization
(HGSO) [15] offer promising characteristics, but their application to F'S remains relatively un-
derexplored—particularly in hybrid settings and unsupervised learning. Furthermore, many
real-world datasets are unlabeled. In such cases, supervised FS methods are insufficient.
There is a growing need for intelligent F'S techniques that also perform well in unsupervised
contexts, improving clustering quality without relying on labeled instances.

Based on these gaps, this research aims to address the following questions:

e How to Efficiently Use and Adapt Recents Intelligent Algorithms (EO, HGSO) for FS

in a Various Classification Case?
e Can we fully implement a hybrid approach for better performance?
e How well do these techniques work on both real and benchmark data sets?
e How to use this Intelligent Algorithms for F'S in the clustering problems?

The increasing need for precise, interpretable, and efficient machine learning models has

made intelligent feature selection algorithms a popular research focus. The motivation for



this thesis comes from the need to design, implement, and evaluate intelligent metaheuristic
algorithms for the F'S problem in various learning paradigms. By producing new algorithmic
solutions to this problem and conducting exhaustive benchmarking on real and synthetic

datasets, this thesis aims to improve the state of the art of intelligent feature selection.

1.3 Contributions

This thesis presents a series of contributions toward tackling the problems of feature selection
in both supervised and unsupervised learning contexts. The work is organized into three

phases, each of which explains and extends recent advances in metaheuristic optimization.

e Comparative Study for Classification: The first contribution is the comprehensive com-
parative study of two recent metaheuristic algorithms: the Equilibrium Optimizer (EO)
and the Henry Gas Solubility Optimization (HGSO). The two algorithms were modified
to fit the binary search space of feature selection and compared using several supervised
classification benchmarks included Random Forest, Naive Bayes and KNN. The com-
parison was conducted across ten datasets, evaluating both classification accuracy and
feature reduction. The findings indicated that HGSO significantly outperformed EO
in classification accuracy and feature reduction. This comparison provided valuable
insights into the behavior of each algorithm and identified opportunities for improve-

ment. This study is presented in [16].

e Proposed Hybrid Model (HGSOEQ): the second major contribution is the design and
implementation of a novel hybrid metaheuristic algorithm, referred to as HGSOEO.
The algorithm integrates EQO’s convergence-oriented mechanism with HGSO’s group-
based exploration dynamics. Hybridization was pursued with the purpose of attaining
a better balance between global exploration and local exploitation. HGSOEO was
tested on a twitter spam detection dataset and its accuracy was compared against its

constituents separately (EO and HGSO) and alongside other popular metaheuristics.
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The results showed that HGSOEO consistently had better classification accuracy with
smaller feature subsets. This validated the notion that the combination of techniques
can lead to performance that cannot be attained by single algorithms. This contribu-

tion is detailed in [17].

e Feature Selection for Clustering: The third contribution takes the application of EO
to the unsupervised learning scenario, more specifically feature selection for clustering
tasks. Labeled data may not be available in real-world situations, and hence unsu-
pervised FS is an important research topic. EO was modified to work without label
information, and its effect on clustering performance was measured using clustering
methods like Gaussian Mixture Models (GMM). The Adjusted Rand Index (ARI)
measures was employed to measure performance. The studies showed that EO-based
FS enhanced clustering cohesion and separation and also minimized the number of
features. This study paves the way for the use of metaheuristic-based F'S techniques
in unsupervised scenarios, which is a less researched field of label-free dimensionality

reduction. The approach and findings are presented in [18].

All these stages show that intelligent optimization algorithms can overcome high-dimensional

problems in various learning applications.

1.4 Thesis Organization

The thesis is organized as follow:

e Chapter 1: Introduction - This chapter provides the general background of the
research, identify the research problem and motivation, state the key contributions,
and give an overview of the thesis. We also enumerate the academic publications

resulting from this research.

e Chapter 2: Feature Selection in Machine Learning - This chapter gives a thor-



ough background of the feature selection problem, its significance, and procedure. It
presents intelligent algorithms with emphasis on metaheuristics and describes their
general framework. The chapter also shows how these algorithms are developed and
modified to tackle the feature selection problem, such as binary encoding, fitness func-

tion, and evaluation measures.

e Chapter 3: Contributions - This chapter outlines the thesis’s original contributions.
These consist of a comparative analysis of the Equilibrium Optimizer (EO) and Henry
Gas Solubility Optimization (HGSO) algorithms for supervised feature selection, the
development of a hybrid HGSOEQ algorithm and its validation using real-world data,

and the extension of EO to feature selection for unsupervised clustering problems.

e Chapter 4: Results and Analysis - This chapter reports and analyzes the experi-
mental results on benchmark and real datasets, including comparisons of performance
with state-of-the-art algorithms, stability and convergence analysis, and evaluations
with various classifiers and clustering metrics. The effectiveness and scalability of the

proposed approaches are elaborated in detail.

e Chapter 5: Conclusion and Future Work - This chapter finalizes the thesis
by recapitulating the key findings as well as contributions. It also suggests some
future research directions, such as extensions to the hybrid algorithm and continued

investigation of unsupervised feature selection methods.

1.5 Academic Publications

e LEGOUI, Khaoula Zineb, MAZA Sofiane, et ATTIA, Abdelouahab. Equilibrium op-
timizer and henry gas solubility optimization algorithms for feature selection: compar-
ison study. In : 2022 5th International Symposium on Informatics and its Applications

(ISIA). IEEE, 2022. p. 1-6.



e LEGOUI, Khaoula Zineb, MAZA, Sofiane, ATTIA, Abdelouahab, et HOUSSEIN, Es-
sam H. Hybrid Henry gas solubility optimization and the equilibrium optimizer for
feature selection: real cases with Twitter spam detection. Knowledge and Information

Systems, 2024, vol. 66, no 5, p. 3055-3084.

e LEGOUI, Khaoula Zineb, ATTIA, Abdelouahab, et MAZA, Sofiane. Equilibrium Op-
timizer for Feature Selection in Clustering. In : 2024 International Conference of the

African Federation of Operational Research Societies (AFROS). IEEE, 2024. p. 1-5.



Chapter 2

Feature Selection in Machine Learning

2.1 Introduction

Feature selection (FS) is a critical process in enhancing the performance, efficiency, and in-
terpretability of machine learning models by selecting and keeping only the most significant
features. Due to its combinatorial nature, F'S is usually addressed by metaheuristic algo-
rithms, which are known for their strong search in high-dimensional spaces. This chapter
provides an overview of classical feature selection (FS) methods and introduces intelligent
algorithms—specifically metaheuristics—that have gained attention for their effectiveness
in solving FS problems. It also presents an Intelligent Algorithm for the Feature Selection
Problem, including the problem formulation, solution encoding, fitness functions used, and

evaluation criteria.

2.2 Feature Selection

Feature selection is one of the core preprocessing techniques in machine learning and data
analysis that is especially crucial when dealing with high-dimensional data. Its primary
objective is to enhance predictive performance, mitigate overfitting, and facilitate model
interpretability by choosing a subset of the most informative and relevant features from the

original feature set. Such dimensionality reduction not only lowers computational expense



but also removes noise and redundancy, enabling learning algorithms to concentrate on the

most significant patterns in the data.

2.2.1 Feature Selection Techniques

Feature selection techniques are typically divided into two broad categories: filter and wrap-
per methods. The two categories adopt a different approach to feature evaluation and
selection, and the decision among them is based on the characteristics of the dataset, the

available computational budget, and the target application[19][20].

e Filter based (independent criteria) Filter methods assess the quality of feature
subsets exclusively in terms of their inherent characteristics, without involving any
learning algorithm. They use statistical or information-theoretic metrics like corre-
lation coefficients or mutual information to rank and pick features. Since they are
not tied to any particular classifier, filter approaches are computationally efficient and
can scale to extremely high-dimensional data sets, and can be applied prior to select-
ing a specific model. However, their main limitation is that they do not account for
how features interact within a specific learning algorithm, possibly leading to poor

performance for some models[21][22][7].

e wrapper based (dependent criteria) Wrapper methods employ a predictive model
to evaluate feature subsets, identifying those that provide optimal performance for a
designated classifier. These methods iteratively train and assess the model with various
subsets, following a search strategy that may include forward selection, backward elimi-
nation, or metaheuristic optimization. Although wrapper methods frequently generate
superior outcomes compared to filter methods by taking into account feature interac-
tions, they tend to be computationally intensive, particularly when applied to large

datasets[22][7].



2.2.2 Feature Selection Procedure

The feature selection procedure generally involves four primary phases, as shown in Fig-
ure 2.1: subset generation, subset evaluation, stopping criteria, and subset validation. The
process iterates between generating candidate feature subsets and evaluating their quality
according to a specific criterion. Once the stopping condition is met—whether based on
time, performance plateau, or iteration limit—the best-performing subset is finally validated

using a learning model or evaluation measure.

Feature Subset Subset Yes

Set Subset Subset Quality ) Stopping Subset
e —_—> —_—>
Generation Evaluation criteria Validation

|

Figure 2.1: General procedure of Feature Selection[23].

ON

2.2.2.1 Subset generation

In this step, the key element is the formation of a feature subset. This involves selecting a
subset of features from the overall set of features. The number of candidate subsets is related
to the number of features, where there are 2%V possible subsets for a dataset with N features.
There are three types of strategies to search for subsets. Complete search, Sequential Search,

and Random search.

e Complete search is an exhaustive search. It calculates the performance of all possi-
ble subsets of features in order to select which set lead to the best model performance.
Complete search is guaranteed to have the best result because of considering all possible
subsets starting from one feature to all available features. Yet, it is very computation-
ally expensive. This is impractical to do for large datasets, since the number of subsets

is growing exponentially with a number of features.
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e Sequential search is an incremental process for feature selection. There are three
variations for this type: forward selection, backward selection, and hybrid selection.
The first method starts with no features and in each iteration adds a feature, testing
its impact on the performance; it stops when the adding of features no longer improves
the performance. In contrast, the second method starts with all features and removes
a feature in each iteration until further removal doesn’t improve the performance. The

last method is the combination of the two types.

¢ Random search is a different process that follows a different search method for feature
subsets compared to the complete or sequential search. It doesn’t use systematic
exploration of all subsets or a logical progression through them but uses the randomness
as a primary key that means It selects combinations at random and evaluates them.
The process is repeated for a certain number of iterations or until a stopping criterion
is met. Although it may not always reach the optimum solution, it is considered the
best in terms of computational time, especially for a high number of features, unlike

complete or sequential search, which is high.

