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Abstrak 

Set data dengan bilangan rekod yang kecil tetapi bilangan atribut yang besar mewakili 
fenomina yang dipanggil “kutukan dimensi”. Pengelasan set data jenis ini memerlukan 
kaedah pemilihan ciri (FS) untuk pengekstrakan maklumat berguna. Algoritma 
modified graph clustering ant colony optimisation (MGCACO) ialah kaedah 
pemilihan ciri yang berkesan yang dibangunkan berdasarkan pengelompokan ciri 
berkorelasi. Walau bagaimanapun, algoritma MGCACO mempunyai tiga kelemahan 
utama dalam menghasilkan subset ciri kerana kaedah pengelompokan, kepekaan 
parameter, dan penentuan subset akhirnya. Algoritma enhanced graf clustering ant 
colony optimisation (EGCACO) dicadangkan untuk menyelesaikan tiga (3) masalah 
algoritma MGCACO. Cadangan penambahbaikan termasuk: (i) kaedah 
pengelompokan ciri ACO untuk mendapatkan kelompok ciri berkorelasi tinggi; (ii) 
teknik pemilihan penyesuaian untuk pembinaan subset daripada kelompok ciri; dan, 
(iii) kaedah berasaskan genetik untuk menghasilkan subset akhir ciri. Kaedah 
pengelompokan ciri ACO menggunakan keupayaan pelbagai mekanisma seperti 
pengukuhan dan kepelbagaian untuk pengoptimuman tempatan dan global untuk 
menyediakan ciri berkorelasi tinggi. Teknik penyesuaian untuk pemilihan semut 
membolehkan parameter berubah secara adaptif berdasarkan maklum balas ruang 
carian. Kaedah genetik menentukan subset akhir secara automatik, berdasarkan 
pengiraan kualiti silang dan subset. Prestasi algoritma yang dicadangkan telah dinilai 
ke atas 18 set data penanda aras dari repositori University California Irvine (UCI) dan 
sembilan (9) set data mikroarray asid deoksiribonukleik (DNA) ke atas  15 algoritma 
metaeuristik penanda aras. Keputusan eksperimen algoritma EGCACO pada dataset 
UCI adalah lebih baik daripada algoritma pengoptimuman penanda aras lain dari segi 
bilangan ciri yang dipilih dan kedua terbaik untuk ketepatan pengelasan. Selanjutnya, 
eksperimen ke atas sembilan (9) set data microarray DNA menunjukkan bahawa 
algoritma EGCACO adalah lebih unggul daripada algoritma penanda aras dari segi 
ketepatan klasifikasi dan bilangan ciri yang dipilih. Algoritma EGCACO yang 
dicadangkan boleh digunakan untuk pemilihan ciri dalam tugas pengkelasan  
microarray DNA yang melibatkan sebarang saiz set data dan dalam pelbagai domain 
aplikasi. 
 
Kata Kunci: Pemilihan, Pengelompokan Ciri, Genetik, Pengoptimuman Koloni 
Semut, Microarray 
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Abstract 
 

Dataset with a small number of records but big number of attributes represents a 
phenomenon called “curse of dimensionality”. The classification of this type of dataset 
requires Feature Selection (FS) methods for the extraction of useful information. The 
modified graph clustering ant colony optimisation (MGCACO) algorithm is an 
effective FS method that was developed based on grouping the highly correlated 
features. However, the MGCACO algorithm has three main drawbacks in producing a 
features subset because of its clustering method, parameter sensitivity, and the final 
subset determination. An enhanced graph clustering ant colony optimisation 
(EGCACO) algorithm is proposed to solve the three (3) MGCACO algorithm 
problems. The proposed improvement includes: (i) an ACO feature clustering method 
to obtain clusters of highly correlated features; (ii) an adaptive selection technique for 
subset construction from the clusters of features; and (iii) a genetic-based method for 
producing the final subset of features.  The ACO feature clustering method utilises the 
ability of various mechanisms such as intensification and diversification for local and 
global optimisation to provide highly correlated features. The adaptive technique for 
ant selection enables the parameter to adaptively change based on the feedback of the 
search space. The genetic method determines the final subset, automatically, based on 
the crossover and subset quality calculation. The performance of the proposed 
algorithm was evaluated on 18 benchmark datasets from the University California 
Irvine (UCI) repository and nine (9) deoxyribonucleic acid (DNA) microarray datasets 
against 15 benchmark metaheuristic algorithms. The experimental results of the 
EGCACO algorithm on the UCI dataset are superior to other benchmark optimisation 
algorithms in terms of the number of selected features for 16 out of the 18 UCI datasets 
(88.89%) and the best in eight (8) (44.47%) of the datasets for classification accuracy. 
Further, experiments on the nine (9) DNA microarray datasets showed that the 
EGCACO algorithm is superior than the benchmark algorithms in terms of 
classification accuracy (first rank) for seven (7) datasets (77.78%) and demonstrates 
the lowest number of selected features in six (6) datasets (66.67%). The proposed 
EGCACO algorithm can be utilised for FS in DNA microarray classification tasks that 
involve large dataset size in various application domains. 
 
Keywords: Feature Selection, Feature Clustering, Genetic, Ant Colony Optimisation, 
Microarray  
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CHAPTER ONE   

INTRODUCTION 

The advancement of deoxyribonucleic acid (DNA) microarray technology has enabled 

biology researchers to gain the ability to simultaneously track thousands of gene 

expressions in an elementary examination useful for classifying or detecting a 

particular tumor gender. The classification of the DNA microarray data requires data 

mining and machine learning techniques for the extraction of worthy information by 

developing a model to analyze the samples into diverse categories. The natural 

structure of DNA microarray data is high-dimensional with a few records and many 

columns where they represent a well-known phenomenon called “curse of 

dimensionality” (Naseri & Hasheminejad, 2019). Many studies on tissue classification 

at the molecular level have indicated that genes with relevant information might 

significantly contribute to the enhancement of effective disease detection and 

classification platform. However, these studies agree that not all the genes include 

relevant information for the classification stage.  

Therefore, to achieve reliable, accurate, and effective performance, important 

preprocessing data should be implemented in DNA microarray classification ( Yuan 

et al., 2019; Morovvat & Osareh, 2016;  Liao et al., 2014; Mirzaei et al., 2014; Najafi 

et al., 2014; Bolón-Canedo et al., 2014; Lazar et al., 2012; Lee & Leu, 2011; Leung & 

Hung, 2010). One of the prevailing techniques in the pre-processing of DNA 

microarray data is gene selection which defines an informational gene subset from the 

whole gene dataset that reduces computational cost and enhances classification 

performance (Manbari et al., 2019; Tabakhi et al., 2014; Li et al., 2013).  
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The selection of the features (genes) can be classified as supervised, unsupervised, and 

semi-supervised (Cai et al., 2018). Supervised feature selection (FS) is employed when 

the class labels are available (Paniri et al., 2020; Rostami et al., 2020; Zhao et al., 2013; 

Xiang et al., 2012;Yang & Ong, 2011; Jenatton et al., 2011; Kim & Xing, 2008), while 

unsupervised feature selection is used in the absence of class labels. Many 

unsupervised feature selection methods have been proposed by various scholars (Parsa 

et al., 2019; Yan et al., 2019; Padungweang et al., 2012; Jiang & Ren, 2011; Yang et 

al., 2011; Zhao & Liu, 2007; He et al., 2005). Both unlabeled and labeled data are 

utilised in semi-supervised methods (Zeng et al., 2016; Xu et al., 2010).  

Feature selection is important for the exploratory analysis of biological data (e.g., 

DNA microarray) and it provides an efficient way to discover the unknown meaningful 

insights into the classification of disease (Shukla et al., 2019). The key disadvantages 

of FS are that it neglects the potential correlation between different features and, 

therefore, the subsets generated may be suboptimal for the specific task of the 

discrimination. Feature selection also depends on some mathematical principles 

without ensuring that the principles are universally valid for all data (Yuan et al., 2019; 

Cai et al., 2010). 

Feature selection methods are classified into three main groups based on their 

relationship with the learning model: filter, wrapper, and hybrid approaches ( Agrawal 

et al., 2021; Manita & Korbaa, 2020; Tabakhi et al., 2014; Gheyas & Smith, 2010; 

Martínez Sotoca & Pla, 2010;). The filter method requires no learning algorithms for 

evaluation, and it is based on statistical feature information. Therefore, it is fast in 

computation and very efficient (Manbari et al., 2019a; Liao et al., 2014). Wrapper 
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methods utilise a learning algorithm in selecting feature subset and, generally, the 

learning efficiency is increased at the cost of higher computational complexity (Wei 

et al., 2017; Wan et al., 2016; Huang & Huang, 2009). The hybrid methods make use 

of the benefits from wrapper and filter methods to produce a balance combining the 

efficiency of learning and the execution time (Das et al., 2017). Methods based on 

filter-based solutions are worth indicating by utilizing the evaluation criteria with the 

class label, leading to enhanced correlation among features and reduced similarity 

among features (Sahu et al., 2018). 

One of the important evaluation criteria in the correlation between features is relevance 

and redundancy analysis. The classical evaluation criterion that is based on the analysis 

of relevance and redundancy is Max-Relevance and Min-Redundancy (Rostami et al., 

2020; Che et al., 2017; Tabakhi & Moradi, 2015; Herman et al., 2013; Peng et al., 

2005). In the processing of selection features, several mechanisms are able to reduce 

both relevance and redundancy. Redundancy occurs when one feature provides 

information similar to another feature in the dataset. Therefore, choosing the redundant 

feature to represent the final subset leads to a negative effect on model accuracy. On 

the other hand, irrelevant features play a meaningless role and do not supply 

information to the clustering or classification of a set of data instances. In high-

dimensional data, the correlation between the increasing numbers of features becomes 

more complicated. Consequently, those redundancy and irrelevant features should be 

analyzed more accurately. Several FS methods, such as max-relevance and min-

redundancy, random subspace (Lai et al., 2006), fast correlation-based filter (Yu & 

Liu, 2003), and relevance-redundancy feature selection (A. J. Ferreira & Figueiredo, 

2012), partly consider this issue, which leads to unsatisfactory results for the 
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correlation between features and the elimination of redundant features (Manbari et al., 

2019b). Feature redundancy is one of the major challenges of these methods even 

though such methods take into account the correlation among features. These methods 

often have high computational complexity that is not effective for FS of high-

dimensionality data. 

 

Investigations on FS methods have been focused on the diversification between 

features (Sahoo & Chandra, 2017; Zhang et al., 2013). Such a method can express max 

relevance and max diversity as two optimisation problems (Liu et al., 2011; Ienco & 

Meo, 2008; Dhillon et al., 2003). The basic process for these methods, shown in Figure 

1.1, consists of three stages. In the first stage, the correct distance measure is picked 

to form the feature space, while the second stage focuses on clustering of features. In 

the third stage, representative features from each cluster will be picked to form the 

desired subset of features. Additionally, the efficiency of the FS method increases with 

the utilisation of cluster information (Song et al., 2021; Rostami et al., 2021; García-

Torres et al., 2016; Moradi & Rostami, 2015b; Song et al., 2013; Chuang, Tsai, et al., 

2011; Jang et al., 2011). However, the selection of features from each cluster presents 

some challenges, as with many of these works, because the clustering approach is 

overly sensitive in the FS algorithm models (Manbari et al., 2019b). 
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Figure 1.1: Clustering-based FS process (Cai et al., 2018) 

One of the most effective FS algorithms to select subsets of candidate features is based 

on a search technique. The search technique breaks down FS methods into heuristic 

search, complete, and randomized. Complete search algorithms involve searching the 

total search space for the best feature subset. The complete search aims to select the 

best subset of features in a dataset with high dimensionality, which is practically 

impossible within a plausible time (Manbari et al., 2019b). A randomized search 

strategy investigates an entire search space through a finite space and the subspace 

scale is based on stopping criteria, such as the maximum number of iterations and the 

subset size. The algorithm of a randomized search still appears to get stuck in a local 

optimum, even when using the parameter setting to make a tradeoff between the 

optimality of the result and convergence speed. Such algorithms have lower 

computational complexity than complete search algorithms (Manbari et al., 2019b). In 

heuristic search-based FS algorithms, one feature is removed or added in each iteration 

from the selected feature set. Moreover, the computational complexity of the heuristic 

search-based algorithm is much less than that of complete search algorithms (Huang 

& Huang, 2009). Most algorithms have been constructed on the basis of heuristic 

search. 

 

Clustering 

Representative 

feature 

selection Final 
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In recent years, more attention has been paid, in particular, to approaches based on 

Swarm Intelligence (SI) as a search technique for FS. Such approaches comprise 

Genetic Algorithm (GA) (Oh et al., 2004), Ant Colony Optimisation (ACO) (Wan et 

al., 2016), Forest Optimisation Algorithm (Ghaemi & Feizi-Derakhshi, 2016), 

Artificial Bee Colony (ABC) (Xu et al., 2021), Whale Optimisation Algorithm (WOA) 

(Mafarja & Mirjalili, 2018), and Particle Swarm Optimisation (PSO) (Chuang, Tsai, 

et al., 2011; Chuang, Yang, et al., 2011). Particularly in high-dimensionality data, 

metaheuristic swarm search methods are very useful with regard to their global search 

capability (Amoozegar & Minaei-Bidgoli, 2018). ACO has been widely used as a 

metaheuristic swarm search method for FS (Shukla et al., 2019). In comparison to 

other  Swam intelligence (SI) methods, ACO has several advantages including the 

capability of local and global search, long-term distributed memory, and learning 

reinforcement strategy (Moradi & Rostami, 2015b). In dealing with FS, ACO is 

appropriate for handling high dimensional, noise, irrelevant, and redundant datasets 

(Fahrudin et al., 2016).  

 

Many real problems can be modeled into a graph form such as the Travel Salesman 

Problem (Cornuéjols et al., 1985), Graph Colouring Problem (Jensen & Toft, 1994), 

and FS for microarray (Cornuéjols et al., 1985; Moradi & Rostami, 2015b, 2015a; 

Swarnkar & Mitra, 2015; Yi et al., 2016). In FS for microarray, the graph-based step 

creates multiple views, each containing a specific number of automatically obtained 

genes. This is natural in genomic data where gene groups are important in deciding 

alternate definitions of the microarray data with regard to diversity, thereby facilitating 



7 

 

the collection of gene subsets which are informative genes with regard to different 

views. 

Feature clustering is one of the FS methods that considers the correlation among 

features. Therefore, the feature clustering model can reduce the dimensionality in high-

dimensionality data as a powerful tool in increasing the effectiveness search for the 

optimal feature subset. This is achieved by clustering the most associated features in 

the same groups. Furthermore, the performance of the FS process will be improved 

when it uses the information obtained from the clusters.  

One of most popular methods that cluster the features is the Modified Graph 

Clustering-Based ACO (MGCACO), which is an extension from an algorithm called 

Graph Clustering-based ACO (GCACO) (Ghimatgar et al., 2018; Moradi & Rostami, 

2015b).  

The GCACO results have achieved the highest performance accuracy for microarray 

datasets compared to well-known filter-based methods. This is due to the fact that the 

selection process is driven in such a manner that at least one feature is picked from 

each cluster, along each ant search process, and comparatively less correlated features 

are injected in a large percentage with regard to more correlated features to the 

consecutive iteration. 