2.2.2.2 Subset evaluation

In this step, the subsets generated during the previous step have to be evaluated in order
to assess their quality based on evaluation criteria. The goodness of a subset of features
depends on the chosen criterion, which means the good choice of evaluation metric plays
a crucial role, as it directly impacts the effectiveness of the feature selection process. The

choice of evaluation method depends on the type of feature selection method 2.2.1:

e Filter methods use statistical scores such as correlation, information gain, or mutual

information without involving a classifier.

e Wrapper methods evaluate subsets by training a specific learning algorithm and

measuring the performance.
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2.2.2.3 Stopping criteria

A stopping criterion is a condition that is defined under which the feature selection process
stops. This will prevent the process from continuing unnecessarily, saving time and avoiding
the overfitting issue. This step is no less important than the previous ones, as it directs the
process towards the best result without going through the evaluation of all the combinations.

Among the conditions that can be determined are:
- Maximum number of iterations.
- Maximum number of features.

No further improvement in performance.

Thresholding performance.

2.2.2.4 Subset validation

The results can be validated in two ways, depending on the type of data. For synthetic
datasets or well-studied domains where we work on a dataset that we already have prior
knowledge of the subset of features that we want to reach, we directly compare the selected
features with the known subset. Moreover, knowing which features are irrelevant or re-
dundant allows us to ascertain the validity of the feature selection algorithm by verifying
whether these have been excluded from the final subset. For real-world datasets, it is rare
to have prior knowledge about which features are important. In such cases, the validation
of the subset is done by observing how the selected features impact the model performance.
This involves comparing the performance of the model before and after selecting the features

(using all features versus using the subset of features).
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2.3 Intelligent Algorithms

After outlining the principles, types, and procedures of feature selection, this section focuses
on the notion intelligent algorithms and their application in solving optimization problems,
particularly in feature selection. It initially provides the background of metaheuristic algo-
rithms, followed by their general framework to clarify their fundamental constituents and
workflow. Then, it gives comprehensive explanations of two algorithms utilized in this the-
sis, namely the Equilibrium Optimizer (EO) and the Henry Gas Solubility Optimization

(HGSO), which are employed as the main optimization methods in the proposed methods.

2.3.1 Metaheuristic algorithms

The field of computer science identifies a large group of optimization problems that includes
the feature selection (FS) dilemma as NP-hard[24][25]. The classification indicates these
problems become unsolvable easily through existing deterministic methods when dimensions
increase. The number of features directly correlates to an exponential increase in search
space dimensions, making exhaustive search methods impractical for computational use.
Often, finding an exact solution is practically impossible within realistic time constraints.
To overcome those issues, researchers use heuristic and metaheuristic algorithms as modern
tools to achieve effective approximate solutions through intelligent search process guidance.
Heuristic algorithms can efficiently solve certain complex and advanced types of optimiza-
tion problems. However, due to their reliance on specific domain knowledge, they are not
generally applicable. In contrast, meta-heuristic algorithms have more flexibility through a
general adaptable structure. Metaheuristics are problem-independent and therefore appli-
cable to a wide range of problems. Their general design principles, along with stochastic
search methods, help it efficiently search different complex solution spaces|[26].

Metaheuristic algorithms can be broadly categorized into two main classes: single-solution-

based and population-based approaches [27, 28]. Single-solution-based metaheuristics, such
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as Simulated Annealing and Tabu Search, operate by iteratively improving a single can-
didate solution [28, 29]. In contrast, population-based metaheuristics, including Genetic
Algorithms, Particle Swarm Optimization, and swarm-intelligence-based methods, evolve
a set of candidate solutions simultaneously [30, 31, 32|. Population-based approaches are
particularly effective for complex and multi-modal optimization problems due to their in-
herent diversity and parallel search capability [33]. The search process of any metaheuristic
algorithm relies on two key functions that guide the search effectively: exploration and

exploitation|[8][34].

e Exploration: enables the algorithm to investigate new and diverse areas of the search

space, thereby avoiding premature convergence to local optima.

e exploitation: focuses on refining the best solutions found so far to converge toward

an optimal or near-optimal solution.

The algorithm requires proper alignment between exploration and exploitation to achieve
its best results. The convergence rate slows down when exploration exceed limits and ex-
cessive focus on exploitation might lead to stagnant performance at mediocre solutions.
High-dimensional feature selection remains a challenging task due to feature redundancy,
noise, and complex interdependencies. Traditional approaches, such as filter and wrapper
methods, often suffer from poor scalability and a tendency to become trapped in local op-
tima when dealing with large and complex search spaces. Consequently, recent research
has increasingly focused on metaheuristic algorithms, as they provide flexible and effective
solutions for hard optimization problems. These algorithms are typically inspired by natural
phenomena, including biological evolution, social behavior, and physical processes. As illus-
trated in Fig.2.2, metaheuristic algorithms can be further classified based on their source of

inspiration [26, 35, 36].
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Figure 2.2: Metaheuristic algorithms categories[37].

These algorithms employ probabilistic search mechanisms to iteratively refine candidate
solutions. In population-based metaheuristics, multiple candidate solutions evolve simulta-
neously through fitness-based selection and adaptive operators such as crossover, mutation,
velocity updates, or pheromone intensification. This intrinsic diversity enables an effective
balance between exploration and exploitation, significantly increasing the likelihood of iden-

tifying optimal or near-optimal feature subsets in complex and multi-modal search spaces.

2.3.2 General framework of metaheuristic algorithms

Metaheuristics are generally classified as population-based stochastic search algorithms used
to solve complex optimization problems. The majority of these algorithms follow a common
mechanism aimed at identifying optimal or near-optimal solutions. This mechanism typically
consists of several essential components: parameter setting, population initialization, global

search, local refinement, and stopping criteria[38].
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Parameter Setting: involves all configurations of the algorithm parameters, included
population size, learning rates, exploration/exploitation balance (not all algorithms
require parameter tuning). Proper tuning at this stage significantly influences conver-

gence speed and solution quality.

Population Initialization: involves the generation of an initial population of solution

candidates (usually randomly generated) used to start the search procedure.

Global Search: This element governs the searching of the solution space through
the application of position or solution updates founded upon interactions, random

disturbances, or information exchange among individuals.

Local Search: There are algorithms that have mechanisms for refining solutions
through the exploitation of neighborhoods around hopeful candidates. This refines

convergence accuracy and prevents premature convergence

Stopping Conditions: The algorithm continues the search until a stopping criterion
is satisfied, i.e., until a maximum number of iterations or a desired level of fitness is

reached.

This general framework enables metaheuristic algorithms to be modified and implemented

for a broad range of optimization problems. In following, two particular metaheuristic algo-

rithms—Equilibrium Optimizer (EO) and Henry Gas Solubility Optimization (HGSO)—are

introduced in their original versions.

2.3.3 Equilibrium Optimizer (EO)

The Equilibrium Optimizer (EO) is a metaheuristic algorithm inspired by physics, which

was introduced by Faramarzi et al. [14]. It is motivated by the mass balance dynamics

of a control volume within a fluid system, in which concentrations attempt to achieve an

equilibrium condition by diffusion and mixing processes.
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EO models the candidate solutions as concentrations that move towards equilibrium following
a model based on a concentration update rule inspired by physical laws. The algorithm uses
a memory pool of the best concentrations, referred to as the equilibrium candidates, to guide

the population.

/ Dataset /

A 4

/ EO \
Initialize the Population

Evaluate particles
(Fitness Function)

Y

Extract the Equilibrium pool

v

Update Particles Concentrations

Y

No Criterion

Stop

N

/Return BestSqution/

Figure 2.3: EO Framework Model.

a) Initialization
In EO, each candidate solution is represented by a concentration vector C. The pop-

ulation is initialized randomly within the problem’s bounds:

C; = Chin + rand X (Cruae — Crin) (2.1)
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where C; is the concentration (position) of the i particle, and rand is a uniform

random number in the range [0, 1].

b) Fitness Evaluation

Each candidate solution is evaluated using a predefined objective (fitness) function

appropriate for the problem domain. The goal is to minimize or maximize this function

depending on the task.

c) Equilibrium Pool Formation

The top four solutions with the best fitness values are selected to form the equilibrium

pool. Additionally, the average of these four solutions is computed and added to the

pool, creating five guiding vectors in total. These represent potential equilibrium states

for the population.

d) Equilibrium Update Mechanism

Candidate solutions are iteratively updated based on a mathematical model inspired

by mass balance equations. The update formula is defined as:

where:

Where:

CZH = Ceq + (Czt - Ceq) ) ﬁ +

—

—

é: 0

(11—

él‘ C

F = ay -sign(7 — 0.5) - (eM — 1)

—

F

Go=GCP-(Coy — XC)

GCP =

0.5- T,

0,

18
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e C!: concentration 7 at iteration ¢,

Ceq: selected equilibrium candidate from the pool,

l

F: control vector to balance exploration and exploitation,

l

e (5: generation rate vector,

GCP: generation control probability,

—

e V/: a unit vector,

r1, ro: random numbers uniformly distributed in [0, 1],

G P: generation probability.

This update mechanism guides concentrations toward one of the equilibrium states

while preserving exploration.

Termination

The update process is repeated until a termination condition is satisfied,such as reach-
ing a maximum number of iterations, a target fitness value, or stagnation in solution
improvement. The best solution found during the process is returned as the final

output.
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Algorithm 1 Pseudo code of the EO algorithm.
1: Population initialization using (2.1),7=1,2,3,...N
2: Set a large fitness values to the equilibrium candidates
3: Set the parameters of EO a1 =2 ;a,=1; GP =0.5
4: while Iter < Max_Iter do

5: for (i =1 to number of solutions (N)) do

6: Calculate fitness of it" particle

7 if fit(Ch) < fzt( C.p1) then

8: Replace Cegr with C; and fit(Ceg) with fit(C))

9: else if fit(C )>f2t( eql)&fzt( i) < fit( qu) then

10 Replace C’qu with C; and fit (C_" ») with fit(C)

11: else if fit(Ci) > fit(Cop)& fit(C;) > fit(Cogp)&e fit(Ci) < fit(Cuys) then

12: Replace Cqu with C; and fzt( q3) With fzt( )

13; else if fit(C;) > fit(Cog)&fit(C;) < fit(Coga)&fit(Cy) > fit(Coys)&fit(C) <
fit(Coyy) then

14: Replace éeq4 with C; and fit(C_”eq4) with fit(C;)

15: end if

16: end for

17: Cevg = (Ceql + Ceqz + Cqu + Ceq4)/4 )
18: Construct the equilibrium pool Ceq1, C’qu, C’qu, C’eq4, Cevg

19: Accomplish memory saving (i fIter > 1).