Both the GCACO and MGCACO method are based on the Louvain community 

detection method (Blondel et al., 2008), which is used to detect the communities of the 

most correlated features by maximizing a modularity function and finding the local 

maximum. Such algorithms are easy and simple to proceed in determining the 
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communities in large networks due to the greedy search strategy that utilises 

modularity maximization as a goal to find the best community (Zhang et al., 2018), 

thus MGCACO is shown to outperform other well-known FS methods. 

Notwithstanding, there are several disadvantages such as the lack of clustering highly 

correlated features that could reduce the finding of the optimal subset, therefore 

decreasing the performance of the MGCACO algorithm. Moreover, the selection of 

the features is oversensitive to the feature clustering method due to the challenges of 

the predefined parameters and optimal subset determination.  

1.1 Problem Statement 

The high dimensional data of the DNA microarray is characterized by a few samples 

in a thousand genes’ sizes, which lead to significant problems such as complexity, 

noise, and irrelevant genes (i.e., features). This effect the effectiveness of the 

classification algorithm in DNA microarray (Rostami et al., 2020; Dhrif, 2019; 

Anouncia & Wiil, 2018; Morovvat & Osareh, 2016; Ahmad et al., 2008). High-

dimensional data classification problems have been efficiently solved using the 

MGCACO algorithm. It is an efficient graph clustering FS algorithm based on ACO 

and has shown to be superior than other FS algorithms  (Ghimatgar et al., 2018) due to 

using  both feature clustering and ACO-based FS method. Thus, integrating the feature 

clustering approach based on the community detection algorithm with ACO-based 

search process for FS has shown improvement in the performance efficiency of the 

proposed algorithm (Manbari et al., 2019; Moradi & Rostami, 2015b). However, there 

are several limitations with the MGCACO that could lower the classification accuracy.  
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The feature clustering phase in the MGCACO algorithm using Louvain community 

detection method does not operate exhaustively on all possible solutions (i.e., 

clustering groups) (Zhe et al., 2019). The Louvain community detection method 

employs the greedy search strategy to create solutions based on modularity 

maximization. As a result, the communities are combine to create higher modularity. 

However, using greedy search strategy will restrict to only local search (Zhe et al., 

2019). This is due to the mutual effect problem comes when some features in the search 

space are assigned into the same community with no possibility to reassigning them to 

other communities (Zhe et al., 2019; Good et al., 2010; Feo & Resende, 1995). This 

strategy leads to be suboptimal clustering groups and resulting from a low-quality 

subset of features in the MGCACO algorithm. Therefore, the Louvain community 

detection method could be replaced by a metaheuristic algorithm that utilises the 

ability of various mechanisms such as intensification and diversification for local and 

global optimisation to enhance the performance of the MGCACO algorithm (Sagban 

et al., 2017; Yang, 2010).  

The MGCACO utilises a fixed threshold selection criteria to control the selection of 

one or more significant features from pre-established clusters (Ghimatgar et al., 2018; 

Moradi & Rostami, 2015b). The threshold value is considered very critical and highly 

data-dependent with various values that may lead to different classification results. 

Accordingly, user determination may not consider the relevance, dependency, and 

homogeneity among the features in the search space. Therefore, defining a high 

threshold value will make the algorithm remain in the current cluster to select the next 

feature. Consequently, it will ignore the dependence (maximizing redundancy 
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and minimizing relevance) of the feature on previously selected ones. On the other 

hand, low threshold value will propel the algorithm without any previous information 

to pick the next feature from the new cluster equivalent to a random walk. In this 

manner, the fixed threshold value will reduce the quality of the feature subset selection 

in MGCACO. Therefore, a more adaptive version should be developed, where the 

value of the threshold is automatically adapted rather than being predefined. 

MGCACO has a predefined feature subset size determination (i.e., parameter) which 

is responsible to select features with high pheromone value. As a result, the 

classification performance will be affected by various values of this parameter. 

Although the MGCACO algorithm has a sensitivity analysis to determine the feature 

subset size within a certain range, there is no serious attempt in enhancing the setting 

of the  parameter (Ghimatgar et al., 2018; Moradi & Rostami, 2015b). The offline-

based analysis (non-optimised parameter setting) of recent works is built on a trial-

and-error preliminary run mode. In addition, the subset determination is highly 

dependent on application domains. Therefore, this method will not guarantee optimal 

classification performance (Huang et al., 2019; Hamadi et al., 2013). Several existing 

studies have solved the problem of subset size determination (Ghimatgar et al., 2018; 

Moradi & Rostami, 2015b; Rasheeduddin & Rao, 2019; Manbari et al., 2019b). 

However, such algorithms that utilise the automatic approach still require a predefined 

parameter to proceed with the automatic selection mechanism. Another drawback is 

the construction of the automatic determining mechanism does not consider any 

information about the efficiency of features or the dependency of the dataset. 

Consequently, it will provide either fewer or more features that leads to lower 



11 

 

performance of the algorithm. Thus, by utilizing the metaheuristic population-based 

optimisation characteristic, the search technique for subset determination can be 

enhanced. 

1.2 Research Questions 

1. How can the clustering of features be improved in terms of grouping the 

highly correlated features in the MGCACO algorithm? 

2. How to control the threshold value throughout the MGCACO algorithm runs 

to guide features subset construction for DNA microarray? 

3. How to improve the search strategy for determining the final subset of the 

features in the MGCACO algorithm?  

4. Will the proposed algorithm be able to reduce the high dimensionality and 

enhance the classification accuracy in the DNA microarray?  

1.3 Research Objectives 

The study's main objective is to develop an enhanced graph clustering ACO 

(EGCACO) algorithm for FS in the DNA microarray. To achieve the main objective, 

the following specific objectives need to be fulfilled: 

1. To design an ACO based feature clustering method that enhances the 

grouping of highly correlated features in MGCACO. 

2. To design an adaptive selection technique based on filter fitness function to 

control the threshold value in MGCACO algorithm. 
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3. To develop a genetic-based method that determines the final feature subset in 

MGCACO. 

4. To evaluate the effectiveness of the proposed algorithm for classification. 

 

1.4 Significance of the Research  

The output of this study is an enhanced MGCACO algorithm for FS. This algorithm 

is a variant of ACO algorithm which can be used to reduce the dimensionality of the 

DNA microarray in classification task. In addition, the new algorithm has identified 

relevant and redundant features among source and target distributions and ensures 

better classification performance when target datasets are tested for models trained on 

source datasets. The clustering-based metaheuristic method produced highly 

correlated DNA microarray features that enhance the finding of the optimal subset. 

The automatic parameter selection technique has selected the most informative 

features that have a positive effect on the performance of the algorithm. Moreover, the 

genetic method has produced the appropriate final subset automatically rather than 

being predetermined by the user. 

In particular, the proposed algorithm has selected the genes of the DNA microarray 

with consideration of relevance and redundancy among the genes, which was critical 

for good and reliable results. Therefore, it can be used in several domains (i.e., real-

world application) such as to diagnose diseases, identify genes that affect illnesses, 

find genes for therapeutic targets, and select the best treatment.  



13 

 

1.5 Scope of the Research 

The study focuses on the MGCACO algorithm, which is specifically a variant of the 

GCACO algorithm for FS. The study proposes three directions to improve 

classification accuracy. The first is clustering highly correlated features to achieve 

max-relevance and min-redundancy while the second is the automatic parameter 

adaptation technique to choose suitable relevant features. The third is determining the 

optimal final subsets automatically.  

The implementation of the algorithm has been applied for FS in the DNA microarray. 

To demonstrate the efficacy of the proposed method on different benchmark 

classification problems available in the literature, the experiments use several datasets 

from the University of California Irvine (UCI) Machine Learning Repository (Bache 

& Lichman, 2013) and several microarray datasets that have been used in a study by 

Li et al. (2017).  

To highlight the generality of the proposed method, several well-known classical 

classifiers, available in the literature, including Random Forest, k-Nearest Neighbor 

algorithm (k-NN), Decision Tree, and Support Vector Machine, are used in testing the 

predictive classification ability of the selected features (Ghimatgar et al., 2018). Then, 

the performance of the proposed algorithm is compared with five algorithms (TGA, 

GWO, ASO, PSO, HHO, GA, DE, BAHSGW, RSGW, ASGW, BGWOPSO, WOA-

CM, WOASAT, and bALO-QR, ) that are employed for dimensionality reduction 

using five evaluation metrics, namely F-measure, recall, precision, the number of 

selected features and classification accuracy. 
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1.6 Thesis Organisation 

There are six chapters in this thesis. The first chapter provides background information 

on the study and the general problem that this research has addressed. The second 

chapter contains reviews of various FS tasks and their classification techniques and 

classes, as well as swarm intelligence algorithms and their variants. The third chapter 

discusses the research framework, methods, techniques, and experimental procedures 

utilised in this study. The fourth chapter presents three proposed modifications to 

overcome the limitations of the GCACO algorithm, as well as their integration with 

GCACO to form the proposed EGCACO for FS in DNA microarrays. The fifth chapter 

presents the results of performance evaluation of the proposed algorithm on different 

datasets and results comparison with other state-of-the-art swarm intelligence 

algorithms. The study's conclusions are presented in Chapter Six, which also 

emphasises its contributions. In addition, Chapter Six gives some recommendations 

for upcoming works related to the EGCACO algorithm for FS. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Introduction  

In recent years, the amount of acquisitions for biomedical data has increased 

drastically. Advancements of molecular genetics techniques, such as DNA 

microarrays, has authorized the access to a “global” outlook of cells. For instance, it 

is possible, now, to use DNA microarrays routinely to explore the biological molecular 

classification of a cell, weighing hundreds and thousands of gene expressions 

simultaneously. Therefore, the study in FS is deemed important.  

This chapter presents the reviews of previous studies in FS-related activities and their 

application domains. Section 2.2 presents microarray data mining and its main 

challenges, which include gene selection. Section 2.3 describes FS and approaches in 

implementing FS. Section 2.4 presents several existing FS-based clustering methods. 

Section 2.5 discusses previous studies on automating the parameterization, while 

Section 2.6 explains the final subset determination for FS based on ACO. Section 2.7 

summarizes this chapter.  

2.2 Microarray Data Mining  

The development of one of the first methodologies for DNA microarray analysis 

explains that data on expression can be utilised in a variety of class prediction or 

discovery for biomedical problems like tumor classification (Silwattananusarn et al., 

2016). Data mining or statistical and machine learning techniques applied in data on 

gene expression are used to answer questions of finding molecular markers for disease, 
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tumor morphology, and predicting post-treatment outcomes. Today, in many 

instances, the microarray-based classification can be performed successfully in 

different cell histologies, lineages, and morphologies. In some cases, the findings of 

DNA microarray research have led to more specific clinical evaluation, such as a 

portion of clinical studies. This is the use of the results-specific, computationally 

elected gene markers like Protein Kinase C beta and associated lymphoma treatment 

inhibitor (Shipp et al., 2002). The testing in predicting the drug response or treatment 

result is limited. However, some of the findings are quite promising. Most results of 

microarray analysis using data mining lack further follow-up study and experimental 

validation. Furthermore, numerous existing efforts are being conducted in this area to 

address the challenges of microarray data mining.  

 

Representative data mining applications in fields such as web or banking have a small 

number of sub-fields or attributes (at most several hundred), while the number of 

records is much larger (thousands and sometimes millions). Conversely, a typical 

sample of microarray data analysis may have a variety of sub-fields (e.g., number of 

genes), usually equivalent in thousands, though with a fewer number of records 

(smaller than a hundred). Due to the difficulty of obtaining microarray specimens in 

many interesting cases, the record count is likely to stay that way. However, the use of 

few records relative to many fields has produced a huge probability of “false positives” 

results, i.e., due to opportunity, both in determining the genes expressed differently 

and in the development of predictive models. There is a need to use robust methods 

and their applications in data mining to validate the models and determine their 

probability (Piatetsky-Shapiro & Tamayo, 2003). 



17 

 

Classification, clustering, and gene selection are the main tasks in the analysis of the 

biomedical applications (Allahyari et al., 2017; Piatetsky-Shapiro & Tamayo, 2003). 

Classification is predicting outcomes or classifying diseases that depend on patterns of 

gene expression and the possibility of determining the best genetic signature treatment 

(Charlesworth et al., 2019; Franks et al., 2018; Dam et al., 2018; Salem et al., 2017; 

Khan et al., 2005; Chang et al., 2004; Lapointe et al., 2004; Nutt et al., 2003; 

Ramaswamy et al., 2003, 2001; Tibshirani et al., 2002; Chinnaiyan & Rubin, 2002; 

Alizadeh et al., 2000; Bittner et al., 2000; Golub et al., 1999). Clustering is to find new 

biological classes or refine existing classes (Ramos et al., 2017; Roy et al., 2016; 

Chang et al., 2016; Pan et al., 2002; Hastie et al., 2001; Li & Hong, 2001; Tamayo et 

al., 1999; Eisen et al., 1998). In contrast, gene selection in microarray data mining is 

an attribute selection process that determines the genes most closely related to a 

specific class (Shukla et al., 2019; Sahu et al., 2018; Fahrudin et al., 2016; Tabakhi et 

al., 2015; Mandal & Mukhopadhyay, 2013; Lee & Leu, 2011; Leung & Hung, 2010; 

Storey & Tibshirani, 2003; Marchal et al., 2002; Dudoit et al., 2002; Baldi & Long, 

2001; Ideker et al., 2001; Li & Hung, 2001; Tusher et al., 2001). 

2.2.1 Classification in Biomedical 

The microarray dataset has fewer records than features (Piatetsky-Shapiro & Tamayo, 

2003). Therefore, the common statistical and machine learning techniques, including 

global FS, may result in incorrect discoveries as a result of random chance. Simon 

(2003) addresses some of the familiar errors that can be solved in developing accurate 

classifiers, finding informative features, and demonstrating the appropriate approach 

for the classification of microarray data. O’Connell (2003) provides an overview of 
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the approaches used in Insightful S+ArrayAnalyzer, addressing the complete spectrum 

of microarray data analyses, including classification, clustering, differential expression 

analysis, gene selection, quality control, experimental design, and data pre-processing. 

 

Bair and Tibshirani (2003) have introduced a “nearest shrunken centroid” approach 

that has been successfully used to detect clinically relevant divergences in cancer 

patients. The approach is applied in the privileged access management system, 

obtainable for researchers, and is successful in managing microarray-inherent noise. 

The study presents a powerful tool for diagnosing and treating cancer. 

 

Dudoit et al.  (2003), introducing a single loss-based method for selection, quality 

assurance estimation, and cross-validation, identified new theoretical findings that 

showed cross-validation choice could be utilised in intense searches of huge parameter 

spaces, including infinite sample situations. In addition, they introduced a new 

classification deletion/substitution/addition algorithm that allows the deletion, 

substitution, and addition of over-index set elements to determine the appropriate gene 

sets that minimize the estimate of errors. A number of problems in their study have 

traditionally been treated separately including multivariate outcome prediction and 

density estimation based on either censored or uncensored data. 

 

Other issues in applying molecular classification models arise from the major technical 

challenge of addressing heterogeneity via the use of heterogeneous material sources, 

alternative techniques, and platforms. Various datasets reflecting the same biological 

system will be expected to show a certain amount of invariant biological characteristics 
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regardless of the idiosyncrasies or particulars of the sample sources, the preparation 

methods, and the technical platforms utilised to collect the data. Such invariant 

biological characteristics can provide the basis for the creation of more stable, general, 

and accurate classification models when properly captured and revealed. Hopefully, 

such models will give more focus on the reproducible biological activity as well as 

less focus on idiosyncrasy, technical data, and ideology. Fung and Ng (2003) address 

this problem by classifying heterogeneous variables based on impact factors. The 

impact factors provide a way to measure the differences in test and train samples 

between individual classes and can be integrated into generic classifiers such as k-NN 

or weighted voting, resulting in a major improvement in the accuracy for classification 

of heterogeneous samples. 

2.2.2 Biomedical Clustering 

Clustering is an important task to classify the co-expressed gene groups that identify 

consistent expression patterns. However, the domain knowledge strongly relies on the 

understanding of co-expressed genes and consistent patterns, making it difficult to 

completely automate. Jiang et al. (2003) present an approach focusing on an interactive 

exploration of patterns of gene expression to solve this issue. The authors developed a 

coherent pattern index graph tool that provides users with visual feedback on the 

presence of coherent patterns and their strength. Their results showed that the approach 

is effective in mining real gene expression data and is scalable in mining large datasets. 

 

Finding gene interactions and gene networks is another aspect of clustering. Wu et al. 

(2003) propose a graphical model-based interaction analysis using a Gaussian 
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graphical model to identify associations (i.e., the interactions) between the paired 

genes and a log-linear model to discover interactions between multiple genes. The 

study had many unresolved issues, such as sparse data, that need to be further explored.  

 

Usually, scientific results can be enhanced by looking at the same events of gene 

expression from different perspectives. In the analysis of the gene expression study, 

there are several sources (i.e. gene regulation, tissue diversity, and protein 

composition) of biological information that could be used. Glenisson et al. (2003) 

explore how literature-extracted information and expression data can be integrated to 

find biologically relevant clusters not only identified from DNA microarray data. This 

is an example of integrative genomics as stated by He et al. (2005) and Zhang et al. 

(2005). 

2.2.3 Gene Selection Mining in Microarray Data 

Gene selection aims to identify differential molecular activity or invariants relevant to 

a particular biological problem. This issue is constrained by the fact that, in many 

particular cases, little is known about the natural biological variability predictability 

of a biological state or specific tissue. A biological condition is usually presented along 

very coarse-grained phenotypic lines to complicate matters. Nadimpally and Zaki 

(2003) discuss this question of normal variation directly and also examine genes that 

exhibit normal variability among genetically identical mice to establish a collection 

that can be utilised in differential gene expression experiments. They aimed to identify 

false positives as well as gain insight into the underlying natural variation processes. 

They used six mouse tissues, which produced several genes displaying major 
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biological variations between similar mice and provided a helpful compendium of 

natural gene expression variations for mouse models. 

 

Mukherjee et al. (2003) introduced a gene-ranked algorithm utilizing bootstrapped P-

values, which takes another method to evaluate variance in small samples. This method 

is particularly beneficial if a small sample variability is taken into account in the 

observed test statistical values. The proposed algorithm demonstrated that this method 

exceeds a commonly utilised two-sample T-test on the artificial data. The authors 

applied their method on two real datasets. Experimental results showed that the 

algorithm was able to exploit the limited data available to infer biologically useful 

information. 

 

Most gene selection approaches test each gene in isolation and disregard gene 

associations. However, from a biological point of view, the gene groups acting 

together as pathway concepts and reflecting cell states are specific atomic units or 

characteristics that would be able to determine the character or form of a given sample 

and its identical biological status. Such coherent gene expression information should 

be the information of the input on which the methods of sophisticated computational 

can work (Padilha & Carvalho, 2019; Xue et al., 2018; Buonvicino et al., 2018; 

Vengatesan et al., 2017; Brunet et al., 2004; Cunliffe et al., 2003; Mootha et al., 2003; 

Segal et al., 2002; Murali & Kasif, 2002; Cheng & Church, 2000; Alter et al., 2000; 

Califano et al., 2000). In this respect, Hanczar et al. (2003) suggest improving the 

precision of the DNA microarray classification by choosing suitable model genes 

representing a group of genes sharing a profile and describing the phenotypic class of 
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interest. They presented important findings on the advantages of adenocarcinoma 

classification utilizing prototype-based FS.  

2.3 Feature Selection 

Feature selection and classification are the two major tasks in analyzing DNA 

microarray gene expression. The FS method is critical to perform with an appropriate 

level of accuracy prior to the classification activity. Gene expression data for DNA 

microarrays includes hundreds of thousands of features (genes). However, real-world 

datasets do not always have relevant information to solve problems with machine 

learning (Dhrif, 2019). Therefore, only a few feature subsets have effective correlation 

between each other (Hall, 1999). The FS problem is complicated because the search 

space is sparsely populated and the learning model is unable to determine between 

relevant data and noise especially if the number of instances is less than the number of 

features. A common rule of thumb is that the representation should include at least five 

training instances for each dimension (Chinnaswamy & Srinivasan, 2016). In the 

dataset, FS is a process that selects different expressed features and creates a new 

subset of features for classification (Gene et al., 2011). Moreover, FS can help 

maximize the relevancy of features while reducing redundancy. Additionally, simpler 

models have a lower risk of overfitting, i.e., when predicting new data points, they are 

more robust. As depicted in Figure 2.1, FS consists of a three-step process: i) subset 

generation, ii) subset evaluation, and iii) stopping criteria (Liu & Yu, 2005).  
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Figure 2.1: Feature selection’s three-step process (Liu & Yu, 2005) 

 

There are at least four challenges when designing any FS algorithm (Dhrif, 2019). The 

challenges comprise curse of dimensionality, small sample size, the functional 

interaction among features, and quality of data. With such a large number of features 

attempting to train a classifier (i.e. training samples based on the extent of each 

feature), it would have high computational costs and poor accuracy as all features must 

be present for future prediction as demonstrated by Löw et al. (2013), the accuracy 

depends on the amount of features utilised and FS was beneficial than using all features 

in terms of prediction accuracy. The relationship of instances and features in a small 

sample size causes FS to be a difficult problem (NP-hard) of non-deterministic 

polynomial time. The interaction among features will also introduce complex 

interdependency among them. There will also be some data-related issues such as 
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sparse, noisy, and imbalanced datasets, which will affect the performance of an FS 

algorithm.  

2.3.1 Subset Generation  

The generation of subsets is a heuristic search in which each state defines a candidate 

subset for evaluation. The efficiency (e.g., the accuracy of classification) depends 

heavily on the search algorithm used. Search techniques can be divided into stochastic, 

heuristic, and exhaustive (Dhrif, 2019). Although the long computational time of 

exhaustive searching guarantees the best solutions, it is impractical for most 

applications in the real world. Sequential searches such as greedy stepwise backward 

selection (Caruana & Freitag, 1994) and linear forward selection (Pahikkala et al., 

2010; Khan et al., 2007) are typical examples of heuristic search methods. These two 

methods are inspired, respectively, by variants of forwarding selection and backward 

sequential selection. Linear forward selection improves the efficiency and 

effectiveness of forwarding selection by the features’ number reduction being taken 

into account at each stage. Although backward selection can find interactions of 

features better than forwarding selection, it cannot be implemented on large feature 

sets. Both forward and backward approaches tend to face local optima problems (Tang 

et al., 2013). A stochastic search will perfectly and randomly generate subsets using 

the Las Vegas algorithm (Ang et al., 2016) that is quite slow to converge in high-

dimension search spaces. 

 

Evolutionary computation is a family of stochastic methods applying evolutionary 

principles or SI to produce effective subsets of existing ones (Ashlock, 2006). Such 
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methods include Genetic Programming (Banzhaf et al,. 1998), GA (Banzhaf et al,. 

1998), ACO (Dorigo & Caro, 1999), PSO (Kennedy & Eberhart, 1995), and Artificial 

Bee Colony (Karaboga, 2005). Evolutionary computation techniques do not make 

prior search space assumptions and do not require domain knowledge, whether it is 

linearly separable or differentiable. Another benefit of evolutionary computation is the 

population’s ability to look for multiple solutions in one round, making it appropriate 

for finding non-dominated solutions. Nonetheless, evolutionary computation 

techniques have a major drawback as they have high computational costs caused by 

the huge number of evaluations for fitness functions. Another issue with evolutionary 

computation techniques is their lack of stability as the algorithms select different 

subsets of features at each run, which may require field experts in a further selection 

process. However, using evolutionary computation as a feature selection algorithm has 

drawbacks but utilizing it to solve a specific problem as an adaptation or hybridization 

is useful. 

2.3.2 Subset Evaluation 

Subset evaluation is a process where evaluation criteria are applied to define the 

goodness of each generated subset. This will result in many evaluations that drive to 

high computational costs, particularly when there is a large number of instances. To 

overcome these shortcomings, methods such as evaluating the minimum redundancy, 

the total relevance based on mutual information (Unler et al., 2011; Zhang et al., 2005), 

or evaluating the distance between the whole search space and the selected subspace 

(Wang et al., 2015) have been proposed. To handle FS tasks for datasets with millions 

of features, sparse logistic regression (Tan et al., 2013) was introduced, where low 
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weights of irrelevant features have the effect of filtering them out. Typically, such 

statistical methods are generally very accurate, but they often make assumptions about 

the distribution of the data in terms of probability. 

 

Among FS approaches, subset evaluation differs where there are two main approaches: 

wrapper and filter. Wrapper methods require a classifier or more than one classifier 

with a performance metric to determine the optimal subset as one that minimizes 

cardinality and maximizes efficiency. The performance metrics often used for wrapper 

approaches are best arithmetic means of true positive rate (TPR) and true negative rate 

(TNR), best geometric mean of TPR and TNR, area under the precision-recall curve, 

area under the receiver operating characteristic curve, and accuracy (number of 

correctly defined instances/total number of instances). 

 

In contrast, filter methods, being autonomous of the two criteria of cardinality and 

performance, define the optimal subset of features as the one consisting of all the 

highly relevant features and weakly relevant but not redundant. Several criteria have 

been proposed to evaluate feature subsets or single features, such as consistency 

measures (Liu & Motoda, 2012), dependency measures (Hall, 2000), probability of 

error measure (Devijver & Kittler, 1982), information or uncertainty measures (Ben-

Bassat, 1982), distance measure (Almuallim & Dietterich, 1994), fractal dimension 

(Mo & Huang, 2012), inference correlation (Mo & Huang, 2011), and classification 

error (Estévez & Caballero, 1998). The most widely used performance metrics are 

classification accuracy and number of obtained features. 
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2.3.3 Stopping Criteria 

A stop criterion must be established to stop the selection process. Although many FS 

approaches do not have a stop criterion, several studies suggest some general stop 

criteria (Shukla et al., 2019) as follows: 

 

• Deletion or addition to the subset of features does not make a significant 

difference. 

• The minimum number of features or minimum rate of errors in the 

classification or the maximum number of iterations.  

• The search completes by obtaining the most excellent subset according to an 

appropriate evaluation method.  

 

Although it is not part of the selection process, the FS approach must be checked by 

performing various tests and comparisons with previously established findings or 

results of competing methods. In conducting the comparison, focus should be on using 

artificial datasets, real-world datasets, or both. The optimum size of the feature subset 

must be determined automatically (Dhrif, 2019). 

 

Traditionally, the FS process not only minimizes data dimensionality, which facilitates 

inspiration and comprehension, it also produces more solid models with greater 

capabilities for generalization (Devijver & Kittler, 1982). All of these characteristics 

make the selection of features a fascinating area of study where various FS methods 

have been implemented over past decades.  
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Feature selection methods can be categorized into three types according to the class of 

the datasets; as supervised (Tang et al., 2014a, 2014b; Kotsiantis, 2011), unsupervised 

(Alelyani al., 2013), and semi-supervised (Sheikhpour et al., 2017). The first needs a 

collection of labeled data (supervised dataset). This label may be a grade as a real value 

or ordered value (attach with a specific task) to select the recognizable and relevant 

features. The semi-supervised method requires only the labeling of some objects. On 

the other hand, the unsupervised method deals with the non-labeled data (Salem et al., 

2013; Dy & Brodley, 2004; Fowlkes et al., 1988).  

 

Several FS methods have been suggested over past decades. A majority of these 

methods focus on the supervised approach in the classification task. However, due to 

the technological developments that have taken place in recent years and multiple 

applications, many unlabeled data have been generated, for example, social media 

(Zafarani et al., 2014), bioinformatics (Saeys et al., 2007), image retrieval (Yasmin et 

al., 2014), text mining (Bharti & Singh, 2014), and intrusion detection (Ahmed et al., 

2016; Agrawal & Agrawal, 2015; Ambusaidi et al., 2015).  

 

On the other hand, relevance and diversity are required in FS high-dimensionality data 

(Zhang et al., 2013; Novovicovâ et al., 1996). This includes classifying features by a 

clustering method after choosing the appropriate measurement for correlation between 

features. The feature clustering-based method can be used to take the benefit of its 

relatively lower complexity on the FS high-dimensionality data. Furthermore, the 

efficiency of the FS method improves with the usage of cluster information. 
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2.4 Feature Selection-based Clustering Method 

Feature selection methods are divided into three categories based on their interaction 

with the learning model: filter, wrapper, and hybrid (Tabakhi et al., 2014; Sotoca & 

Pla, 2010; Gheyas & Smith, 2010; Saeys, Inza, & Larrañaga, 2007; Liu & Yu, 2005). 

There are many techniques that have been used together with the feature selection 

methods for solving clustering problems. One of those popular technique is the ACO 

algorithm (Rostami et al., 2021; Song et al., 2021; Guha et al., 2020; Manbari et al., 

2019a).  

2.4.1 Filter Method 

 The selection of relevant features using the filter method is based on an evaluation 

criterion to measure how well features (subsets) differentiate between the two groups 

(classes) without using any learning algorithm. Their speed and scalability are the main 

characteristics of filter methods. 

 

Xu et al. (2008) suggest an FS for genes using a filter-based evaluation method by 

using diffusion maps to tackle the multi-dimensional issue and utilizing Markov 

matrices as a coordinate framework on the initial dataset to gain an effective 

representation of geometric descriptions data. The optimal subset of features is then 

grouped with a fuzzy ART neural network that learns the arbitrary input patterns in a 

fast, settled, and self-organizing manner to shape cancer samples partitions.  

 

Rostami et al. (2020) propose a PSO-based multi-objective method for FS which is 

divided into three major phases. The initial features are displayed as a graph 
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representation model in the first phase. For all nodes in the graph, the feature 

centralities are determined in the second phase. Finally, in the third phase, an improved 

PSO-based search method is utilised for the final FS. They applied their proposed 

method to five medical datasets. Experimental results showed that it outperforms 

previous related methods. However, the proposed method suffers from determining 

the suitable values for the parameters that have impacted the behaviours of the learning 

model. 