20:  Assign t = (1 — e )la2 Mas-Tier) |

21: for (1 = 1 to number of particles (N)) do

22: Randomly choose one candidate from the equilibrium pool.

23: Generate random vectors of X, 7

24: Construct F , GéP, 670, and G using the following equations respectively (2.3),
(2.6), (2.5), (2.4).

25: Update concentration C using (2.2).

26: end for

27: Tter = Tter 4+ 1
28: end while
29: return

2.3.4 Henry Gas Solubility Optimization (HGSO)

Henry Gas Solubility Optimization (HGSO) is a population-based metaheuristic algorithm
derived from Henry’s law in chemistry, which governs the solubility of a gas in a liquid under
pressure. Proposed by Hashim et al. [15], HGSO takes the behavior of gas molecules as

they dissolve in a liquid medium and employs this analogy to develop a search mechanism
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for global optimization problems.

The algorithm splits the population into a number of groups, with each group being a
different gas type. Candidate solutions traverse the search space by modifying their solubility
and partial pressure, converging toward optimum solutions through interaction among group

members and the best so-far solution.

/ Dataset /

Y

ﬁeso \
Initialize the Population

v

Divide the population into clusters
Evaluate particles of cluster(Fitness Function)

Find the best particle in each cluster and best
particle in population

4
Update particles' positions
Update parameters

Y

\ 4
Evaluate the new particles

Rank and Select the worst particles

Evaluate and Find the best particle in each
cluster and best particle in population

Criterion
Stop
Yes

A 4

/Return BestSqution/

Figure 2.4: HGSO Framework Model.

a) Initialization and Clustering
The Henry Gas Solubility Optimization (HGSO) algorithm begins by randomly gen-

erating a population of candidate solutions, where each solution is treated as a gas
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b)

molecule encoded in binary form to represent a feature subset. The initial positions
of these particles, along with key parameters—mamely Henry’s constant H;, partial

pressure P ;, and solubility constant C;—are initialized as follows:
X; = Xmin + rand X (Xpmax — Xmin) (2.7)

H;(t) =1y xrand, P,; =1y xrand, C;=I3 X rand (2.8)

where [} = 5 x 1072, I, = 100, and I3 = 1072, The population is then grouped into
equal-sized clusters, with each cluster representing a distinct gas type, all sharing the

same Henry’s constant.

Fitness Evaluation

Each cluster is evaluated independently to determine the best-performing gas particle
within it. Additionally, the best particle across all clusters is identified. The fitness of
each solution is computed using a predefined fitness function suited to the nature of

the task.

Standard HGSO Update Mechanism

HGSO employs a physics-inspired update mechanism based on Henry’s law and sol-
ubility principles. This involves updating the Henry’s constant H;, computing the
solubility S; j, and adjusting the particle positions. The updates are governed by the

following formulas:

1 1
i = s |6 (2 )|

: (2.9)
T = —_
P <MaXIter>

Si; =K x H"' x P!, (2.10)

27‘7
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2, ©,] ,J J
+For-a (Si(t) - Xy — XL)) (2.11)
FL ., +e
_ _ Zbes = 0.05
v =p"-exp ( th] n ) , €

Where:

° Xit,j: position of particle ¢ in cluster j at iteration ¢,

® X ,.q best particle in cluster j,
e X/ . global best particle in the population,

F: a control flag that dictates search direction,

Si ;+ solubility of particle i in cluster j,

H;: Henry’s coefficient for gas type j,

P, ;: partial pressure acting on particle 7 in cluster j.

These equations ensure a physically inspired behavior that balances intensification

(exploitation) and diversification (exploration) in the search process.

d) Local Optima Escape
To enhance diversity and escape local minima, a portion of the worst-performing solu-

tions is reinitialized using:

Ny=N-(rand-(ca —c1) +¢1), ¢ =01, =02 (2.12)

Gij = Guin(ij) T 7 (Gmax(ij) — Gmin(ij)) (2.13)

This helps maintain exploration capability, preventing premature convergence by in-

troducing randomness in poorly performing agents.
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e) Termination
The algorithm iteratively repeats the above steps until a termination criterion is met,
such as reaching a maximum number of iterations, achieving a threshold fitness value,
or observing no further improvement. The best-performing particle found during the

entire process is then returned as the final solution.

Algorithm 2 Pseudo code of the HGSO algorithm.

1: population initialization using (2.7), ¢ = 1,2,3,...N, number of gas types i.

o

10:
11:
12:
13:
14:

15:

16
17

set the parameters of HGSO [y,l5,l3 and initialize the properties H;, P, ;,C; using (2.8).
Divide the population of gas particles into a number of gas types (cluster) with the same
Henry’s constant value H;.

Evaluate each cluster j.

Get the best gas particle X ;.5 in each cluster, and the best particle in population Xpes;

while Iter < Max_Iter do
for (i =1 to number of particles (N)) do
Update the positions of each gas particle using (2.11).
end for
Update Henry’s coefficient of each gas type using (2.9).
Update solubility of each gas particle using (2.10).
Rank and select the number of worst particles using (2.12).
Update the position of the worst agents using (2.13).
Update the best gas particle X pes: , and the best search agent gas particle in the
population Xpeg.
Iter = Iter + 1
: end while
: return X, 4

2.4 Intelligent Algorithm for Feature Selection Prob-

lem

This section is devoted to the adaptation of intelligent algorithms to the feature selection

problem specifically. The main objective is to present how metaheuristic algorithms, orig-

inally designed for continuous optimization, can be reformulated and adapted to address

binary feature selection tasks. We discuss problem formulation and the fitness function
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guiding the search process, followed by solution codification, binary adaptation techniques,

and the performance metrics used for evaluation.

2.4.1 Problem Formulation and Fitness Function

Feature selection is one of the key pre-processing steps in machine learning and data mining in
general. It becomes more important when the dataset is high-dimensional. The aim is to find
a minimal set of relevant features that maintains the performance, or optimally improves
the performance, of learning algorithms. The problem can be framed as a combinatorial
optimization problem associated with finding the optimal feature subset in the set of all
features provided.

The objective is to select a subset of features so that S C F where F' = {f1, f2, f5, ..., fa}
and d is the number of features, such that this subset guarantees the following optimization

goals :
e Maximize the classification (or clustering) performance, and
e Minimize the number of selected features.

In this work, the FS task is formulated in both supervised classification and unsupervised

clustering contexts, with different fitness functions guiding the optimization in each case.

2.4.1.1 Supervised Classification — Fitness Function

Formally, the problem can be formed as a bi-objective optimization task but in this research

we agregate them to uni-objective:

|51

Fitness(S) = a - Error(S) + [ - m

(2.14)

Here:

Error(S) = 1 — Accuracy(S)
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o Accuracy(S) denotes the classification accuracy obtained using the feature subset S.

The detailed formulation of accuracy is presented in Section 2.4.4,

e Error(S) denotes the classification error using the subset S,

° % represents the proportion of selected features, where |S| is the number of selected

features and |F| is the total number of original features,

e o and [ are the weight parameters that control the trade-off between classification

performance and feature reduction.

In this study, the weighting parameters are empirically set to @ = 0.99 and g = 0.01.
This choice reflects a strong emphasis on maximizing classification performance while still
encouraging feature reduction. Such a configuration is particularly suitable for classification

tasks where predictive accuracy is the primary objective.

2.4.1.2 Unsupervised Clustering — Fitness Function

In unsupervised learning, class labels are not utilized in the training process and feature
selection itself is evaluated based on the quality of the clusters. In this case the Adjusted
Rand Index (ARI) is used to compare the clustering result to the true class labels, which are

accessible only for evaluation purposes. In this case the fitness function is defined as:

Fitness(S) =1— ARI(S) (2.15)

Here, ARI(S) denotes the Adjusted Rand Index after clustering with Gaussian Mixture
Model (GMM)[39] using the selected features S. A lower fitness value indicates better
clustering performance (i.e., higher ARI score). This mono-objective formulation directs
the optimization algorithm to find feature subsets that maximize the quality of clusters.

The detailed formulation of the ARI is presented in Section 2.4.4.
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2.4.2 Solution Codification

In all metaheuristic algorithms implemented in this study each candidate solution (also
named as individual, particle, or agent) is represented by a binary vector of length d, where
d is the number of total features in the data set.

The state of each bit in the binary vector signifies whether a corresponding feature is included

or excluded:

S = [f17f27f37 "'7fd]7fi € {07 1}
e f; = 1: The i feature is selected.
e f; = 0: The i'" feature is excluded.

The binary encoding reformulates the feature selection problem as a combinatorial search
problem in the 2¢ space of possible subsets. It is particularly well-fitted for the binary form
of metaheuristic algorithms, which allows for good exploration and exploitation of the search
space.

The population P is then composed of N such binary vectors where each vector S; represents

a candidate solution:

P =51, 5,53, .... Sx]

Table 2.1 illustrates the representation of the population in binary form.

Table 2.1: Population representation.

Features

Subsets H fo fz . fa
S o 1 ... 0 0
Sy 1 0 ... 1 1
S3 1 0 ... 0 1
SN 1 1 ... 1 0
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2.4.3 Binary Adaptation for Feature Selection

To apply the proposed methods to binary feature selection, a transfer function is used to
convert the continuous solution values into binary ones. The transfer function is applied to

each dimension as follows:

, C. .
s(cim = |2
! 1+ CE
(2.16)
L ifs(cy) 205
C’L,j -

0, otherwise

This binary codification enables the algorithms to generate candidate feature subsets,

where each bit indicates whether a specific feature is selected (1) or excluded (0).

2.4.4 Evaluation Metrics

In order to comprehensively compare the performance of the proposed feature selection
algorithms, some standard evaluation metrics are employed. They are employed to assess
both the predictive accuracy of the obtained feature subsets and the effectiveness in reducing
dimensionality. The evaluations are conducted under supervised and unsupervised learning

scenarios.