 

Tabakhi et al. (2014) introduced one of the first bio-inspired swarm intelligence 

paradigms known as Unsupervised Feature Selection-Based ACO (UFSACO). The 

major objective of UFSACO is to choose feature subsets with minimum similarity 

(low redundancy) between features. In this algorithm, the nodes identify the features 

and the similarities between the features are the weights on the edges in a complete 

undirected graph. Features are redundant if there are two similar features. Each feature 

has a desirable amount of pheromone in the graph. The amount of pheromone is 

changed by agents (ants) depending on its current amount, the frequency, and a pre-

specified rate of evaporation. Until a predetermined stopping criterion is reached 

(iteration number), the ants interactively traverse the graph preferring low similarities 

and high pheromone values. Finally, features with the largest pheromone value and 

low redundancy are chosen. The UFSACO algorithm was evaluated in terms of the 

number of selected features and classification accuracy to achieve the final feature 

subset by using several well-known classical classifiers i.e., Random Forest, Naïve 

Bayes, Decision Tree, and Support Vector Machine. The experimental findings on 
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many widely used datasets show the efficiency and efficacy of the UFSACO over other 

well-known algorithms.  

 

Other methods that have the same concept as UFSACO are MGSACO (Tabakhi et al., 

2015), relevance-redundancy feature selection-based ACO (RRFSACO) (Tabakhi & 

Moradi, 2015), and unsupervised probabilistic FS (UPFS) using ACO (Dadaneh et al., 

2016) and are proposed for the optimal feature subset through an iterative process. For 

both RRFSACO and MGSACO, in addition to quantifying the redundancy feature as 

in UFSACO, each feature’s relevance is further measured by its variance. Therefore, 

the aim of these algorithms is to choose attributes that reduce redundancy while 

maximizing relevance. The goal is to pick non-redundant attributes in UPFS by 

utilizing the similarity of cosine less than Pearson’s correlation.  

 

There are several limitations to the current ACO-based FS methods (Dadaneh et al., 

2016; Tabakhi et al., 2015, 2014). In the search process, the possible dependence 

among the features is ignored. These ACO methods presume that the attributes are 

independent conditionally. Therefore, once the ant chooses the following attribute, the 

feature dependency on those already picked is overlooked in the computation. 

Consequently, the organized subset might include redundant attributes. To avoid this 

challenge, a novel FS method known as GCACO was proposed by Moradi and 

Rostami (2015) for classification problems. This method works on the attributes 

identified as a graph with features (nodes) and feature-similarities (edges) where a 

community detection method is applied to cluster features (nodes) (Blondel et al., 

2008) and selects a minimum redundancy attribute subset between the attributes 
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collected from the clusters. In the GCACO algorithm, the community detection 

method is used to cluster and separate identically strong and correlated attributes 

together in the same group. The method detects communities of a network in two 

stages.  

 

Every node in the first stage is assigned to a community selection based on the greedy 

operation to maximize the specific modularity of the network. The second stage simply 

creates a new network by merging those of the communities previously found. The 

process then iterates until a significant improvement of the modularity of the network 

is achieved and the features are then represented in a complete graph in each cluster. 

Then, ACO-based FS is applied to create the feature subset from the clusters. In every 

iteration, an agent randomly travels to a cluster and chooses an attribute from the 

cluster. The efficiency of every solution (i.e., a set of features) is estimated by 

implementing a separability index once the whole ants traverse completely on the 

graph. The value of pheromone of every node is adjusted by utilizing a particular 

ACO-based updating role. Finally, the feature with the highest pheromone will be a 

candidate in the final subset. The result of the GCACO outperforms other well-known 

algorithms in terms of classification accuracy. This is because every agent in the graph 

cluster will identify features with minimum similarity and maximum target class 

dependence. 

 

Better performance than that of GCACO was obtained in its new version, called 

MGCACO, proposed by Ghimatgar et al. (2018). Three modifications were made in 

GCACO to produce MGCACO. First, the pheromone initialisation is improved by 
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performing the relevance of attributes to classes where higher priority is given to more 

relevant features. Secondly, depending on the multiple discriminant analysis, 

MGCACO uses an evaluation function that can effectively evaluate redundancy and 

the relevance of attributes. Finally, MGCACO utilises a better efficient cost mission, 

integrating redundancy and the relevance of attributes in a highly efficient manner, 

where features are sort based on redundancy and relevance analyses.  

 

Ghimatgar et al. (2018)  conducted several experiments to evaluate the MGCACO 

algorithm in terms of the number of selected features and classification accuracy to 

achieve the final feature subset. To demonstrate the generality of the MGCACO 

algorithm, the prediction capability of the classification for the selected features has 

been checked using various well-known classical classifiers i.e., Random Forest, 

Naïve Bayes, Decision Tree, and Support Vector Machine. Besides, many datasets 

with various properties were utilised to demonstrate the efficacy of the MGCACO 

method. These datasets are known as Arcene, Arrhythmia, Hepatitis, Ionosphere, 

Madelon, Sonar, Spambase, Wine, and Breast Cancer Wisconsin (Diagnostic) 

(WDBC.) These datasets represent different types such as physical, life, computer, 

artificial, and microarray which are often used in many machine learning studies 

including FS (Manbari et al., 2019b). The size of the datasets varies from small, to 

medium, and large. The method can address irrelevant as well as redundant features. 

The results of the MGCACO outperform other well-known algorithms in terms of 

classification accuracy. However, its performance depends on predefined parameters. 
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A novel hybrid FS method that depends on the Louvain community detection for 

modified binary ant system and clustering combination, known as FSCBAS, is 

presented by Manbari et al. (2019). This method deals with data processing issues in 

large dimension search spaces. This method offers global search as well as local search 

capabilities within and between clusters. This method, which is inspired by simulated 

annealing and GA, introduces a novel redundancy rule for reduction to evaluate the 

correlation among chosen attributes and a damped mutation technique that prevents 

falling into a local optimum. However, the performance of this method has low 

accuracy in terms of the number of chosen attributes from each dataset. 

2.4.2 Wrapper Method 

The fitness of a wrapper method is determined by the accuracy resulting from the 

feature subsets when a complete algorithm for classification or clustering is performed. 

However, the main limitations of wrapper methods stem from the use of a current 

learning algorithm in tandem and the very high computational cost. 

 

Other work that uses PSO to perform an FS algorithm with a wrapper framework is by 

Chuang et al. (2008) and Shen et al. (2009), and a hybrid tabu search framework by 

Chuang et al. (2009). Chuang et al. (2008) improve binary PSO and k-NN in order to 

prevent being stuck in local optima and to look for superior classification outcomes in 

a search space with a lower gene number. By applying the modified PSO, Shen et al. 

(2009) recognize and eliminate the redundant genes and samples at the same time.  
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Babatunde et al. (2014) introduce an improvement for the performance of concerned 

classifiers by utilizing binary GA for dimensionality reduction. The method uses k-

NN-based classification error as a fitness function to obtain a combinatorial set of 

features from images. The obtained results are better than other FS methods in terms 

of classification accuracy. Rostami et al. (2021) propose a GA based on community 

detection which consists of three stages. In the first stage, the feature similarities are 

calculated by the fisher score method. In the second stage, the features are grouped 

into clusters throughout the community detection algorithm. In the third stage, a GA 

algorithm selects features for a new community-based repair operation. In terms of the 

performance of the presented approach, six benchmark classification problems were 

analyzed by the authors. The accuracy of the proposed method outperforms the other 

FS algorithms. However, the proposed method suffers from determining appropriate 

values for the parameters that have influenced the learning model's behaviours. 

 

Two different approaches of the Ant Lion Optimiser (ALO) are proposed by Emary et 

al. (2016a) for FS purposes in wrapper-mode. In the first approach, the native ALO is 

applied while its continuous steps contain thresholds using a suitable threshold 

function after squashing them. In the second approach, only the inspiration of ALO 

operators is used to create the corresponding binary operators. Three common 

optimisation algorithms were used by the authors to compare with the proposed ALO 

binary algorithm over 21 datasets from the UCI repository. The proposed algorithm 

achieve good results compared to common optimisation algorithms. 
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Taradeh et al. (2019) propose Gravitational Search Algorithm (GSA) to deal with FS 

tasks. Both k-NN and Decision Tree classifiers are utilised as evaluators in the 

proposed wrapper FS method. To evaluate the performance of the proposed approach, 

18 UCI datasets are used. The results are compared to some popular algorithms to 

validate the efficacy of the proposed algorithm. The results of the proposed method 

show superiority in solving FS problems. Guha et al. (2020) introduce a method called 

clustering-based population in binary GSA to increase the inclusion of more promising 

features. The method utilises a clustering technique to distribute the initial population 

across the entire feature space. Twenty well-known UCI datasets are utilised to 

evaluate the performance of the proposed method and the findings are compared with 

some recent FS methods. The findings outperform other methods in terms of average 

classification accuracy. However, the drawback of the algorithm is the use of 

accuracies as the similarity measurement between the population, which usually 

requires classification using a learning algorithm, requires additional time. 

 

Two new wrapper FS methods, introduced by Faris et al. (2018), use the Salp Swarm 

Algorithm (SSA) as the search strategy. In the first method, in addition to the transfer 

functions, the crossover operator is utilised to replace the average operator and 

improve the algorithm's exploratory behaviour. In the second method, to convert the 

continuous version of SSA to binary, eight transfer functions are utilised. The results, 

comparing five FS methods using ww common UCI datasets, show that the method is 

better than other methods. 
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Mafarja and Mirjalili (2018) propose two (2) binary variants of the wrapper FS 

method, namely the Whale Optimisation Algorithm with Crossover and Mutation 

(WOA-CM). In the first, the crossover and mutation operators are employed to 

improve the WOA algorithm's exploitation. The second method aims to investigate the 

impact of using the Roulette Wheel selection and Tournament mechanisms rather than 

a random operator in the search process. The two methods are compared to three 

algorithms and experimented on standard benchmark datasets, showing the efficiency 

in obtaining the best feature subsets.  Mafarja and Mirjalili (2017) presente two 

hybridization models for designing different WOA-based FS methods with simulated 

annealing called (WOASAT). The simulated annealing method is integrated into the 

WOA algorithm in the first model, while in the second model at each iteration of the 

WOA algorithm, simulated annealing is used to improve exploitation by locating the 

most promising regions (i.e., the best solution discovered). The performance of the 

methods is compared with three existing wrapper-based FS methods and is evaluated 

on 18 well-known UCI benchmark datasets. The experimental results prove the 

efficiency compared to other methods. 

 

To solve FS problems, a binary version of the hybrid grey wolf optimisation (GWO) 

and PSO, namely BGWOPSO, is proposed by Al-tashi et al. (2019). The wrapper-

based method k-NN classifier with Euclidean separation matric is used. A total of 18 

well-known benchmark datasets from the UCI repository are used to evaluate the 

performance of the proposed binary algorithm. The results show that BGWOPSO 

performs better than other algorithms in terms of selecting the most effective features 

and accuracy.  
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Mafarja et al. (2020) introduce a wrapper-based FS method with three enhanced hybrid 

metaheuristic algorithms utilizing GWO and WOA called hybrid serial (HSGW), the 

structure of adaptive switcher (ASGW), and the structure of random switcher 

(RSGW). They are compared with a number of well-known FS methods and validated 

on 18 UCI datasets. The results outperform other state-of-the-art methods. 

 

Mafarja et al. (2019) also propose two mechanisms to design a Grasshopper 

Optimisation Algorithm (GOA) within a wrapper-based framework, to determine the 

best feature subset for classification purposes. The first mechanism is based on V-

shaped and transfer functions. A strategy that combines the best solutions produced so 

far is used in the second mechanism. Furthermore, a mutation operator is utilised in 

the GOA method to improve the exploration phase. The proposed method is compared 

with eight well-known wrapper-based methods using different standard UCI datasets. 

The comparative results are superior to other, similar, methods. 

 

One of the wrapper-based FS methods is Harris Hawks Optimiser (HHO), as proposed 

by Thaher et al. (2020), to deal with high dimensional real-world datasets. Evaluation 

of the proposed method utilises nine high-dimensional low sample cases and compares 

the efficacy with six well-known methods. The results show a promising method 

through obtaining good results compared to the other methods. 

 

Too et al. (2018) introduce two FS methods for Electromyography signal classification 

based on a Tree Growth Algorithm (TGA). In the first method, in order to improve 
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exploration and exploitation behaviours, the crossover, mutation, and swap operators 

are incorporated in a modified binary TGA. In the second method, to transform the 

continuous TGA to a binary form, two transfer functions are performed. This method 

shows superiority in terms of both classification performance and feature reduction 

when it is implemented on a large available feature set. 

 

A binary variant-based wrapper FS method with Atom Search Optimisation (ASO) is 

introduced by Too et al. (2018). To convert the continuous ASO into the binary form, 

the presented method employs eight transfer functions from the S-shaped and V-

shaped families. The proposed ASO was tested on 22 UCI benchmark datasets and 

compared to five FS methods for evaluating its performance. The findings of the ASO 

are preferable in terms of high prediction accuracy and the smallest number of chosen 

features. 

2.4.3 Hybrid Method 

 The hybrid methods find a good quality balance among filter and wrapper methods to 

overcome computational cost and efficiency from the goodness of the associated 

objective task. 

 

Boutsidis et al. (2008) introduce a hybrid framework by integrating the column subset 

selection problem and principal components analysis as an FS for genes.  Kim and Gao 

(2006) obtain the original physical meaning of the gene subsets based on their 

reproductive capacity sample projections on main components by implementing the 

Least-Square-Estimation evaluation. To improve the quality of the partitions, they also 
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implement boost-expectation-maximization clustering. Therefore, FS utilises 

unlabeled data to pick the subset of the features.  

 

Guha et al. (2020) propose a hybrid FS method, namely Embedded Chaotic Whale 

Survival Algorithm (ECWSA), where a wrapper method is utilised to obtain high 

classification accuracy, followed by a filter method, utilised to further trim the selected 

subset at a low computational cost. In the ECWSA, chaos has been incorporated to 

lead the picking of the style of movement followed by whales when seeking prey. A 

real-life scenario inspiration, which if whales are incapable of hunting the prey they 

will die, is introduced into the system as a fitness-dependent death mechanism. The 

authors have compared the proposed ECWSA method with popular FS methods as 

well as its predecessors. In addition, 18 well-known UCI datasets have been used to 

evaluate the proposed method. The proposed method's findings demonstrate a 

significant improvement in terms of FS. 

 

A hybrid (i.e., filter-wrapper) method for FS is proposed by  Mafarja and Mirjalili, 

(2019) where the binary ALO is hybridized with the QuickReduct (bALO-QR) as one 

incremental hill-climbing technique. A pool of solutions (ants) is randomly generated 

and then improved through two filter FS models; thus, the common informative 

features in the dataset are embedding. The binary ALO method then utilises the 

resulting population to find the best solution. The authors have compared the proposed 

method with the well-known methods and tested on 18 common datasets from the UCI 

repository. The experimental results of the proposed method prove superior in 

performance when seeking the best feature subset. 
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Song et al. (2021) propose a three-stage hybrid FS algorithm based on correlation-

guided clustering and PSO. In the first and second stages, designing a filter FS method 

with a clustering-based method to decrease the search space is utilised through the 

third stage. The final stage involves employing an evolutionary algorithm with global 

searchability to determine an ideal feature subset. The authors have compared the 

proposed algorithm with nine FS algorithms and validated it on 18 real-world datasets.  

The results show the ability of the proposed algorithm in obtaining a significant feature 

subset. However, the feature clustering method requires setting a threshold value 

manually which impacts the sophisticated clustering method. 

 

A hybrid filter and wrapper approach with the concept of the minimum redundancy 

maximum relevancy with a modified Bat Algorithm (BA) is proposed by Al-betar et 

al. (2019). Minimum redundancy and maximum relevancy is utilised as a filter to pick 

the most informative genes while the modified bat algorithm is used to determine a 

small set of promising genes (i.e., search engine in wrapper method). The performance 

of the proposed, compared against ten FS methods and tested on ten gene expression 

datasets, produces better results than the compared FS methods. 

 

Xu et al. (2021) propose a filters and wrappers FS method based on an improved ABC 

algorithm. Three various variable ranking algorithms are used in the filter to pre-rank 

the candidate features, and the population of the ABC is then initialised ed based on 

the importance of the re-rank features. In the wrapping, the ABC method algorithm 

individuals (feature subsets) are based on the classifier's classification accuracy in 
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order to produce the best feature subset. The method, validated on Parkinson’s disease 

datasets, achieved better results than other compared algorithms. 

 

A combination of ACO algorithm with wrapper and filter method was introduced by 

Ghosh and Sarkar, (2020). At each step to determine the classification capabilities of 

the new feature, the heuristic desirability is determined using a classifier (i.e., wrapper 

based ACO). Then, to reduce computational complexity of subset evaluation, the filter 

method is utilised rather than wrapper method. The proposed method has been 

evaluated on different datasets (i.e., facial emotion recognition, UCI, microarray, and 

NIPS2003 FS challenge). The experimental results outperform other compared FS 

methods. 

2.4.4 Ant Colony Optimisation 

The ACO, a nature-inspired metaheuristic approach was developed to address 

challenging combinatorial optimisation problems. The ACO inspiration is stigmergy, 

i.e., the indirect communication between ants. For example, ant in the real condition, 

uses indirect interaction with other ants. The probability that other ants in the colony 

will build solutions to the problem is represented by the pheromone deposited in the 

environment (Falaghi & Haghifam, 2007; Dorigo et al., 2006). The most common use 

of ACO is in NP-hard combinatorial optimisation problems including scheduling, 

network routing, and data mining (Chang et al., 2009; Dorigo et al., 2006). In the 

context of FS, ants can find solutions to problems with complicated and large search 

spaces. Exploration and exploitation are the strategies for searching into space. 

(Sagban, 2016).  
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Ant system is the first variant of ACO algorithm to be proposed to solve travelling 

salesman problems. It was able to match other general-purpose heuristics' 

performance, such as evolutionary computation (Colorni et al., 1992; Dorigo et al., 

1996). Despite these initial impressive results, ant system failed to match the results 

of other state-of-the-art algorithms such as integer linear programming formulations, 

branch-and-bound algorithm, and composite algorithm (Laporte, 1992). As a result, a 

significant amount of ACO research has concentrated on other variants of ACO that 

demonstrate superior performance to ant system. Other improvements were designed 

based on Ant System such as the Ant Colony System (Dorigo & Gambardella, 1997b) , 

and MAX–MIN Ant System (Stützle & Hoos, 2000). 

 

The family of ACO algorithms has been successfully used to solve a wide range of 

combinatorial optimisation problems, including routing (López-Ibáñez & Blum, 

2010), scheduling (Morin et al., 2009), feature selection (Ortega et al., 2022) 

(Sivagaminathan & Ramakrishnan, 2007), and bioinformatics (YiMing et al., 2020). 

Since there are no known polynomial-time algorithms for these problems, heuristic 

methods like ACO are frequently utilised to produce high-quality solutions in 

manageable computation times (Stützle et al., 2011). 

 

Tabakhi et al., (2014) introduced a FS method called UFSACO that aim to select 

subsets of the feature with a low similarity between features (low redundancy). Other 

later methods based on the same idea are UPFS (Dadaneh et al., 2016), RR-FSACO 

(Tabakhi & Moradi, 2015), and MGSACO (Tabakhi et al., 2015). In both MGSACO 

and RR FSACO, they also calculate the relevance of each feature by its variance in 
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addition to quantifying the feature. Another interesting method of FS is the MGCACO 

which is extinction from an algorithm called GCACO (Ghimatgar et al., 2018; Moradi 

& Rostami, 2015b) that is integrating the feature clustering approach with ACO-based 

search process for FS to improve the performance efficiency of selecting the feature 

with a low similarity. 

 

2.4.5 Discussion on Feature Selection-based Clustering Method 

The overall benefits and drawbacks of FS algorithms associated with the wrapper, 

hybrid, and filter methods are summarized in Table 2.1.  

Table 2.1 

 Advantages and disadvantages of FS methods 

Method Disadvantages            Advantages 

Filter • Ignores interaction with 
clustering algorithms 

• Fast 
• Scalable 
• Independent of the 

clustering algorithm  
• Parallelizable 

Wrapper 

• An overfitting risk 
• High computational cost  
• The selection is particular 

to the clustering algorithm 
used 

• Interacts with the 
algorithm used for 
clustering 

• Can model feature 
dependencies 

Hybrid 
• The selection is particular 

to the clustering algorithm 
used 

• Can model feature 
dependencies 

• Interacts with the 
algorithm used for 
clustering 

• Requires less time than 
wrapper 
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Feature selection algorithms, which depend on the filter approach, focus on general 

data characteristics and evaluate features without any classification algorithms. 

Therefore, these methods do not focus on any specific learning models. Furthermore, 

filter methods are simple to construct, easy to understand, and are typically very fast 

to implement, making them suitable for high-dimensionality data (Zhao, 2010). 

Nevertheless, there is an inclination for FS filter methods to be improved based on 

feature clustering. Such methods obtain good results with regard to the quality of the 

selected features due to the useful information that can be obtained from the clusters 

to the FS search algorithms. Table 2.2 provides a review summary of the feature 

clustering approaches implemented in the FS methods. In this table, the datasets are 

also highlighted. 

Table 2.2 

 Summary of FS based on clustering method  

No.  Reference Clustering 
concept Dataset 

1 Xu et al. (2008) - Gene Expression 
2 Moradi and Rostami (2015b) √ Microarray & UCI 
3 Ghimatgar et al. (2018) √ Electroencephalogram & UCI 
4 Manbari et al. (2019b) √ Microarray & UCI 
5 Rostami et al. (2020) - Microarray 
6 Babatunde et al. (2014) - UCI 
7 Tabakhi et al. (2014) - UCI 
8 Tabakhi and Moradi (2015) - Microarray & UCI 
9 Tabakhi et al. (2015) - Microarray & UCI 
10 Dadaneh et al. (2016) - UCI 
11 Faris et al. (2018) - Microarray & UCI 
12 Al-tashi et al. (2019) - UCI 
13 Guha et al. (2020) - Microarray & UCI 
14 Mafarja et al. (2019) - UCI 
15 Mafarja and Mirjalili, (2017) - UCI 
16 Mafarja and Mirjalili, (2019) - UCI 
17 Thaher et al. (2020) - Microarray 
18 Rostami et al. (2021) √ Microarray & UCI 
19 Emary et al. (2016a) - UCI 
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20 Taradeh et al. (2019) - UCI 
21 Song et al. (2021) √ Microarray & UCI 
22 Al-betar et al. (2019) - Microarray & UCI 
23 Xu et al. (2021) - Parkinson’s disease 
24 Ghosh and Sarkar, (2020) - UCI 
25 Too et al. (2018) - Electromyography 
26 Too and Rahim Abdullah, (2020) - Microarray & UCI 
27 Guha et al. (2020) √ UCI 
28 Mafarja and Mirjalili, (2018) - UCI 
29 Mafarja et al. (2020) - UCI 

 

The data listed in Table 2.2 provide a distribution of 29 studies from 2008 to 2021. 

The usage of the microarray and UCI datasets is prominent because of the availability 

of both irrelevant and redundant features as compared to other datasets. In addition, 

there are seven (7) studies where the clustering concept has been employed in the task 

of FS. Generally, clustering of features or grouping of features by enhancing the 

stability of the feature set and reducing the model’s complexity is a useful learning 

technique for high-dimensionality data (Shen & Huang, 2010; Jörnsten & Yu, 2003). 

In recent studies, the clustering of features has emerged as a forceful tool for more 

effective search and reducing dimensionality in high-dimensionality data. However, 

most existing feature clustering methods have some limitations (Moradi & Rostami, 

2015b). Firstly, the required number of clusters must be pre-specified. In general, 

setting the right number of clusters requires exhaustive trial-and-error. Secondly, the 

current algorithms do not consider the variance, and the data division in a cluster is a 

significant consideration in the dependent cluster’s similarity calculation. Thirdly, all 

attributes in a cluster participate in the resulting extracted feature in the same degree. 

To overcome this issue, an FS method based on the feature clustering algorithm to 

group the attributes could be possible.  
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Several bio-inspired algorithms based on the paradigm of SI have been proposed for 

the FS method based on the feature clustering algorithm (Rostami et al., 2021; Song 

et al., 2021; Guha et al., 2020; Manbari et al., 2019a). SI involves a group of artificial 

agents that attempt to mimic the natural behaviours of a population of animals. Every 

agent does a search mission individually and, together, they determine a complex 

issue. The most popular swarm-based algorithms are PSO (Song et al., 2021), GSA 

(Guha, Ghosh, Chakrabarti, et al., 2020), and ACO ( Manbari et al., 2019a; Ghimatgar 

et al., 2018; Moradi & Rostami, 2015b). However, ACO is more flexible in the scope 

of FS than other algorithms (Manbari et al., 2019b; Fahrudin et al., 2016). ACO has 

many advantages, such as a similar function to the reinforcement learning scheme, 

distributed long-term memory, positive feedback, parallel nature implementation, and 

good exploration and exploitation capabilities due to greedy and stochastic algorithm 

components (Dorigo & Caro, 1999; Dorigo & Stützle, 2019; Tabakhi et al., 2014; 

Dorigo & Gambardella, 1997b; 1997a; Dorigo et al., 1996).  

 

Based on the analysis of relevance and redundancy, GCACO, MGCACO, and 

FSCBAS methods show a major advantage over other methods due to the use of both 

feature clustering and ACO-based FS filter method. Thus, integrating the feature 

clustering approach based on the community detection algorithm with ACO-based 

search process for FS has shown improvement in the performance efficiency of the 

proposed algorithms (Manbari et al., 2019; Moradi & Rostami, 2015b). However, 

these algorithms still suffer from the shortcoming of community detection techniques 

to cluster highly correlated features, where the algorithms utilise a greedy search basis 

that usually leads to limited search space. Visible solution occurs in higher modularity 
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when the utilisation of modularity maximization as a goal in these algorithms produces 

merging communities that should be independent. In comparison to metaheuristic-

based clustering methods, these algorithms have lower efficiency because they are 

easily stuck in local optima, which affects performance on production of a low-quality 

subset. Therefore, this study will use the ACO-based clustering method to cluster 

highly correlated features within the same group. 

2.5 Control Parameter 

The control parameters (CPs) have a considerable influence on the performance of 

most algorithms. Correct setting of the values for the parameters is a crucial aspect in 

the search for an optimal solution. However, the values of the parameters are problem-

dependent. Therefore, value setting is not an easy task. The purpose of CPs is to 

maintain the balance between exploration and exploitation of the optimisation 

algorithms (Feoktistov, 2006). Exploration is linked to finding new solutions, whereas 

exploitation is linked to searching for good solutions. Exploration and exploitation are 

both interwoven in the evolutionary search (Fister et al., 2011).  

The MGACO algorithm shows the sensitivity of determining the parameters due to the 

use of manual CP setting to set the appropriate threshold value to guide the ACO subset 

construction before execution (Ghimatgar et al., 2018; Moradi & Rostami, 2015b). To 

explore the existing techniques on the replacement tuning of parameters (also referred 

to as offline parameter tuning) with parameter control (also known as online parameter 

tuning) for metaheuristic algorithms, this section presents the reviews on works in 

parameter control.  
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Metaheuristics are general algorithmic templates or high-level methodologies that, 

typically, do not deeply acclimate particular problems (Boussaïd et al., 2013). 

Therefore, they can usually solve a variety of problems (Talbi, 2009). The prefix 

“meta” is defined as “higher level methodology”, therefore the metaheuristic 

algorithms are regarded as “higher level” heuristics algorithms. Various metaheuristic 

algorithms have been developed and widely implemented including Evolutionary 

Algorithms (Davis et al., 2012), Gene Expression Programming (C. Ferreira, 2001), 

Tabu Search (Glover, 1986), Differential Evolution (DE) (Engelbrecht & Pampará, 

2007), Simulated Annealing (Kirkpatrick et al., 1983), PSO (Kennedy & Eberhart, 

1995), and ACO (Dorigo & Birattari, 2010). Some metaheuristics are inspired by 

nature (inspired by some concepts, e.g., in physics or biology), which include 

stochastic procedures, as well as having several free parameters that users can set 

manually or modify according to the problem (Boussaïd et al., 2013). The adjustment 

of parameters has a strong impact on the metaheuristic’s performance or effectiveness 

since the parameters regulate the demeanor of the heuristic mechanisms of the 

algorithm (Hamadi et al., 2013). As a result, to achieve high efficiency, it is important 

to clarify which configuration ought to be the most promising. An optimisation 

problem arises within the problem at the point of “how to adjust these parameters?” 

Eiben et al. (1999) illustrate two ways to adjust parameters, while Zhang et al. (2012) 

adapt by gathering some specifics about the adaptation mechanisms as shown in Figure 

2.3. 
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Figure 2.2: Taxonomy for parameter control  

The first is to classify offline parameter control before the algorithm is implemented, 

in which several checks are performed on different values. The aim is to obtain a set 

of parameters with top values. With this introductory review, the standard parameter 

values for possible executions can be proposed. However, such guidelines should not 

be generalized for all types of problems. Due of the high percentage of possible 

numbers that can be expected for each parameter, an offline controlling parameter has 

proved to be a complex combinatorial problem (Aleti & Moser, 2013a).  

An online parameter setting is also known as the second type of parameter adjustment; 

when the algorithm is run, the parameter values change. The online parameter control 

removes the earlier stage of parameter analysis so that the change takes place through 

the optimisation progression. Consequently, the designer or developer of the 

optimisation algorithm disclaims the liability of modifying these parameters in the 
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online parameter control. An essential feature of parameter online controlling is that a 

parameter’s value may vary depending on the search stage (Hinterding et al., 1997). 

The results obtained can be significantly improved by changing parameter values 

during the optimisation process and this has inspired work for methods to self-adjust 

parameters from multiple metaheuristics (Aleti & Moser, 2013b; Kamrath et al., 2013; 

Leung et al., 2012; Marques & Gomide, 2011; Kramer, 2010; Simons & Parmee, 

2010). Approaches for changing the value of a parameter during the optimisation 

process can be classified into deterministic, aggregated, and adaptive (Brest et al., 

2006; Liu & Lampinen, 2005). 