2.4.4.1 Classification Performance Metrics

In supervised learning settings, the following classification metrics are used to evaluate how

well the selected feature subsets preserve class separability:

e Accuracy: Measures the proportion of correctly classified instances.

TP+TN
TP+TN+ FP+FN

Accuracy = (2.17)
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e Precision: Represents the proportion of true positive predictions among all positive
predictions made.
TP

Precision = ———— 2.1
recision = oo p (2.18)

e Recall (Sensitivity): Indicates the proportion of actual positives that were correctly

identified.

TP
= 2.1
Recall TP FN (2.19)

e Specificity: Measures the proportion of actual negatives that were correctly identified.

TN

—_— 2.2
TN+ FP (2:20)

Specificity =

e AUC (Area Under the ROC Curve): Reflects the classifier’s ability to distinguish
between classes, with values ranging from 0.5 (random) to 1 (perfect). A higher AUC

indicates better classification performance across thresholds.

These metrics provide a comprehensive understanding of the model’s behavior.

2.4.4.2 Clustering Performance Metric

For unsupervised learning tasks, the Adjusted Rand Index is used as a validation metric.

Let:
e a be the number of pairs of points in the same cluster in both partitions.
e b be the number of pairs in different clusters in both partitions.

e c and d account for mismatched pairings.

The Rand Index (RI) is defined as:

a+b

(2.21)
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The Adjusted Rand Index is computed as:

RI — Ezxpected RI

ARI =
(Max RI — Expected RI)

(2.22)

2.5 Conclusion

This chapter reviewed the foundations of feature selection and introduced intelligent meta-
heuristic algorithms as effective solutions for high-dimensional problems. It also presented
the general structure of such algorithms, their adaptation to feature selection tasks, and the
key components required for implementation. In the following chapter, the focus shifts to the
development and implementation of the metaheuristic-based proposed methods for feature

selection.
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Chapter 3

Contributions

3.1 Introduction

This chapter presents the main contributions of this thesis, which aim to improve feature
selection using metaheuristic optimization techniques. The work focuses on three directions:
a comparative study between Equilibrium Optimizer (EO) and Henry Gas Solubility Opti-
mization (HGSO), the design of a hybrid EO-HGSO algorithm for classification tasks, and

the application of EO for feature selection in clustering problems.

3.2 Equilibrium Optimizer and Henry Gas Solubility
Optimization Algorithms for Feature Selection: Com-

parison Study

3.2.1 Equilibrium Optimizer for Feature Selection

In order to adapte the Equilibrium Optimizer (EO) algorithm for the feature selection prob-
lem, a set of modifications was implemented to transform the original continuous optimizer
to a discrete binary variant for subset feature selection. The transformation included de-

signing a binary solution representation, with each individual in the population representing
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a binary vector that expresses the inclusion or exclusion of features. A transfer function

was used to translate continuous EO updates into binary decisions, which ensured that the

search process was still effective in the discrete feature space. The fitness function was also

tailored to jointly assess the classification accuracy and the feature reduction rate so that

EO can manage the trade-off between performance and dimensionality. These adaptations

allowed the EO algorithm to efficiently search through the combinatorial search space of

feature selection problems.

a)

b)

Initialization

The algorithm begins by initializing using 2.1 a population of concentration vectors,
represents a potential subset of features encoded as a binary string of length d (number
of features).

This modification enables the conversion of vector values into binary format

1, if S(Ci ) >0.5
Cz',j — (31)

0, otherwise

Fitness Evaluation

The evaluation of each particle is performed using the fitness function mentioned in
Chapter.3 (Eq.2.14), based on two objectives: the classification error and the number of
features considered. Since this is a mono-objective function, the resultant particles are
guided to converge towards feature subsets that achieve high classification performance

while using less number of features.

Equilibrium Pool Formation
The equilibrium-pool is made up of the four best particles based on fitness and the
average of those four particles (five reference vectors). These vectors function as guides

and maintain the position updates for the remaining population.
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d)

Standard EO Update Mechanism

In this stage, the algorithm updates all its parameters, as well as the position of each
particle. The modification occurs during the position update, which is performed
using Equation 2.2. Each particle C!! is then converted into a binary vector using

the transfer function defined in Equation 2.16.

Termination
The process repeats for a predefined number of iterations until the algorithm then

returns the best-performing feature subset as the optimal solution.
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Algorithm 3 Pseudo code of the EO for feature selection algorithm.

1: Population initialization using (2.1),7=1,2,3,...N

2: Set a large fitness values to the equilibrium candidates
3: Set the parameters of EO a1 =2 ;a,=1; GP =0.5
4: while Iter < Max_Iter do

5: for (i =1 to number of particles (N)) do

6: Calculate fitness of i*" particle using 2.14

7 if fit(Ch) < fzt( C.p1) then

8: Replace Cegr with C; and fit(Ceg) with fit(C))

9: else if fit(C )>f2t( eql)&fzt( i) < fit( qu) then

10 Replace C’qu with C; and fzt(C_" ») with fit(C)

11: else if fit(Ci) > fit(Cop)& fit(C;) > fit(Cogp)&e fit(Ci) < fit(Cuys) then

12: Replace Cqu with C; and fzt( q3) With fzt( )

13; else if fit(C;) > fit(Cog)&fit(C;) < fit(Coga)&fit(Cy) > fit(Coys)&fit(C) <
fit(Coyy) then

14: Replace éeq4 with C; and fit(C_”eq4) with fit(C;)

15: end if

16: end for

17: Cevg = (Ceql + Ceqz + Cqu + Ceq4)/4 )
18: Construct the equilibrium pool Ceq1, C’qu, C’qu, C’eq4, Cevg

19: Accomplish memory saving (i fIter > 1).

20:  Assign t = (1 — e )la2 Mas-Tier) |

21: for (1 = 1 to number of particles (N)) do

22: Randomly choose one candidate from the equilibrium pool.

23: Generate random vectors of X, 7

24: Construct F , GéP, 670, and G using the following equations respectively (2.3),
(2.6), (2.5), (2.4).

25: Update concentration C using (2.2).

26: Convert concentration C to binary vector using (2.16).

27: end for

28: Iter = Iter + 1
29: end while

30: return

3.2.2 Henry Gas Solubility Optimization for Feature Selection

As in the case of the Equilibrium Optimizer, the Henry Gas Solubility Optimization (HGSO)
algorithm underwent several modifications to be transformed for the feature selection prob-
lem. Its original continuous representation was changed to binary encoding, with each can-

didate solution representing selected features by binary values. An appropriate transfer
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function was incorporated to transform HGSO’s continuous updates into binary decisions so

that the algorithm can work within the discrete search space of feature subsets. The fitness

function was also modified to simultaneously measure classification accuracy and subset size

so that the algorithm can keep a balance between performance and dimensionality. All these

transformations made HGSO suitable for binary feature selection in classification problems.

a)

b)

d)

Initialization and Clustering

The algorithm starts off by generating a random population of particles to represent a
potential feature subset, in binary. The initial position of each particle and parameters
(Henry’s constant H;, partial pressure P, j, and constant value C;) are initialized using

2.7 and 2.8.

1, if S(X;;)>0.5

0, otherwise

The population is then divided into equal-sized clusters.

Fitness Evaluation
The assessment of every cluster is done independently by identifying the best particle
in the cluster and identifying the best particle globally. The fitness function used is

mentioned in Chapter.3 (Eq.2.14).

Standard HGSO Update Mechanism
HGSO updates Henry’s constant H;, solubility S;;, and the position of each parti-
cle based on the update function 2.11. The updated position of each particle X/ is

then converted into a binary vector using the transfer function defined in Equation 2.16.

Local Optima Escape
To prevent early convergence, part of the worst-performing particles are reinitialized

using 2.13.
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e) Termination
The algorithm keeps iterating until the maximum number of iterations is reached. As

a result, the best solution found will be returned as the final selected feature subset.

Algorithm 4 Pseudo code of the HGSO for feature selection algorithm.

1: population initialization using (2.7), i = 1,2,3,...V.

2: set the parameters of HGSO [,l5,l3 and initialize the properties H;, P, ;,C; using (2.8).

3: Divide the population of gas particles into a number of gas types (cluster) with the same
Henry’s constant value Hj.

4: Evaluate each cluster j using 2.15.

Get the best gas particle X jes in each cluster, and the best particle in population Xp.y

o

while Iter < Max_Iter do
for (1 = 1 to number of particles (N)) do
Update the positions of each gas particle using (2.11).
Convert the positions of each gas particle to binary using (2.16).
10: end for
11: Update Henry’s coefficient of each gas type using (2.9).
12: Update solubility of each gas particle using (2.10).
13: Rank and select the number of worst particles using (2.12).
14: Update the position of the worst agents using (2.13).
15: Update the best gas particle X et , and the best search agent gas particle in the
population Xpes;.
16: Iter = Iter + 1
17: end while
18: return X,

3.3 Hybrid Henry Gas Solubility Optimization and the
Equilibrium Optimizer for Feature Selection: Real
Cases with Twitter Spam Detection

3.3.1 Algorithm process

HGSOEQO is a hybrid feature selection method that integrates Henry’s Gas Solubility Opti-

mization (HGSO) and the Equilibrium Optimizer (EO). The hybridization is motivated by
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the strengths and promising results demonstrated by HGSO and EO in comparison to other
well-known algorithms in the literature. The primary goal of HGSOEO is to identify the
optimal subset of features, minimizing the number of selected features while ensuring high
performance, all within a short computational time. This makes it a highly efficient and

effective wrapper-based feature selection approach.
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Initial population P, with
N particle,N: size of popu-
lation

Py = {51,52,...,9n}

Divide the Fy into n clus-
ter.

Evaluate each particle of
each cluster C.

Select the best particle in
each cluster Xbest; ;, and
the best particle in popula-
tion Xbest.

Update the position of
each particle of each clus-
ter using eq. of HGSO.
Evaluate each particle of
each cluster.

No

Stopping

Update the best particle
in each cluster Xbest; ;,
and the best particle in
population Xbest if it’s
better then the previous.

Create a pool containing
the Xbest; ; and Xbest

Update the position of
each particle according to
one of the particles from
the pool using eq. of EO.

Criterion
reached?

The best particle
Xbest(best features sub-
set)

Evaluate each particle and
update the Xbest if the
fitness of any particle is
better.