2.5.1 Deterministic Parameter Control Approach  

The deterministic parameter control method is applied when a determinist rule adjusts 

the importance of the parameter without utilizing any information about the fitness 

function. Typically, the values of the parameter are adjusted over time using a 

predefined function. For example, over the optimisation process, the parameter value 

starts with a large value, then gradually decreases. It is common to use fitness tests or 

generation number (iteration) to control the value. Due to its simplicity and low 

computational effort, this method of control is used in many applications. During 

optimisation, this control strategy barely considers the algorithm’s bio-inspired 

conduct (Zhang et al., 2012). 

Huang (2013) applies the DE algorithm by introducing a method of adjusting the 

crossover likelihood and the deterministic mutational factor using sine and cosine 
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functions. Similarly, Zhang et al. (2013) provide a technique to modify the probability 

of crossover to change the value of the parameter using the number of iterations. 

Boeringer and Werner (2002) propose a simple control method in GA for the 

possibility of mutation through a uniform distribution. Li and Chang (2006) present a 

method to adjust the probability of crossover and mutation that slowly lowers the 

values’ relativeness to the generation number. Fernandez-Prieto et al. (2011) introduce 

different deterministic approaches for adjusting the probability of mutation. The first 

approach defines a linear function that reduces the value of mutation by the generation 

number following the idea suggested by Bäck and Schiitz (1996). The second approach 

involves the usage of random values in each generation for the mutation parameter. 
Likewise, Vajda et al. (2008) offer multiple methods in adjusting the tournament size 

based on the generation number. In this case, the parameter value is tuned linearly. 

In utilizing the ACO algorithm, Merkle et al. (2002) suggest two methods under 

deterministic CP for the amount of pheromone used to choose the direction and rate of 

pheromone evaporation. The pheromone value decreases; nonetheless, the pheromone 

evaporation rate increases as the number of iterations increases. Meyer (2004) also 

provides a mechanism to control the parameters deterministically using the annealing 

method. 

The online deterministic control technique has been implemented in PSO algorithms 

by many authors. Yasuda et al. (2010) present a basic parameter adaptation method 

using linear function for the parameters’ cognitive and social components. Similarly, 

another control method, suggested by Khadhraoui et al. (2016), is based on the 
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iteration number of the social and cognitive parameters that will change. On the other 

hand, a linear function is used by Niknam and Farsani (2010) to adapt the parameter 

of inertia weight. Shi and Eberhart (1999) also present a linear decrease in the inertia 

weight of particles with a deterministic approach and based on the iteration number. 

Conversely, Chatterjee and Siarry (2006) present a deterministic method in adapting 

the weight of inertia with a non-linear function. Alfi (2012) and Jiao et al. (2008) 

pursue the same concept as Chatterjee and Siarry's (2006) work through the use of 

non-linear functions. Eberhart and Shi (2001) suggest a simple and random method to 

change the weight of inertia. Wang (2011) introduces deterministic CP where the 

parameter of weight decreases, and social parameter increases via a linear function 

dependent on the number of iterations. The cognitive parameter is adjusted utilizing 

the personal best (pbest) and global best (gbest) particle information. A different 

parameter control method is suggested by Montalvo et al. (2010). The parameter of 

inertia weight is regulated by a deterministic method, which reduces the parameter 

value over iteration. Both social and cognitive parameters are controlled utilizing a 

simple rule. Setyawan and Jazidie (2017) employ a Gaussian function-based approach 

for tuning inertia weight, cognitive, and social parameters. The cognitive and social 

parameters are controlled according to the values of their maximum, minimum, and 

iteration numbers.  

2.5.2 Aggregated Parameter Control Approach 

The parameters are coded in aggregated control as extra dimensions directly in the 

solution vector and optimised during the optimisation process. The optimisation of 

parameters could be achieved within the same procedures utilised to optimise the 
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population or via unique routines (Zhang et al., 2012). Due to the natural selection 

analogy used in this approach throughout evolutionary computation, there are more 

chances of best-coded parameter values that drive to better solutions for distributing 

the values to coming generations (Eiben et al., 1999). SI algorithms can use a similar 

approach to optimise their parameter values. 

Brest et al. (2006) introduce a technique that controls the individually encoded 

parameters of crossover and mutation using simple rules. Teo (2006) also present two 

aggregated control models for changing the population size. An aggregated system of 

control for crossover and mutation parameters is implemented in these two models. 

The population size for the first model is encoded in each parameter. The rate of 

population growth in the second model is coded in individual parameters at which the 

positive value of the population size rises and the negative value decreases. Similarly, 

Dragoi et al. (2013) propose an aggregated CP approach for crossover and mutation 

that is updated through the same individual operators.  

In Bǎutu et al.’s (2007) work, Gene Expression Programming is used to adapt an 

organism’s genes’ number. The adaptation process takes place at chromosome level, 

enabling chromosomes to develop with diverse genes in the population. On the other 

hand, Smȩtek and Trawiński (2011) conducted research comprising two control 

models. One of the control models individually encodes the crossover and mutation 

probabilities. Another way to adapt the probability of mutation is introduced by 

Fernandez-Prieto et al. (2011), where a specific parameter factor is applied and a new 

value is generated that is utilised to apply a mutation or transformation to individual 

parameters.  
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2.5.3 Adaptive Parameter Control Approach 

The adaptive parameter approach utilises information from the optimisation process 

as feedback to define the parameter value adjustment. Generally speaking, the 

assessment is provided from the search process (i.e., fitness values) to guide the 

modification of the parameters (Qin et al., 2009). According to Zhang et al. (2012), 

there are four types of adaptation method.  

 

1. Simple Rule-based Adaptation Method 

 

The method occurs when the CP is gained via simple rules (Zhang et al., 2012) 

and determined from the observation of the algorithm’s characteristics and 

behaviour through its run. This approach uses optimisation knowledge to 

modify the parameter values. The fitness or objective function, population 

diversity measures, and others may be the assessment information. 

 

Ding and Wang (2008) introduce an adaptive control method for crossover 

opportunity by taking into account the population maturity, which is calculated 

by the population’s average fitness. Similarly, Osaba et al. (2013) presented a 

population-islands-based GA with a crossover probability control method 

adjusted by simple rules-based with the best fitness value in individual 

parameters. Likewise, using DNA sequence evolution statistical models, 

Vafaee and Nelson (2009) implement a control model for the probability of 

mutation by adjusting the optimal distribution of individual genes. Yang et al. 
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(2001) also present a CP method for the probability of mutation that is tuned 

depending on the average fitness of the population by a linear function. 

 

Yang et al. (2013) suggest two simple probabilities of rule mutation, one for 

each population-based average fitness. A method for predicting crossover and 

mutation parameters, proposed by Aleti and Moser (2011), uses the average 

fitness of the population together with the success rate of parameters to adjust 

the possibility for the next generations. The crossover and mutation 

probabilities are modified by Huang et al. (2016) depending on a function of 

linear scaling that compares the average fitness of the population with the 

fitness of individual parameters. On the other hand, Rajappan and Rangasamy 

(2017) propose a technique of adaptive control based on fitness knowledge for 

the parameters of mutation and crossover. The population is split into low and 

high fitness sub-populations. Local exploitation is extended to a higher fitness 

sub-population. Therefore, only a procedure of crossover is utilised and 

adjusted to simple rules. However, a sub-population with lower fitness 

exploration through the mutation method is used with adjustment to simple 

rules. Conversely, Algethami and Landa-Silva (2017) present a CP approach 

that can adjust the crossover, mutation, and population parameters depending 

on a genotypical diversity calculation. 

 

The use of CPs in ACO by Zhaoquan and Han (2008) introduces a method in 

assigning the value of each individual parameter for evaporation based on the 

quality of the solution. Chusanapiputt et al. (2006) suggest two distinct 
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populations for ACO parameters where individuals move between different 

populations and the parameters are updated based on the diversity control 

approach. Therefore, heuristic and pheromone parameters are balanced by the 

population size. On the other hand, in the study of Yuan et al. (2017), the 

control procedure of heuristic and evaporation parameters is used only if the 

optimisation method will not enhance the solution within a specified number 

of iterations.  

 

Recently, Al-Behadili et al. (2020) have presented a new hybrid Ant-Miner 

classification algorithm that integrates the ant colony system algorithm. The 

Ant-Miner algorithm presents a new parameter, named importance rate, which 

is a pre-pruning criterion based on the probability of the pheromone and 

heuristic amount. This criterion is liable for only including important terms to 

each rule such that noisy data are discarded. The ant colony system algorithm 

is implemented to enhance the importance rate parameter during the Ant-Miner 

algorithm learning process. Experimental findings reveal that the proposed 

algorithm significantly outperforms the other algorithms.  

 

Yang et al. (2007) present a method using CP to change the inertia weight 

parameter of the PSO algorithm. This method utilises a function of best fitness 

of individual parameters and the average fitness of the population to control 

the parameters. Similarly, Kumar and Rao (2017) suggest an adjustment 

method for modifying the parameters according to the fitness of the particles. 
Likewise, a variant of PSO with sub-swarms is proposed by Zhang and Ding 
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(2011) using an adaptive dynamic strategy based on all sub-swarms’ fitness 

values for inertia weight. Zhang (2018) also suggests adjusting the parameters 

based on the diversity of the population. The adaptive modification is made 

according to the degree of particulate aggregation. The inertia weight 

parameter is controlled in a study of Tang et al. (2015) based on a diversity 

measurement of the solutions. Likewise, Zielinski and Laur (2007) introduce a 

CP for social, cognitive and inertia weight parameters where the values of 

different combinations are utilised in each generation and are adjusted 

depending on their performance in producing better solutions. Conversely, 

Harrison et al. (2018) suggest a method in tuning inertia weight, social, and 

cognitive parameters. If the best individual location of the particles for a 

predefined number of iterations has stagnated, and a known region contains 

promising parameter configurations, new parameter values are sampled 

randomly. 

 

2. Coevolution Method 

Coevolution methods use some form of parameter generation mechanism and 

place those parameters into the process of evolution (Spears, 1995; Back, 

1992). In every generation, the parameters coevolve with the population. 

Various parameters are usually generated for each individual. The parameters 

of the better individuals will survive in the process of evolution and are used 

to produce new parameters. 
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Normally, the self-adaptive methods encode the evolutionary computation 

algorithm parameters directly into the evolution of the procedure itself. The 

parameters are encoded directly in the original individuals and pass through 

the process of evolution as population genes using the same methods as the 

original genes (Zhang & Sanderson, 2009; Hinterding, 1995). Different 

approaches are also introduced by Qin et al. (2009) and Huang et al. (2006), 

where the parameters pass a different process of evolution from the original 

population. In the study of Qin et al. (2009), the parameters are influenced by 

Gaussian random disturbance, while in the study of Huang et al. (2006), the 

parameters of the ACO algorithm are adjusted automatically by PSO. Zhan and 

Zhang (2010) also apply the PSO learning technique to the DE algorithm for 

the development of DE parameters of DE throughout the evolution process.  

 

3. Fuzzy Control Method 

 

Fuzzy controllers use relevant degrees to adjust the parameter values (Zhang 

et al., 2012). Zadeh introduced Fuzzy Logic in 1965 with the intent to add 

degrees of ambiguity in the conventional Boolean logic, making inferences of 

human beings in ideas and knowledge not well known to machines. A fuzzy 

controller’s core components are knowledge base, fuzzy law, and inference 

mechanism (Jantzen, 2007). The inference mechanism is used in the form of 

parameter control to determine the current state of the system. The rules are 

provided as described in the state of identification and are applied to verify 

parameter values.  
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Liu and Lampinen (2005) present a crossover and mutation parameter factor 

adaptation control with a DE algorithm using fuzzy logic. The difference 

between the objective function values and those of the population individuals 

represent the input of the method. Similarly, Kotinis (2014) introduces a 

parameter mutation and crossover factor using the fuzzy control method. The 

control is executed based on the number of solutions not explored and the 

differential distribution of population among the two iterations. 

 

Peng et al. (2014) present a hybrid GA with simulated annealing. A fuzzy 

control framework is utilised to adjust the crossover and mutation probabilities 

based on individual and population fitness. Likewise, Tarokh and Zhang 

(2014) introduce a fuzzy control method for the likelihood of mutation and 

crossover parameters based on population fitness diversity for each generation. 

A fuzzy controller is also proposed by Gudino-Penaloza et al. (2013) to control 

crossover and mutation parameters in GA. In this study, the GA is run several 

times while the fuzzy engine is operating. On the other hand, Pereira et al. 

(2013) suggest a fuzzy controller that adjusts the probability of mutation using 

iteration number as the input and mutation probability as the output.  

 

Castillo et al. (2013) present a fuzzy control method to adjust the evaporation 

rate in ACO. The fuzzy control uses error measure to tune the parameter values. 

Melin et al. (2013) propose PSO with a fuzzy control method for social and 

cognitive parameters. This control uses the iteration number, diversity 

measurement, and fitness-based error measure to change the values of the 
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parameters. Similarly, Olivas et al. (2013) introduce a control that uses a 

measure of the iteration number and population diversity to adjust the 

parameters using a fuzzy control method for social and cognitive parameters. 

In the same work, the fuzzy control adjustment is suggested in which the input 

variables, diversity measurement, and number of generations are considered 

fuzzy. Likewise, Neshat (2013) provides a fuzzy control technique for social 

and cognitive parameters. The technique makes use of population fitness 

values to modify the parameters. 

 

4. Entropy-Based Control Method 

 

Entropy-based control methods have been used to control parameters. In 

information theory, the entropy concept is introduced by Shannon (2001). 

Entropy is known as a measure of predictable information or a probability 

distribution ambiguity. It is also defined as a point of disorder or uncertainty in 

a partition system (Okafor, 2005). The generation of new possible solutions in 

bio-inspired algorithms generally involves probabilistic and random factors. 

Entropy can be utilised to evaluate population characteristics and status in such 

a way as to adjust the parameters accordingly. In GA, Aleti and Moser (2013a) 

present a control method consisting of a k-means clustering algorithm based 

on the performance of crossover and mutation values. The entropy is 

determined for each cluster which is then applied to adjust the parameter 

values. On the other hand, Li (2009) proposes an entropy-based control 

method to control the parameters of the ACO algorithm. The method calculates 
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the mean entropy and the parameters of heuristic and pheromone are balanced 

by a simple rule. Li and Li (2013) follow the same concept of the study by Li 

(2009). However, they propose a different rule for adapting the heuristic and 

pheromone parameters. 

2.5.4 Discussion on Methods for Parameter Control  

The CPs have a major influence on the quality of algorithms since the appropriate 

setting is a crucial aspect in the search for optimal solutions. The initial method of 

trial-and-error (manual control/offline control) is time and resource-consuming and, at 

the same time, does not guarantee optimal results. Therefore, new approaches have 

been proposed whereby one of the best solutions developed by researchers is automatic 

control (online control) (Dragoi & Dafinescu, 2016). One important advantage of 

online parameter adjustment is that algorithms can better adapt to specific 

characteristics. It is highly desirable to automate this task, i.e., to implement an 

algorithmic technique to solve parameter control tasks. In the search stage, adapting 

the parameters online can also be effective in obtaining better performance and, thus, 

the best results. Explorative and exploitative search phases of an algorithm are often 

identifiable and good parameter settings in these phases can, again, be very different. 

Finally, if algorithms are applied in scenarios very distinct from the situation in which 

they are designed or offline tuned, authorizing parameters to adjust online may 

increase the robustness of an algorithm (Hamadi et al., 2013).  

Parpinelli et al. (2019) present the distribution of online control parameter methods 

used in bio-inspired algorithms (refer Figure 2.3). The aggregated method is the least 
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used online method for CPs due to the drawback of complexity and time. The search 

space increases as the size of the environment becomes bigger, which leads to an 

increase in complexity and time in the process of achieving the optimum values for 

the parameters (Fialho et al., 2010).  

 

Figure 2.3: Distribution of control mechanisms  

The use of the deterministic method is motivated by the simplicity to execute. Even 

without the use of information as assessed through the optimisation process, the 

outcomes achieved with the deterministic method are better than that of static values. 

Therefore, considering its easiness, this method encourages better intensification and 

diversification of the selection balance as compared to strategies utilizing static value 

parameters. Nevertheless, the term pre-scheduled parameter variation is preferred 

since the “deterministic” adjective does not accurately express this method of adjusting 

the parameters, as the schedule can be authorized to make randomized controlled 

choices. If the pre-scheduled parameter diversity is an online tuning process, it will 

not allow the issue of offline tuning to disappear, because the parameters that 

determine the schedule must always be set appropriately (Hamadi et al., 2013). 
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The adaptive method is most commonly used for CPs. This indicates the scientific 

community’s concern with information used as an assessment from the optimisation 

method to adapt the values of the parameter. Depending on the search stage, there can 

also be a different set of optimum parameter values. The use of the online parameter 

adaptation strategy for the threshold value that guides the ACO subset construction 

can be a focus in future studies.  

2.6 Subset Determination 

One of the main stopping criteria for the FS process is the optimum size of the feature 

subset, which is usually predetermined (fixed number of features). However, the best 

possible subset size of the features must be determined automatically (Dhrif, 2019) 

because the prevaricated over-fitting with FS method is more capable of generating 

optimal feature subsets with less computational load. This would reflect an appropriate 

stop criterion. The decisions taken in the preceding stages may impact the preference 

for the criterion to terminate (Shukla et al., 2019). Therefore, designing an algorithm 

with an ineffective subset determination method will result in complex feature subsets 

and overfitting issues. The following sub-sections discuss the subset determination 

strategies in ACO-based FS variants as well as GA for subset selection. 

2.6.1 Predetermined Approach 

The majority of ACO variants for FS utilise a predetermined, fixed number of features 

for the selection procedure to terminate. This method aims to determine the optimum 

subset. A new approach based on ACO, namely UFSACO, proposed by Tabakhi et al. 

(2014) for the unsupervised FS problem, seeks to find the optimal solution. The 
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method consists of a group of agents, called ants, which collaborate by exchanging 

pheromone information. Every agent iteratively selects several features using 

heuristics and knowledge from prior stages. As the method in nature is parallel and 

iterative, the ant seeks to choose the feature subset in the bigger space that would be 

near to the optimum global solution. The suggested method is a multivariate 

methodology that considers potential interactions between features to minimize 

redundancy between the selected features. The stop criterion is determined as the node 

number that must be chosen by each ant. The state transition rule attempts to pick 

features with minimum similarities and maximum pheromone values to previously 

chosen features. The number of times each ant selects a specified feature will be held 

in a counter list of features. Then, until a certain number of iterations is reached, the 

procedure is repeated. Consequently, the features in the subset are listed in decreasing 

order, depending on the pheromone values. Lastly, the final subset size (as specified 

by user) with the maximum pheromone value is chosen as the final subset of the 

feature. 

Following the UFSACO approach, Tabakhi et al. (2015) suggest an unsupervised gene 

selection process known as MGSACO that consolidates the filter approach with the 

ACO algorithm. The relevance and redundancy analysis are utilised in MGSACO. The 

amounts of pheromone are correlated with the graph edges. In each step, an ant builds 

its candidate solution by iteratively selecting the edge with the lowest iterative 

similarity and the greatest pheromone value. This approach produces a significant and 

effective analysis of feature redundancy. Then, MGSACO measures the accuracy of 

the identified solutions via a particular fitness function and also provides fitness values 
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in the pheromone updating rule. In the next iteration, the fitness function tends to raise 

the level of the solution pheromone to make the solution components more appealing 

to the ants. Accordingly, in each iteration, MGSACO memorizes the best gene. 

Ultimately, across all iterations, the global best subset size number will be considered 

as the optimally selected subset. 

Tabakhi and Moradi (2015) propose two methods based on ACO. The first considers 

the relevance-redundancy among the selected features based on ACO, while the 

second uses a new value of the heuristic information to the unvisited features. For the 

first stage in both methods, each attribute’s relevance is calculated by utilizing a 

specified criterion. Subsequently, the similarity values are computed between each 

pair of features and correlated with the graph edges. The initial pheromone is then 

computed for every trait. The second stage is to measure the probability of increasing 

features during iterative procedures. In this stage, a feature counter array is utilised to 

specify and compute the number of times the ants pick a given feature. The initial 

feature counter values are set to zero during each iteration. Then, each ant iteratively 

picks the following features through a “state transition rule” until a specified number 

of features is selected by the ant. Thereafter, each time the ant selects a feature, it 

increases the corresponding feature counter. Finally, the pheromone values are 

updated at the end of each iteration for all features in compliance with the “Global 

Pheromone Updating Rule”. In this rule, pheromone fraction will evaporate on all 

nodes. As a result, the frequently chosen features by the ants will gain higher feature 

counter values (amount of pheromone). The learning process will terminate when the 

maximum number of iterations is obtained. In the third stage, the features are ranked 
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according to the highest pheromone values in descending order and features with the 

maximum pheromone value will be selected. 

A UPFS based on the ACO algorithm was introduced by Dadaneh et al. (2016) to 

iteratively find the optimal subset of features. This algorithm uses inter-feature 

knowledge that detects the similarities among the features. This will guide the search 

of the UPFS algorithm to reduce feature redundancy in the final result. In the ACO 

algorithm, during each stage, the calculation process implemented for the quantities of 

redundancy among the current feature and all those chosen so far is used to pick the 

next potential feature. Furthermore, UPFS uses an ant-related pheromone matrix to 

indicate the extent of the co-presence of each pair or two of the features in the 

solutions. Then, the features are sorted depending on the probability function of the 

extracted matrix. The final solution (final subset) is returned based on the top number 

of features. 

A new FS algorithm based on the improved binary ant system and mutation 

(FSBACOM), introduced by Manbari et al. (2019), aims to enhance FS by growing 

the search space in a short time and finding the optimal solution by reducing 

redundancy. In the FSBACOM algorithm, the features are ordered in a circuitous graph 

wherein each of the select/deselect edges are connected to each of the following 

features. Continuously, the ant moves through the circular graph in the direction of 

motion until it returns to its original location. The ant chooses or discards any feature 

dependent on the state transition rule probability as it goes through the circular graph. 

The aim of the “state transition rule” is to select features with the highest values of 

term variance (features that have more information) and features with minimum 
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similarity with the previously chosen features. The number of times the ants 

select/deselect specific nodes is used to determine the feature counter value. The 

pheromone of each node is changed using an updating rule via the feature state counter. 

Once the stop criteria are satisfied, those features with the lowest reported pheromone 

values are chosen.  

Recently, an unsupervised gene selection method focused on multi-objective ACO was 

suggested by Naseri and Hasheminejad (2019). This approach is used to identify the 

most discriminatory powerful genes with the lowest rates of redundancy and similarity 

by proposing a new fitness function. The approach includes two main components, 

namely the initialisation and the selection of genes. The search of the problem space 

is modeled as a completely connected weighted graph. The edges indicate the 

relationship between the genes while the nodes represent the major set of genes. The 

values of similarity are determined among the genes and added to the graph edges. 

Consequently, the pheromone’s initial concentration quantity shall be determined by 

a fixed value on the edges. Finally, each gene’s relevance is simply measured by 

utilizing a novel objective function. The number of times each ant uses a particular 

edge is recorded in each iteration of the gene selection component. Additionally, the 

ant will iteratively attach the gene to the gene subset currently chosen to build a 

candidate solution through the “state transition rule”. This process continues until each 

ant selects a specified number of genes. Subsets of genes for candidates are evaluated 

using a specified fitness method. The highest result in the current iteration is the subset 

of genes with a better fitness score. The concentration of pheromone values will be 

updated through the “pheromone updating rule” and a proportion from the amounts of 
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pheromone are evaporated on each edge. Then, until the predefined number of 

iterations is exceeded, this process is repeated. Finally, the global optimal subset of 

the number of genes in all iterations is selected as the final gene’s subset. 

Paniri et al. (2020) propose a novel multi-label FS method using ACO (MLACO) to 

deal with both supervised and unsupervised FS. A graph is used to model the problem 

where edges represent the similarity between features and nodes represent the features. 

The ant randomly passes through the features and places some pheromones. Then, in 

every iteration, each ant updates the pheromone trail that demonstrates intensity and 

efficiency of the solution. There are two supervised and unsupervised heuristic 

functions to detect the redundancy and relevance of the feature, with the similarity 

among features as the redundancy feature and the highest similarity among features 

and class labels as the relevant features. Features will be sorted based on their 

pheromone values and features with high values will be chosen. 

2.6.2 Automatically Determined-based 

The ultimate aim of automatically determining the final subset is to determine an 

optimal subset of features from the original set to improve the learning algorithm 

performance. Moradi and Rostami (2015b) propose a novel FS method called GCACO 

that is based on graph clustering and the ACO algorithm. In this method, the size of 

each ant’s subset construction process and the final subset size of the features are also 

automatically specified. There are three stages in the GCACO approach. The problem 

to be solved is modeled as a graph whereby each feature indicates a node while the 

similarities among the features are represented by the edge weights. Then, a 
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community detection algorithm is utilised to split the features into diverse clusters. In 

the last stage, the ant will start picking the final feature subset. In this process, the ant 

randomly selects features from the clusters based on a threshold value that decides 

either to pick the next node (feature) from the current cluster or explore a new cluster. 

Therefore, if the ant decides to stay in the current cluster, the probability values for the 

features are determined for the current cluster. Otherwise, the probability values for 

the features of the next explored cluster are determined. After all ants have completed 

their route through the clustering graph, each feature subset efficiency (i.e., solution) 

will be measured by applying the pheromone quantity depending on the separability 

index. The process is replicated after a certain iteration number. Then, the features will 

be listed in decreasing order and based on the pheromone values for each feature. 

Finally, in representing the final feature subset, first, the number of features that will 

be chosen is determined from multiplying a predetermined number of features with the 

number of clusters. Then, the feature with the maximum pheromone value will be 

selected.  

Ghimatgar et al. (2018) and Rasheeduddin and Rao (2019) propose methods known as 

MGCACO and extreme learning machine with GCACO (GCACOELM), respectively. 

In the work of MGCACO, modification in the ACO component (i.e., pheromone 

strategy, exploration, and exploitation) has been suggested to enhance the efficacy of 

the feature subset selection process. The GCACOELM algorithm is developed to 

predict thyroid disease by classifying the thyroid nodules utilizing unsupervised FS 

features. Both methods follow the same process of determining the final subset size, 

where all the features of the dataset will be sorted depending on the highest pheromone 
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values. Then, the final subset will be returned based on their first number of features 

with the highest pheromone value. 

Manbari et al. (2019) introduce a hybrid filter-based FS method based on the 

combination of clustering and enhanced BAS. The approach uses linear BAS, a new 

reduction redundancy policy, mutation injection, and clustering to enhance the 

learning techniques by minimizing redundancy to the limit and providing an effective 

result to the search area in a limited time. In the first step, feature clustering will be 

implemented. Then, the features are distributed in an annular graph in each cluster, 

and the proposed BAS-based FS, named BASM, is applied. In the second step, based 

on the pheromone’s values, the highest features of the corresponding classes will be 

set on a circle graph to compete with the others. Following this policy, the lower-

ranking feature in a cluster has the opportunity of selecting the final set of features 

relative to the higher-ranking feature in the other cluster. The search space 

representation in BASM significantly decreases “computational time”, especially for 

high-dimensionality datasets.  

2.6.3 Genetic Algorithm 

Darwin's biological evolution theory introduced the basic principles of GA (natural 

selection, recombination, mutation, and reproduction) (Srinivas & Patnaik, 1994). This 

population-based metaheuristic approach is used to address NP-hard problems. The 

GA begins by generating several initial solutions at random and then iteratively 

improves them. Generating an initial population known as chromosomes, which stands 

for the solutions to the optimisation problem, is the fundamental concept of the GA 
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algorithm. The produced chromosomes are then assessed using a fitness function after 

being merged from two chromosomes (i.e. parents) using a crossover operator. In order 

to produce better solutions, namely offspring, the crossover operator exchanges critical 

information across solutions. Small changes in the offspring are made at random using 

a mutation operator. The mutations solution could differ from the one that was 

previously produced. Lastly, the selection operator chooses solutions from the parents 

and offspring based on the fitness function to maintain a constant population size (i.e. 

the highest fitness will survive). The full cycle of these three operations (crossover, 

mutation, and selection) is referred to as a generation. The method will settle on the 

optimal solutions after a number of generation cycles, thus indicate the best solutions 

to the optimisation problem. 

There are some simple variants that are sufficiently effective. Thus, improving the 

efficiency and robustness of the GA (i.e., adaptive GA, hybrid GA, and Elitism). In 

adaptive GA, the parameters of such as population size, crossing-over probability, or 

mutation probability, are changed as the GA is operating. In addition, when additional 

auxiliary information, such as derivatives or other special knowledge about the goal 

function, is available, hybrid Gas is used. Elitism is a very effective element that 

realizes the “best must survive” principle. Thus, elitism is a commonly used element 

but it should be utilised with caution, as it can lead to premature convergence (Huang 

& Yang, 2019; Sharapov, 2007). 

A wide range of combinatorial optimisation problems, including path planning (Hu & 

Yang, 2004), image processing (Hashemi et al., 2010), scheduling (Chen et al., 2020), 

and real-time systems (Abdelhady et al., 2020) has been successfully solved using GA 
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techniques. Thus, GA has been approved it extremely applicable in different artificial 

intelligence approaches as well as different basic approaches (Al-Behadili et al., 2021; 

Al-behadili et al., 2020b; Demestichas et al., 2000; Podgorelec et al., 2000). 

Rostami et al. (2021) and Babatunde et al. (2014)introduce an FS methods to obtain a 

combinatorial set of features. In terms of the performance of the presented methods, 

different benchmark classification problems were analyzed by the authors. Both 

methods used k-NN-based classification as a fitness function. The obtained results are 

better than other FS methods in terms of classification accuracy. 