Figure 3.1: The proposed method architect [17].
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Algorithm 5 Pseudo code of the HGSOEQ algorithm.
population initialization, 1 = 1,2,3,...N
set the parameters of HGSO [y,l5,l3 and initialize the properties H;,P,; ;,C; using (2.8).
Divide the population into clusters with the same Henry’s constant value Hj;.
Evaluate each cluster j.
Get the best particle X pes in each cluster, and the best particle in population Xpes .
while Iter < Max_Iter do
for (1 =1 to number of particles (N)) do
Update the positions of each particle using (2.11).
end for
Update the best particle X, s in each cluster, and the best particle in population
Xbest-
11: Construct the equilibrium pool X pest, Xpest
12: for (i = 1 to number of particles (N)) do
13: Randomly choose one candidate from the equilibrium pool.
14: Generate random vectors of X, T
15: Construct F , GéP, @0, and G using the following equations respectively (2.3),
(2.6), (2.5), (2.4).
16: Update the positions of each particle using (2.2).
17: end for
18: Update the best particle X 4.5+ , and the best particle in the population Xjs.
19: Iter = Iter + 1
20: end while
21: return X,

,_.
@

The process of the HGSOEO begins with the initialization of the first population (P),
composed of N particles where each particle represents a potential candidate solution, corre-
sponding to a subset of features. This population is further split into clusters with the same
number of particles. Afterwards, the process selects based on the low fitness value the best
particle from each cluster, along with the best global particle from the entire population.
The HGSOEO then performed an iterative process that ends when it reaches the maximum
number of iterations. During each iteration, the particles update their positions using the
HGSO updating mechanism. The updated population is evaluated, and the best particles
from both the groups and the overall population are replaced if the new particles have better
fitness values. These updated best particles, along with the global best particle, are added

to a pool, where each particle has an equal probability of being selected. This pool is used
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in the EO updating phase, balancing exploration and exploitation by refining the positions
of particles.

After the EO update, the population is evaluated again to identify the best particle in each
group and the overall best particle in the population. If any new particles outperform the ex-
isting best particles, replacements are made. This process ensures continuous improvement
in the solution quality. Once the stopping condition is satisfied, the best global particle,
representing the optimal subset of features, is selected as the final output. By combining
HGSO and EO, this hybrid algorithm efficiently identifies a minimal set of features while

maintaining high performance. The steps are detailed below:

Step 1: Population Initialization
This step concerns the creation of an initial population with N particles. Each particle
is a subset of features. At this stage, the search space for the feature selection process

is established, where each particle constitutes a candidate solution to the problem.

Step 2: Evaluate the Initial Population

Once the population is created, it is divided into equal clusters. Each cluster is evalu-
ated to identify its best particle, while the best global particle is determined from the
entire population. The fitness of each particle is assessed based on the error rate and

the feature subset reduction rate, using a random forest classifier.

Step 3: HGSO-Based Update

In this step, the positions of all particles are updated based on the best global particle.
The position updating metric of HGSO guides each particle to move towards better
solutions by taking into account the influence of the global best particle, ensuring the

exploration in the search space.

Step 4: Evaluate the New Population
After the new population is formed, the fitness for each particle in each cluster is

recomputed, and it checks whether the newly evaluated particles are better than the
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previous ones so as to update the best particle in each cluster and the best global

particle. This step ensures that the population continues to improve iteratively.

Step 5: The Equilibrium Pool Formation

An equilibrium pool made of the best particle from each cluster, plus the best global
particle, is built. Its size is set to the number of clusters increased by one. It constitutes
the memory of high-quality solutions used during the HGSO phase for further updating

positions of particles.

Step 6: EO-Based Update

The clusters are merged together into one population, and then the position of all
particles is updated using the EO’s update metric. In this step, each particle is updated
by randomly selecting one particle from the equilibrium pool, with each having an equal
probability of being chosen. It exploits the good trade-off between exploration and

exploitation since the particles adjust the positions based on the promising solutions.

Step 7: Evaluate the New Population

The population is redivided into clusters in which each particle within the clusters is
reassessed. The best particle in each cluster as well as the best global particle are
updated if better solutions are identified. If the stopping criterion is not met, the
process loops back to Step 3. If the stopping condition is satisfied, the algorithm will

terminate and return the best global particle as the optimal subset of features.

3.3.2 Integration Strategy

As previously discussed, the proposed hybrid method HGSOEO combines the strengths of

both the Henry Gas Solubility Optimization (HGSO) and the Equilibrium Optimizer (EO)

algorithms. The theoretical framework of this fusion is illustrated in Figure 3.2, highlighting

the specific stage at which the EO component is integrated within the HGSO framework.
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Figure 3.2: Fusion Schemal[17].

The hybridization works by executing the normal HGSO algorithm to create a new pop-
ulation. A collection of good solutions is then chosen from this population and employed
to form an equilibrium pool. Rather than using EO separately, its fundamental updating

mechanism is selectively incorporated into the work flow of HGSO. More specifically, EO
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is utilized to improve HGSO’s worst individuals. These poor agents are re-evaluated and
updated by EQO’s position update equations, led by one of the equilibrium candidates. As
a result, the combined method benefits from improved balance between exploration and ex-

ploitation, leading to better search efficiency and more accurate feature subset identification.

3.4 Equilibrium Optimizer for Feature Selection in Clus-
tering

As previously described, adapting the Equilibrium Optimizer (EO) to the feature selection
problem required several changes to transform it into a binary variant. In this case, however,
the focus is on applying the algorithm to a clustering task. The adaptation steps and

mechanisms remain the same; the only modification lies in the fitness function.

a) Initialization
Initialize a population of particles, where each particle is a binary vector representing

a candidate feature subset.

b) Fitness Evaluation
Unlike the classification version, the clustering variant evaluates each particle using
the Equation. 2.15.
Each particle (feature subset) is evaluated using the Gaussian Mixture Model (GMM)
for clustering. The clustering results (labels) are then compared with the true data

structure using the Adjusted Rand Index (ARI) to calculate the fitness of each particle.

c) Equilibrium Pool Formation
Select the top four particles with the best fitness values and compute their average to

form the equilibrium pool.

d) Standard EO Update Mechanism
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Update each particle’s position based on the EO update equations. Then apply a

transfer function to convert the continuous values into binary format.

e) Termination
Repeat the evaluation and update steps until the maximum number of iterations is

reached. Return the best particle as the optimal feature subset.

Algorithm 6 Pseudo code of the EO for feature selection algorithm in Clustering.

1: Population initialization using (2.1),7=1,2,3,...N

2: Set a large fitness values to the equilibrium candidates
3: Set the parameters of EO a1 =2 ;a,=1; GP =0.5
4: while Iter < Max_Iter do

5: for (1 =1 to number of particles (N)) do

6: Calculate fitness of it" particle using 2.15

7 if fit(C;) < fzt( Ceq1) then

8: Replace Ceql with C; and fzt( g q) with fit(Cy)

9: else if fit(C )>fzt( eql)&fzt( i) < fit( qu) then

10: Replace C’qu with C; and fit (5 o) with fit(C)

11: else if fit(Ci) > fit(Cop)& fit(C;) > fit(Cogp)&e fit(Ci) < fit(Cuys) then

12: Replace C’qu with C; and fzt( eq3) With fzt( i)

13: else if fit(C;) > fit(Cog)&fit(C) < fit(Cogo)&fit(Cy) > fit(Cogs)&fit(Cy) <
fit( 6q4) then

14: Replace éeq4 with C; and fz't((iq4) with fit(@-)

15: end if

16: end for

17: Cpg = (Cagt + Cogz + Cgg + Coga) /4
18: Construct the equilibrium pool Ceql, C’qu, C’qu, C’eq4, Cevg

—

19: Accomplish memory saving (i fIter > 1).

20: Assign t = (1 — %)“ﬂﬁ)

21: for (i = 1 to number of particles (N)) do

22: Randomly choose one candidate from the equilibrium pool.

23: Generate random vectors of X, T

24: Construct F , GéP, @0, and G using the following equations respectively (2.3),
(2.6), (2.5), (2.4).

25: Update concentration C' using (2.2).

26: Convert concentration C to binary vector using (2.16).

27: end for

28: Iter = Iter + 1
29: end while

30: return
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The architecture shown in Figure 3.3 illustrates the workflow of applying the Equilibrium

Optimizer (EO) to the feature selection problem in clustering context.

All Features
EO Initialization step
B 0] . ] 0

alalof=

1
0
1

Evaluation
Step
—> New data

Feature | Feature, | Feature,

o

: j :
O

Clusters
labels

Evaluate
clustering

l Extract the equilibrium pool ‘

v

l Update the particles concentration ‘

Srop
criterion

f Selected Features ;

Figure 3.3: Proposed Method Model[18].
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3.5 Conclusion

This chapter detailed the core contributions of the thesis. EO and HGSO were analyzed
and compared in supervised feature selection tasks, leading to the development of a hybrid
approach (HGSOEQ) that demonstrated improved performance. Additionally, EO was suc-
cessfully adapted for unsupervised feature selection in clustering. These contributions form

the basis for the experimental analysis in the next chapter.
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Chapter 4

Results and Discussion

4.1 Introduction

This chapter presents and analyzes the experimental results of the proposed feature selection
approaches. It includes a comparison between EO and HGSO, the evaluation of the hybrid
HGSOEO method, and the use of EO for unsupervised feature selection. Results are reported

on benchmark datasets and a real Twitter Spam dataset using various evaluation metrics.

4.2 Datasets

To evaluate the effectiveness of the proposed metaheuristic-based feature selection algo-
rithms, several benchmark and real-world datasets were employed. These datasets represent
different domains and levels of complexity, enabling a robust assessment across both super-
vised and unsupervised learning tasks. This section provides an overview of the datasets

used.

4.2.1 Benchmark datasets

To evaluate the effectiveness and robustness of the proposed feature selection approaches—mnamely,

the Equilibrium Optimizer for Feature Selection (EOFS) and Henry Gas Solubility Optimiza-

47



tion for Feature Selection (HGSOFS)—a diverse set of benchmark datasets was employed.
These datasets were selected to cover both supervised and unsupervised learning scenarios,
particularly classification and clustering tasks. The datasets vary in terms of dimensionality,
number of instances, and number of classes, thereby providing a comprehensive evaluation

environment for feature selection performance. The details of each are mentioned in Tab.4.1.

Table 4.1: Summary of Benchmark Datasets

No. | Dataset Features | Instances | Classes | Used In

1 | Iris 4 150 3 Classification / Clustering
2 | Banknote Authentication 5 1372 2 (Classification

3 | Glass 10 214 7 (Classification

4 | Wine 12 178 3 Classification / Clustering
5 | Segment 19 2310 7 Classification / Clustering
6 | Breast Cancer 30 569 2 Clustering

7 | lonosphere 34 351 2 Clustering

8 | Lung Cancer 56 32 3 Classification

9 | Spambase 57 4601 2 Classification / Clustering
10 | Libras Movement 91 360 15 Classification

11 | Hill-Valley 101 606 2 Classification

12 | Musk 168 476 2 Classification

4.2.2 Twitter Spam Detection Dataset

In order to assess the performance of the proposed HGSOEOQO feature selection approach
in detecting spam on Twitter, a real-world dataset was obtained from the Social Honey-
pot dataset[40]. This dataset was compiled between December 30, 2009 and August 2, 2010,
which contains a wealth of information pertaining to Twitter users and the associated tweets.
It was originally designed to capture the behavior of legitimate users and spam accounts us-
ing honeypot strategies.

The original dataset comprises 22,223 spammer profiles (content polluters) associated with
2,353,473 tweets, and 19,276 legitimate profiles (non-spammers) with 3,259,693 tweets. How-

ever, before applying the feature selection algorithm, a significant preprocessing step was
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performed to enhance the dataset’s reliability and relevance:

e Non-spam profiles were verified for current availability. Profiles still active at the

time of inspection were retained, resulting in 14,821 legitimate profiles.

e Spam profiles Spam profiles were filtered to retain only accounts that were either
banned or no longer available—an indicator of spam activity. This yielded 5,366 spam

profiles.

The final cleaned and balanced dataset thus consisted of 11,398 profiles, out of which 5,366
were spam and 6,050 were non-spam accounts—with a balanced distribution of 47% spam
and 53% non-spam. The balanced makeup gives a fair evaluation during the classification
and feature selection process.
Features:

In order to detect spam profiles on Twitter effectively, the dataset was expanded on the basis
of feature extraction. This was necessary to present important inputs to the feature selec-
tion algorithm and classification models. Twitter accounts and their tweets provide a wide
array of information, all of which can categorically be grouped into three types of features:
user-based, content-based, and behavior-based features.

In all, 40 features were extracted. These features comprised both raw attributes in the orig-
inal Social Honeypot dataset, and new features constructed from analytical transformation
of the original features. Feature extraction was able to capture a range of differences in
user behavior and tweet content, and will allow for better differentiation between spam and

legitimate accounts.

4.3 Experimental Setup

This section describes the experimental setup and environment to evaluate the performance

of the proposed metaheuristic algorithms for feature selection problems. The experiments
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were performed in both supervised and unsupervised environments on benchmark and real-
world datasets, as discussed in Section 4.2.
The Experimental setup includes hardware and software specifications, as well as parameter

initialization details.

4.3.1 Hardware and Software Environment

All experiments were executed on a standard computing platform with the following speci-

fications:

e Processor: AMD Ryzen 7 3700U running at 2.30 GHz,

RAM: 8 GB,

Operating System: Windows 11,

e Programming Language: Python, using the Jupyter Notebook environment,

Libraries: NumPy, Pandas, and Scikit-learn for data handling and machine learning;

Matplotlib and Seaborn for visualization.

4.3.2 Algorithm Parameters

Each algorithm was configured using parameters to ensure fair comparison and reliable con-
vergence. Table 4.3 summarizes the key parameter settings used for EO, HGSO, and HG-
SOEQ, including population size, maximum iterations, and other specific settings.

Table 4.3: Algorithm parameter settings.

. Population Max Other
Algorithm Size Iterations Parameters
EO 10 100 a; = 2, ay = 1, Generation probability (GP) = 0.5
Number of clusters = 4, ¢} = 0.1, Cy = 0.2,
HGSO 10 100 L =5x%x1073, Ly =100, Ly = 1 x 1072
HGSOEO 20 100 Same parameters as EO and HGSO
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4.4 Equilibrium Optimizer and Henry Gas Solubility
Optimization Algorithms for Feature Selection: Com-
parison Study

This section presents the experimental results and comparative study of Equilibrium Opti-
mizer Feature Selection (EOFS) and Henry Gas Solubility Optimization Feature Selection
(HGSOFS) algorithms. Performance is computed on ten traditional benchmark datasets
and three classifiers, namely, Naive Bayes (NB), k-Nearest Neighbors (KNN), and Random
Forest (RF). All experiments are executed with the same parameter settings reported earlier
in Subsection 4.3.2. Performance is compared based on classification accuracy and number
of selected features. Moreover, HGSOFS is also compared with two recent metaheuristics:
Particle Swarm Optimization Feature Selection (PSO-FS) and Firefly Algorithm Feature
Selection (FAFS).

4.4.1 Classification Results with EOFS and HGSOFS

The performance of EOFS and HGSOFS is evaluated using NB, KNN, and RF classifiers.
Tables 4.4, 4.5 and 4.6 illustrate the results.
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Table 4.4: Comparison of EOFS and HGSOFS using the NB classifier.

EOFS with NB

HGSOFS with NB

No. Dataset No. of selected Accuracy No. of selected Accuracy
features features
1 Iris 1 0.96 1 0.96
Banknote
2 Authentication 2 0.87 1 0.87
3 Glass 2 0.65 1 0.65
4 Wine 2 1.0 1 1.0
5 Segment 3 0.84 1 0.90
6 Lung Cancer 2 1.0 1 1.0
7 Spambase 6 0.89 2 0.88
8 | Libras Movement 10 0.70 5 0.68
9 Hill-Valley 0.52 1 0.52
10 Musk 7 0.90 1 0.87

Table 4.5: Comparison of EOFS and HGSOFS using the KNN classifier.

EOFS with Knn

HGSOFS with Knn

No. Dataset No. of selected Accuracy No. of selected Accuracy
features features
1 Iris 1 0.96 1 1.0
Banknote
2 Authentication 4 10 1 1.0
3 Glass 3 0.81 1 0.81
4 Wine 2 0.97 1 1.0
5 Segment 5 0.96 1 0.97
6 Lung Cancer 3 1.0 1 1.0
7 Spambase 13 0.92 10 0.91
8 | Libras Movement 8 0.75 2 0.75
9 Hill-Valley 8 0.64 2 0.65
10 Musk 19 0.93 5 0.91
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Table 4.6: Comparison of EOFS and HGSOFS using the RF classifier.

EOFS with RF HGSOFS with RF
No. Dataset
No. of selected Accuracy No. of selected Accuracy
features features
1 Iris 1 0.96 1 1.0
Banknote

2 Authentication 3 10 1 1.0
3 Glass 3 0.88 1 0.86
4 Wine 2 1.0 1 1.0
5 Segment 4 0.98 1 0.98
6 Lung Cancer 3 1.0 1 1.0
7 Spambase 13 0.92 6 0.95
8 | Libras Movement 8 0.81 2 0.83
9 Hill-Valley 6 0.65 1 0.67
10 Musk 17 0.96 4 0.96

In nearly all the datasets and classifiers tested, HGSOFS significantly outperforms. For
example, on the Wine dataset, HGSOFS achieves a perfect accuracy of 100% with a single
feature when combined with all three classifiers—NB, KNN, and RF—thus surpassing EOFS,
which uses two features to achieve similar accuracy. This trend is reproducibly observed in
a number of other datasets, including Segment, Lung Cancer, and Musk, where HGSOFS
decreases the number of selected features while either preserving or slightly enhancing the
classification accuracy.

An interesting outcome is observed on the Spambase dataset. Both methods are effective,
yet HGSOFS provides 95.1% accuracy with RF using just six features, outperforming EOFS,
which requires thirteen features to produce 92% accuracy. This indicates HGSOFS’s ability
to capture more informative details using fewer features, significantly reducing computational
complexity without sacrificing performance.

Another highlight is the performance on high-dimensional datasets such as Hill-Valley and
Libras Movement. In spite of the complexity and high feature space, HGSOFS continues to
work well and consistently chooses fewer features and gives competitive accuracy compared

to EOFS.
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4.4.2 Comparison with PSO-FS and FAFS

To further evaluate the effectiveness of HGSOFS, the algorithm is also benchmarked against
two popular metaheuristic-based feature selection algorithms—Particle Swarm Optimization
for Feature Selection (PSO-FS) and Firefly Algorithm for Feature Selection (FAFS), as shown
in Tables 4.7 and 4.8.

Table 4.7: Comparison between HGSOFS and PSO-FS

PSO-FS HGSOFS with RF
No. Dataset
No. of selected Accuracy No. of selected Accuracy
features features
1 Iris 1 96 1 100
Banknote
2 Authentication 3 99.85 1 100
3 Glass 1 98.13 1 86.04
4 Wine 4 95.55 1 100
5 Segment 4 94.97 1 98.48
6 Lung Cancer 10 87.5 1 100
7 Spambase 14 91.26 6 95.11
8 | Libras Movement 29 88.88 2 83.88
9 Hill-Valley 35 61.38 1 67.21
10 Musk 76 94.11 4 96.87
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Table 4.8: Comparison between HGSOFS and FAFS

No. Dataset FAFS HGSOFS with RF
No. of selected No. of selected
Accuracy Accuracy
features features
1 Iris 1 75 1 100
Banknote
2 Authentication 1 [E 1 100
3 Glass 1 89.88 1 86.04
4 Wine 1 92.31 1 100
5 Segment 2 91.2 1 98.48
6 Lung Cancer 3 94.64 1 100
7 Spambase 1 98.25 6 95.11
8 | Libras Movement 2 93.26 2 83.88
9 Hill-Valley 2 98 1 67.21
10 Musk 6 96.41 4 96.87

In all the datasets, HGSOFS outperforms PSO-FS in terms of both selected features
and classification accuracy. For instance, on the Musk dataset, PSO-FS uses 76 features to
attain 94.11% accuracy, whereas HGSOFS uses only 4 features and reaches 96.87%. The
large feature difference on all datasets implies that HGSOF'S possesses better search control,
adaptive balancing, and local optima escaping ability.

Although FAFS performs well, HGSOFS performs better in 6 out of 10 datasets, particularly
where a delicate trade-off between exploration and exploitation of resources is required. FAFS
seems to perform too well on certain datasets (such as Hill-Valley and Spambase), whereas
HGSOF'S performs more consistently.

Overall, the results validate that HGSOFS achieves a superior balance between exploration
and exploitation throughout the search process, thereby finding feature subsets of better
quality. Its persistent superiority across a variety of datasets and classifiers confirms its

efficacy and generality, making it a reliable feature selection method for classification tasks.
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4.5 Hybrid Henry Gas Solubility Optimization and the
Equilibrium Optimizer for Feature Selection: Real
Cases with Twitter Spam Detection

This section outlines and investigates the results obtained from the application of the sug-
gested HGSOEOQO hybrid algorithm for feature selection within Twitter spam detection. The
evaluation is structured to highlight the performance of the hybrid model in terms of both di-
mensionality reduction and classification accuracy, followed by a comprehensive comparison
with baseline techniques and state-of-the-art methods. All experiments uses the parameter

settings reported in Table 4.3, Subsection 4.3.2.

4.5.1 Stability and Convergence Analysis

In order to evaluate the stability of the proposed approach HGSOEO, 20 independent runs
are performed, where each run is executed over all instances of the dataset. The classification

accuracy obtained in each run is illustrated in Fig.4.1
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Figure 4.1: HGSOEO Accuracy during runs
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The outcomes show a great level of performance consistency, with every run achieving
accuracies within a tight margin around 96%. The stability indicates the robustness of the
proposed approach. To proceed, the best-performing run was determined by both classifica-
tion accuracy and the number of selected features.

Table 4.9 shows a comparison of the classification performance when using all features and

the reduced set found by HGSOEO.

Table 4.9: Comparison of classification performance using all features vs. HGSOEOQO-selected
subset.

Features #features Accuracy Precision Recall Specificity F-measure Error FSIEE:S
All Features 40 95.97% 0,960 0,960 0.952 0.960 0.0428  0.0523
Subset
1,9,11,17,18,20, 10 96.32% 0.963 0.963 0.954 0.963 0.0367  0.0389
28,32,37,40

As evident from Table 4.9, the proposed method’s selected feature subset not only
achieved 75% dimensionality reduction, but also performed better on all the evaluation
measures. In particular, the model’s accuracy, precision, recall, specificity, and F-measure
were higher, while the error rate and fitness score were lower when using the reduced feature

set as compared to the entire feature set.

Fitness Convergence

The convergence behavior of the HGSOEO algorithm is illustrated in Fig. 4.2, which shows

the evolution of the fitness value across iterations.
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Figure 4.2: HGSOEOQO Fitness Curve.

Initially, the fitness value decreases consistently, revealing good exploration of the search
space. The curve plateaus at around the 50th iteration, which is a sign of convergence. The
lack of high oscillations and the stabilization early on are signs that the algorithm effectively

evades local optima and converges to a near-optimal solution.

Accuracy Convergence

In parallel, the accuracy curve shown in Fig. 4.3 illustrates the model’s performance im-

provement over iterations.
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Figure 4.3: HGSOEO Accuracy Curve.

The model begins with a high baseline accuracy of around 95%, which continues to
increase and stabilize around 96%. The increasing trend validates the algorithm’s capacity

to improve feature selection and classifier performance over time.

ROC Analysis

To assess the model’s discriminative capability, the Receiver Operating Characteristic (ROC)

curve is presented in Fig. 4.4.
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Figure 4.4: HGSOEO ROC Curve.

The ROC curve closely approximates the top-left corner of the plot, indicating good
classification performance. The high value of AUC indicates the model’s ability at classifying

spam and non-spam profiles with minimal trade-offs.

Confusion Matrix Analysis

The final performance assessment is visualized through the confusion matrix in Fig. 4.5.
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Figure 4.5: Confusion matrix showing the classification performance of HGSOEOQO.

The confusion matrix also confirms the classification performance of the proposed method.
The high true positives and true negatives indicate the model’s efficiency in classifying both
spam and legitimate users, whereas the low false positive and false negative rates highlight

its trustworthiness.

4.5.2 Evaluation with Classical Classifiers

In order to further confirm the generalizability of the feature subset identified by the pro-
posed HGSOEOQO algorithm, a comparative analysis was performed with a suite of popular
classification models. These comprise conventional classifiers namely Naive Bayes (NB), Sup-
port Vector Machine (SVM), Multi-Layer Perceptron (MLP), K-Nearest Neighbors (K-NN),
and Decision Tree (J48), and deep learning models—Convolutional Neural Network (CNN)
and Long Short-Term Memory (LSTM). Every model was analyzed with two settings: the
full feature set (40 features) and the reduced feature subset (10 features) achieved by the
proposed feature selection approach.

The performance measures taken into consideration here for comparison are accuracy, pre-
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cision, recall, and Area Under the ROC Curve (AUC). The performances of each of the

classifiers under both settings are compared in Table 4.10.

Table 4.10: All Features versus the proposed method’s Subset on different classifiers

. With All Features With the Subset
Classifier

Acc;oracy Precision Recall AUC Acc;oracy Precision Recall AUC
NB 76.620 0.800 0.766 0,934 73.161 0.776 0.732 0,915
SVM 91.812 0.920 0.918 0,920 82.092 0.843 0.821 0,832
MLP 92.994 0,931 0,930 0,970 91.944 0,919 0,919 0,962
K-NN 88.485 0.885 0.885 0,884 89.886 0.90 0.899 0,945
DT(J48) 92.907 0.930 0.929 0,915 94.483 0.946 0.945 0,952
CNN 87.609 0.797 0.969 0.946 90.06 0.861 0.927 0.966
LSTM 92.425 0.887 0.951 0.978 93.914 0.904 0.966 0.982

Performance Analysis

The analysis demonstrates that the smaller feature subset tends to result in better or similar
performance, depending on the classifier. In particular, the K-NN, Decision Tree (J48), CNN,

and LSTM models showed significant improvements when trained on the smaller feature set:

e K-NN: Accuracy rose from 88.49% to 89.89%, with precision, recall, and AUC im-

proving.

e Decision Tree (J48): Accuracy increased from 92.91% to 94.48% with corresponding

improvements on all other measures.
e CNN: About 2.5% improvement in accuracy, and AUC rose from 94.6% to 96.6%.

e LSTM: Attained the highest classification scores overall, with an AUC of up to 98.2%

when utilizing the chosen subset.

These findings firmly indicate that the feature selection approach proposed here can not
only decrease the dimensionality of the dataset but also increase the predictive ability of
a number of classification models. In contrast, for the NB, SVM, and MLP classifiers,

performance decreased with the reduced subset. Although the decrease was most evident in
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SVM (reducing from 91.81% to 82.09% accuracy), the MLP still had a high 91.94% accuracy,

and overall performance was still competitive.

Visual Comparison

To provide a visual summary of classifier performance under both settings, Fig. 4.6 presents

a bar chart comparing classification accuracy across all evaluated models.

100
90
80 =3 = =
70 -
60

50

40

30

20

10

o |

Accuracy

NB SVM MLP KNN DT CNN LSTM

Classifiers

H With All Features B With Selected Features

Figure 4.6: Accuracy bar chart of all features versus the subset.

The chart clearly illustrates that in several cases—particularly for decision-tree-based
and deep learning classifiers—the reduced subset of features outperforms the full set. Even
in cases where a slight drop is observed, the difference is marginal and may be considered
acceptable given the significant reduction in feature space.

Overall, the proposed feature subset has high utility and transferability for various machine
learning models. It results in competitive or better performance with less computational
cost for high-dimensional input. This supports the merit of the HGSOEO feature selection

method as an efficient and robust method for practical spam detection applications.
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4.5.3 Comparative Analysis with Existing Methods

In order to fully evaluate the performance and effectiveness of the newly proposed HGSOEO-
based feature selection method, four phases of comparison experiments were carried out.
In each phase, comparing the proposed method with a certain type of feature selection
methods was emphasized. All the comparisons were implemented on the dataset presented

in Section 4.2 with the same experimental settings to ensure a fair and credible comparison.

Internal Comparison: HGSOEO-FS vs. HGSO-FS and EO-FS

The first comparison is intended to assess the value of combining HGSO and EO by com-
paring HGSOEO-FS to each of its constituent parts: HGSO-FS and EO-FS. The results are
highlighted in Table 4.11.

Table 4.11: Comparison between methods

# Selected Accuracy

Method Precision Recall AUC
Features %
HGSO-FS 17 95.88 0.959 0.959 0,989
EO-FS 10 95.53 0.956 0.955 0,987
Proposed system 10 96.32 0.963 0.962 0.987

The internal comparison against HGSO-FS and EO-FS validated the utility of hybridiza-
tion. HGSOEQO outperformed its underlying algorithms consistently for classification per-
formance, even though it chose fewer features than HGSO-FS and tied with EO-FS in the
number of features. This indicates that hybridization of exploration (HGSO) and exploita-
tion (EQO) strategies improves the search ability altogether, resulting in a more optimal and

compact feature subset.

Comparison with Filter-Based Feature Selection Methods

In the second phase, HGSOEO-FS is compared against five traditional filter approaches in

Weka: Correlation, Gain Ratio, Information Gain, Relief-F, and Symmetrical Uncertainty.
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Each approach was set to choose the top 10 features to be equal to the subset size of our

method. The outcomes of the comparison are shown in Table 4.12.

Table 4.12: Comparison between HGSOEO-FS and Filter-based methods

Method Selected Features Acc;;‘acy Precision Recall AUC
Correlation 8,28,19,6,29,4,31,24,18,25 90.98 0.911 0.910 0,966

Gain Ratio 36,9,28,31,32,34,1,10,27,8 94.48 0.946 0.945 0,985

Info Gain 9,36,28,31,1,8,32,10,7,34 94.61 0.947 0.946 0,984
Relief-F 8,23,6,36,4,22,5,27,37,28 91.02 0.911 0.910 0,967
Symmetrical Uncertainty 36,9,28,31,32,1,34,10,8,7 94.61 0.947 0.946 0,984
Proposed system 1,9,11,17,18,20,28,32,37,40 96.32 0.963 0.962 0.987

In comparison with the five filter approaches, HGSOEO-FS demonstrated higher classi-
fication performance across all metrics. Although there was some overlap among selected
features (e.g., features such as followings, spam word counts, and URL-related features), the
proposed method’s retention of less noticeable but influential features (e.g., ratio of repeated
words, upper-case words, tweet frequency) was likely crucial to the performance improve-
ment. These findings highlight the limitation of univariate ranking schemes and the benefit

of a population-based global search for modeling inter-feature relationships.

Comparison with Wrapper-Based Feature Selection Methods

In the third phase of evaluation, HGSOEO-FS is compared with three wrapper-based meth-
ods available in Weka: Cfs Subset Evaluation, Classifier Subset Evaluation, and Wrapper

Subset Evaluation. Table 4.13 illustrates the comparison’s results.

Table 4.13: Comparison between HGSOEO-FS and Wrapper-based methods

Method # Selected Selected Features Accuracy Precision Recall AUC
Features %
Cfs Subset 11 1,4,8,9,10,19,27,31,32,36,40 95.27 0.954  0.953 0,987
Evaluation
Classifier Subset 2,4,5,6,7,9,11,13,14,16,17,18,
Evaluation 23 21.22,24,25,26.29,30,33,35,36.38 >0 0.952  0.951 0,987
Wrapper Subset 09 1,2,9,11,18,23,26,32,36 95.84 0.959  0.958 0,986
Evaluation
Proposed system 10 1,9,11,17,18,20,28,32,37,40  96.32 0.963  0.962 0.987
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Compared to wrapper-based approaches from Weka, HGSOEO-F'S sustained higher per-
formance with fewer or an equal number of features. Most notable is its edge over Classifier
Subset Evaluation, which chose over twice the number of features with less accuracy. This
underlines the proposed method’s capability of selecting a minimal but effective feature

subset without sacrificing predictive performance.

Comparison with Metaheuristic Algorithms for Feature Selection

The last phase is to compare HGSOEO-FS with three classical evolutionary algorithms
popular in the feature selection problem: Particle Swarm Optimization (PSO), Genetic
Algorithm (GA), and Whale Optimization Algorithm (WOA). The experiments were set
with the same classifier parameters and assessment protocols for all of them. The results are

presented in Table 4.14.

Table 4.14: Comparison between the proposed method and others

Method # Selected Accuracy Precision Recall AUC
Features %

PSO-FS 21 96.15 0,962 0,961 0,991

GA-FS 15 95.93 0,96 0,959 0,990

WOA-FS 11 95.14 0.952 0.951 0,986

Proposed system 10 96.32 0.963 0.962 0.987

In comparison to PSO-FS, GA-FS, and WOA-FS, the proposed method had the best
accuracy, precision, and recall despite having select the least number of features. Although
PSO-FS had a slight edge over HGSOEO-FS in AUC, it had to use more than twice the
number of features. This supports the assertion that HGSOEO-FS provides a better bal-
ance between performance and feature compactness and is thus extremely well-suited for
practical applications like social media spam detection where model simplicity and speed are

paramount.
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4.6 Equilibrium Optimizer for Feature Selection in Clus-
tering

This section presents and discusses the results obtained from the use of the Equilibrium Op-
timizer (EO) for feature selection in clustering tasks. The objective is to enhance clustering
quality by identifying a small subset of relevant features. The proposed method is evaluated
across six benchmark datasets using the Adjusted Rand Index (ARI) as the metric to assess

clustering performance and the parameters settings in Table 4.3, Subsection 4.3.2.

4.6.1 Internal comparison

This work evaluates the performance of the proposed EO-based feature selection method
through an internal comparison that considers both the number of selected features and the

resulting clustering quality.

4.6.1.1 Results of the proposed method on benchmarks

As shown in Table 4.15, the method achieves substantial reduction of features on all datasets,

while also maintaining strong performance in clustering.

Table 4.15: The approach’s outcomes measured by the number of features and fitness score.

No. | Dataset No. of selected | Reducing | Fitness
features percentage | score
1 Iris 2 50% 0.290
2 Wine 6 50% 0.034
3 Segment 6 68% 0.326
4 Breast Cancer | 6 80% 0.096
5 Ionosphere 13 61% 0.277
6 Spambase 19 66% 0.427

These findings show that the method effectively reduces the dimensionality whilst main-

taining low fitness scores, which is consistent with high ARI values. The highest reduction
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is observed in the Breast Cancer dataset, where 80% of the features are eliminated. This
overall indicates that the method rids the non-contributing features and retains the most

relevant ones for clustering.

4.6.1.2 Clustering Performance Before and After Feature Selection

To further validate the method, we compare the ARI score before and after feature selection
to assess the impact of the selected features on clustering quality. The results are shown in

Table 4.16.

Table 4.16: Comparison between the ARI score with all features and the selected features.

No. | Dataset ARI with all features ARI with the
selected features
1 Iris 0.594 0.709
2 Wine 0.901 0.960
3 Segment 0.438 0.673
4 Breast Cancer | 0.649 0.903
) Tonosphere 0.394 0.722
6 Spambase 0.313 0.572

In all cases, the ARI score improves after applying feature selection, confirming that
the elimination of irrelevant or redundant features results in higher quality clustering. The
most improvements are observed in high-dimensional datasets such as Ionosphere and Breast

Cancer, highlighting the capability of the method in dealing with complex data.

4.6.2 External comparison

An external comparison is conducted between the EO-based method and the widely used
Particle Swarm Optimization (PSO) algorithm under identical experimental conditions. The

outcomes are summarized in Table 4.17.
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Table 4.17: Comparison between EO-FS and PSO-FS

No. | Dataset PSO-FS The proposed method
No. of selected | ARI | No. of selected | ARI
features % features %
1 Iris 2 70.93 2 70.93
2 Wine 11 93.45 6 96.50
3 Segment 13 56.52 6 67.33
g | Broast 16 82.47 6 90.34
Cancer

5 | Ionosphere 33 34.60 13 72.21
6 Spambase 34 52.82 19 57.24

On most datasets, EO-FS outperforms PSO-FS both in terms of selected features and
the ARI score. For instance, on the Ionosphere dataset, EO-FS achieves more than double
the ARI score that PSO-FS achieves with fewer than half the number of features. The con-
sistency of these improvements across datasets further confirms the efficiency and strength
of the proposed method.

Overall, the experimental outcomes obtained via various evaluation perspectives all consis-
tently validate the efficacy of the proposed EO-based feature selection method for cluster-
ing. The method not only attains notable dimensionality reduction, but it also enhances
the quality of the clustering in all the datasets. Its superiority over PSO-FS in the major-
ity of instances further enhances its practical applicability. The findings substantiate the
premise that the integration of feature selection with unsupervised clustering produces more

structured data and significant clusters.

4.7 Conclusion

This chapter presented and analyzed the performance of the proposed metaheuristic-based
feature selection approaches on different datasets and learning paradigms. The comparative
analysis between EO and HGSO illustrated the respective strengths of both algorithms for

supervised classification problems. The hybrid HGSOEO method was found to be effective
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in achieving a trade-off between accuracy and reduction in dimensionality, especially on
real data like the Twitter Spam Detection dataset. In addition, the extension of EO for

clustering-based feature selection yielded promising results.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

The research in this thesis tackles one of the most significant challenges in contemporary
machine learning and data science: the effective selection of pertinent features from large-
scale high-dimensional data via intelligent optimization methods. With growing data volume
and dimensionality, the demand for precise and efficient feature selection is expanding not
just for enhancing predictive accuracy but also for decreasing computational expenses and
elevating model interpretability.

The study explored three natural phenomenon-inspired metaheuristic algorithms for feature
selection: the Equilibrium Optimizer (EO), the Henry Gas Solubility Optimization (HGSO),
and a novel hybrid model (HGSOEO) of the two. Each algorithm was developed in its bi-
nary version and incorporated in a general feature selection framework. The algorithms’
performance was tested on various benchmark datasets from traditional UCI classification
datasets and a real-world application Twitter Spam Detection dataset.

In the supervised feature selection scenario, EO and HGSO were compared with various clas-
sifiers on benchmark datasets. The latter results showed that HGSO was superior over EO in
terms of classification accuracy and feature selection in general, by virtue of the group-based

searching and considering the thermodynamics.
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To overcome the limitations of both EO and HGSO, the hybrid HGSOEO algorithm was
proposed and evaluated. The experimental results demonstrated that HGSOEO consistently
outperformed either of its components individually. It improved classification accuracy and
achieved outstanding feature reduction, especially on high-dimensional datasets. These im-
provements were attributed to the algorithm’s ability to effectively balance exploration and
exploitation during the search process.

In the unsupervised setting, EO was adapted for feature selection prior to clustering. The
algorithm was evaluated using measures such as the Adjusted Rand Index (ARI) and Silhou-
ette Score. EO improved the structure and quality of clustering results and demonstrated
promise in unsupervised settings. The selected feature subsets retained the most informative
dimensions so that clustering models were better able to discern the underlying structure of
the data.

Overall, the results in this thesis validate that metaheuristic algorithms—particularly when
hybridized—can provide enormous benefits in feature selection. They can efficiently handle
large, complicated feature spaces and determine compact, high-quality subsets that enhance

learning performance and model interpretability.

5.2 Future Work

Although the findings presented in this thesis are promising, some areas for additional re-

search exist:

e Multi-Objective Optimization: Although this study combined classification error
and number of features into one fitness function, the adoption of a multi-objective
optimization strategy (e.g., Pareto-based) can allow non-compensatory and concurrent

optimization of competing objectives.

e Adaptive Parameter Control: The implementation of the algorithms relies on

manually adjusted parameters depending on the experiment to determine the appro-
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priate parameters. The use of dynamic or self-adaptive parameter control mechanisms
would enable the algorithms to modify their behavior throughout the search, thereby

enhancing convergence rates and robustness over a wider variety of problem instances.

e Expanded Use in Unsupervised Learning: Future work must place a stronger
focus on feature selection in clustering and unsupervised applications, particularly the
usual nature of the real-world datasets, which often lack labeled instances. In such
scenarios, identifying relevant features without supervision is essential for discovering

meaningful structures and patterns within the data.

This thesis has proven the effectiveness of the intelligent algorithms not only in handling the
complexity of feature selection but also in outperforming the traditional techniques. Through
empirical validation and hybridization, this work adds to research that connects nature-
inspired computing and applied machine learning. With further refinement and integration,
such methods hold strong potential for widespread application in data-intensive and decision-

critical domains.
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