2.6.4 Discussion of Methods for Subset Determination 

Subset size determination is important in selecting the subset of features from the 

original data features. The process of determining the subset can produce top 

informative features, reduce overfitting, and improve classification accuracy. Table 

2.5 provides a breakdown of the strategies for determining subsets that were employed 

by ACO-based FS. The review includes 11 studies from 2014 to 2020. 
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Table 2.3  

Subset size determination approach for FS in ACO algorithm 

 

The usage of the predetermined approach is more popular when compared to the 

automatically defined approach. All experiments in these studies were conducted on 

datasets from the UCI repository. It is shown that using the predetermined approach 

produces lower classification accuracy and uninformative feature (Manbari et al., 

2019b; Ghimatgar et al., 2018; Moradi & Rostami, 2015b). This is due to the fact that 

the predetermined approach seeks offline tuning that is generally constructed in a trial-

and-error process. This process is error-prone, human-intensive, time-consuming, and 
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1 Tabakhi et al. (2014) UFSACO √ - - 

2 Tabakhi et al. (2015) MGSACO √ - - 

3 Tabakhi and Moradi (2015) RRFSACO √ - - 

4 Moradi and Rostami (2015b) GCACO - √ √ 

5 Dadaneh et al. (2016) UPFS √ - - 

6 Ghimatgar et al. (2018) MGCACO - √ √ 

7 Manbari et al. (2019a) FSBACOM √ - - 

8 Rasheeduddin and Rao (2019) GCACOEL
M - √ √ 

9 Manbari et al. (2019b) FSCBAS - √ √ 

10 Naseri and Hasheminejad (2019) MOACO √ - - 

11 Paniri et al. (2020) MLACO √ - - 
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highly dependent on application domains that often lead to irregular tuning of the 

algorithm (Hamadi et al., 2013). In addition, the value that determines the size of the 

final subset is dataset-dependent and crucial. A user-determined value may produce a 

large subset or small, which is not regarded as an intelligent method of solving the 

problems associated with optimal subset determination. Choosing the optimal final 

subset is a challenging task. Very few features will be selected if the final subset size 

value is set too small. Insufficient information will be available for the classification 

task. On the other hand, when the final subset size value is high, several more features 

will be picked and, in the data, the noise will blur the natural patterns. There is a high 

probability that redundant features will be chosen (Moradi & Rostami, 2015b). 

The automatic approach performs superior to the predetermined approach in terms of 

feature number and classification accuracy. However, such algorithms that utilise the 

automatic approach still require a predefined parameter to proceed with the automatic 

selection mechanism. Another drawback is the construction of the automatic 

determining mechanism does not consider any information about the efficiency of 

features or the dependency of the dataset. Consequently, it will provide either fewer or 

more features that leads to lower performance of the algorithm.  

To overcome the drawbacks of the automatic approach, a new method for the 

automatic determination of the final subset can be proposed. The final subset can be 

evaluated based on the accuracy of the picked features (i.e., number of features, 

classification accuracy, and information or importance). This method will involve a 

subset determination to select an appropriate subset, wherein the subset can be 

instantaneously adopted automatically rather than being fixed or chosen by the user. 
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The metaheuristic population-based optimisation features discovered in GA can be 

used to enhance the search strategy for subset determination. 

2.7 Discussion  

Data reduction in high dimension DNA microarrays is a crucial issue in the domain of 

machine learning, especially in the task of classification. Therefore, improving the 

abilities to determine the most accurate genes in the datasets will reduce the 

computational costs. The FS-based filter method has been widely used for datasets 

with high dimensions because it requires less computational costs than wrapper and 

hybrid approaches. The studies on FS-based filter methods showed ways to determine 

the accurate subset of features. Nevertheless, one of the main drawbacks of the FS-

based filter method is that it fails to detect the importance of features in the dataset. 

Thus it does not take into account the redundancy of the features. To overcome this 

issue, an FS method based on a community detection algorithm to cluster the features 

is proposed. However, the community detection algorithm showed no possibilities of 

seeking the global optima. Another challenge that was observed is that most methods 

demand the specification of hyper-parameters in their models such as threshold value 

that guides the ACO subset construction or subset determination. Therefore, an 

automatic technique can be developed utilising the learning process' feedback to 

change the value of the parameter or the chosen subset in accordance with the datasets 

being used and the search stage. 
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2.8 Summary  

Reviews highlighted that in several datasets, the MGCACO algorithm generates a set 

of features that perform well and outperform other FS techniques. This algorithm can 

obtain the correlation among features, which makes it one of the competitive FS 

algorithms due to its ability to determine the most accurate features. However, the 

feature clustering algorithm (i.e. community detection algorithm) is unable with the 

global search procedure and thus faces a local optimisation problem that impacts the 

MGCACO performance. Additionally, the MGCACO algorithm's proposed threshold 

value is constant. Selecting such a value is critical for selecting the appropriate features 

to be present in the subset that these values be used. The original MGACACO final 

subset determination has a limitation with no possibilities for automation, making the 

existing final subset determination approach in the literature ineffective. Therefore, 

this method produces a poor quality subset. Thus, developing metaheuristic-based 

feature clustering algorithm will have the ability to explore and exploit the search 

space and obtain good feature groups.  Additionally, utilising the feedback of the 

learning process' to change the threshold value in accordance with the dataset and 

search stage, can improve the proposed threshold in the literature. A new approach 

with the ability to automate the final subset determination can be developed. The 

methodology of this study is presented in the next chapter.  
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CHAPTER THREE                                                              

RESEARCH METHODOLOGY 

 

3.1 Introduction  

The selection of an appropriate research methodology is essential as it has a significant 

influence on the validity of the outcome. A methodology enables the formulation of 

the path to be used in conducting the study and reporting the findings.  

This chapter presents the methodology of the study to produce the proposed EGCACO 

algorithm. The methodology that is involved in this study is organized as follows. 

Section 3.2 describes the research framework. The methodology, techniques, and 

proposed algorithms are explained in Section 3.3. The datasets and the classifiers 

together with the evaluation criteria are discussed in Section 3.4. Finally, Section 3.5 

presents a summary of the chapter. 

3.2 Research Framework 

The research framework aims to provide a direction in achieving the research 

objectives. It represents the guideline of the proposed study. The research framework 

as shown in Figure 3.1 includes four stages. The first stage is enhancing the clustering 

method in the MGCACO algorithm. This includes grouping highly correlated features 

using the ACO algorithm. The second stage focuses on developing an adaptive 

threshold value selection technique that makes use of an adaptation criterion as well 

as ACO ideas. The third stage focuses on developing an information-based method in 



79 

 

automatically identifying the final subset using GA principles. Finally, the fourth stage 

focuses on the evaluation of the proposed algorithm. 

 

Figure 3.1: Research framework 
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3.3 Research Method 

In the area of FS algorithm development, the common methodology that is used is the 

experimental methodology (Kabir et al., 2012; Nemati et al., 2009; Wang et al., 2015). 

In this study, there are three (3) enhancements in MGCACO that have been made as 

shown in Figure 3.2. The first stage deals with the enhancing and clustering of highly 

correlated features. The ACO algorithm has been customized for this purpose. In the 

second stage, an adaptive threshold technique that guides the ACO subset construction 

has been designed. The final stage focuses on developing a fully automatic technique 

in determining the final subset. This has been based on GA principles and information 

on the features.  

 

Figure 3.2: Block diagram of the enhancement in MGCACO algorithm  
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The stages in the proposed MGCACO are presented in the following sections. 

3.3.1 Ant Colony Optimisation for Features Clustering 

This section discusses the ACO algorithm to solve the issue of feature clustering. The 

main difference between the proposed ACO-based feature clustering and the existing 

ACO-based clustering is that the proposed method adapts the ACO to construct 

clusters of features depending on the data features (i.e. an ant starts with an empty 

solution string S of length N where each element of the string corresponds to one of 

the test features).  In the existing ACO, the data samples are used to construct a cluster 

of samples (i.e. an ant starts with an empty solution string S of length N where each 

element of the string corresponds to one of the test samples). Thus, the goal is to 

achieve the optimal distribution of 𝑁 features into one of the 𝐾 clusters to minimize 

the sum of squared Euclidean distances among each feature and the cluster centre. The 

algorithm deals with a number of ants, A, to construct solutions. An 𝑆 represents an 

empty solution string of 𝑁 length where each element of string corresponds to one of 

the test features. The value assigned to a solution string element 𝑆 reflects the number 

of clusters to which the test sample is allocated in 𝑆. For example, Figure 3.3 shows 

𝑆1 constructed for 𝑁 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 =  10 and 𝐾 𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠 =  3 as a representative of a 

solution string.  

 

Figure 3.3: Example representing a solution 
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String cluster number 2 is assigned to the first feature and cluster number 1 assigned 

to the second feature and so forth. The ant assigns a cluster number to each feature in 

string S in one of the following ways: 

The first process is referred to as exploitation where the cluster with the highest 

pheromone concentration is selected using probability. The second process is referred 

to as biased exploration where one of the K clusters utilises a stochastic distribution 

and a probability. Then, a local search procedure is applied since the heuristic 

information of the features is not available. For this purpose, the best 20% of the total 

solutions will be enhanced by the local search procedure. After the local search 

procedure is completed, the ant utilises the pheromone trail information to construct a 

solution that assigns each feature in string 𝑆 to an appropriate cluster label. At the 

beginning of the process, the matrix of the pheromone is initialised to a small value, 

𝜏0. The position (𝑖, 𝑗) is assigned with a trail value of 𝜏𝑖𝑗, which represents the feature 

pheromone concentration 𝑖 associated with cluster 𝑗. The size of the pheromone matrix 

is 𝑁 ×  𝐾 for the problem of distributing 𝑁 features into 𝐾 clusters. Therefore, each 

feature is correlated with the concentration of pheromone 𝐾. The trail matrix of 

pheromone improves as it iterates. At any iteration level, each ant will improve the test 

solutions using a pheromone-mediated communication process with a view to obtain 

a near-optimal partition of the 𝑁 test features into 𝐾 groups that satisfy the given 

objective. The matrix of the pheromone is then updated according to the quality of the 

solutions provided by the ants. Therefore, the updating of the pheromone matrix will 

guide the ants to construct improved solutions and repeat the above steps for a 

particular number of iterations. This type of metaheuristic feature clustering algorithm 
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is as shown in Figure 3.4 which enhanced the performance of the MGCACO 

algorithm, that concentrates on the search space within promising areas by 

implementing global search, local search, and pheromone matrix. 

 

Figure 3.4: Proposed ACO algorithm for feature clustering 

3.3.2 Adaptive Technique for Parameter Control  

The adaptive technique is presented to determine the suitable threshold value based on 

the data. The proposed enhancement is related to the work of Ghimatgar et al. (2018) 

in the MGCACO algorithm that uses a fixed threshold value. Therefore, an ACO 

algorithm is used in this study to optimise the value of the parameter, 𝜀. Thus, 

developing an ant selection technique adaptively based on the heuristic and pheromone 

information. As shown in Figure 3.5, the ACO algorithm follows the procedures of 

pheromone initialisation, ant selection procedure, and pheromone updating rule to 

control the selection of ε value. The ant selection procedure is used to simultaneously 
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select the 𝜀 value based on either the amount of pheromone or randomization. 

Stochastically, the selection of a single parameter value has been done by ACO. 

Subsequently, during the learning process of the proposed algorithm, the quality of 

each discovered feature subset is gathered (i.e., to be used as feedback) as a result of 

the search behaviour. Then, to guide the search process, these feedback indicators are 

used for pheromone updating. The transition probability of ACO is utilised to decide 

whether or not the current 𝜀 value has to be dominated. The process is then repeated 

in the learning process of the proposed algorithm. 

 

 

Figure 3.5: Adaptation technique of a threshold value 
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3.3.3 Genetic-based Subset Determination 

In general, the method aimed at increasing classification accuracy while ensuring the 

selected feature subset size is kept as low as possible, which requires the determination 

of the optimum subset size in any dataset. With the different sizes of datasets, the 

automatic finding of the appropriate subset calculated using the quality is more 

effective than the parameter specified by the user. Therefore, this study adopts the GA 

algorithm (i.e., initial population and crossover) to determine the final subset based on 

the crossover and subset quality calculation. The subset selection processes entail 

crossover (i.e., exchanges) among a generated temporary array and the current original 

features array. Specifically, a single random-point crossover is utilised to swap the 

features among the arrays (the generated temporary array and the feature array), as 

illustrated in Figure 3.6. 

 

Figure 3.6: Single point crossover 

In this process, a random point is generated. All the features after the generated point 

will be crossed from the first parent to the second parent which creates two offspring. 

The first offspring contains features that have the highest amount of pheromone while 

the second offspring contains the rest of the features that have the lowest amount of 

pheromone. The quality of the new offspring (i.e., feature subset) is evaluated and 
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compare with the quality of the previous feature subset (i.e., parent). If the new subset's 

quality is higher than the previous subset's, the former will take the place of the latter. 

Then, this procedure is repeated until the termination condition is satisfied. To 

optimise the optimal feature subset using the GA algorithm, a block diagram schema 

is employed as shown in Figure 3.7. Notably, the proposed method requires predefined 

size of target subsets in any dataset that will be used. 

 

Figure 3.7: Process of GA-based subset optimisation 

3.4 Performance Evaluation 

Evaluation of the proposed algorithm EGCACO is carried on 18 UCI and nine (9) 

microarray datasets with different features size. Several experiments that measure the 

classification accuracy are conducted to achieve a subset that represents the final 

features. Generally, in evaluating the efficiency of the FS algorithms, the measurement 

of the classification accuracy is utilised.  
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To achieve stable estimates and relative accuracy, 10 independent runs are 

implemented to obtain the classification accuracy for the UCI datasets and, in each 

experiment, holdout method with 80% of the normalized datasets is used for the 

training set and 20% of the datasets are for the testing set. the training set is utilised to 

determine the final feature subset, while the test set is to evaluate the accuracy of the 

selected features. The proposed EGCACO algorithm is compared with HSGW 

(Mafarja et al., 2020), RSGW (Mafarja et al., 2020), ASGW (Mafarja et al., 2020), 

BGWOPSO, WOA-CM (Mafarja & Mirjalili, 2018), bALO-QR and WOASA 

(Mafarja et al., 2020;  Mafarja & Mirjalili, 2018).  

In the experiment for the microarray datasets, the 10-fold cross-validation approach is 

used as adopted in the benchmarked algorithms (Manita & Korbaa, 2020) while 100 

independent runs are employed. In the 10-fold cross-validation approach, the dataset 

is partitioned into ten (10) subgroups of the same size. The learning stage employs (9) 

nine groups, whereas the testing stage employs the remaining group. To ensure that all 

groups are utilised in both stages, the learning and testing stages are employed ten (10) 

times with a different group for testing. Additionally, the proposed EGCACO 

algorithm is compared with TGA (Too et al., 2018), GWO (Emary et al., 2016b), ASO 

(Too & Abdullah, 2020), PSO, HHO, GA, DE (Engelbrecht & Pampará, 2007), and 

BA (Al-betar et al., 2019). 

The performance of all algorithms is also evaluated in terms of the number of selected 

features. In general, the least number of features for the same accuracy indicates the 

best algorithm. The nonparametric Friedman test is used in conjunction with the Holm 

post-hoc test to identify the best combination between the number of selected features 
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and the classification accuracy (Al-behadili et al., 2020a; Demsar, 2006; Liang et al., 

2016; Salama & Freitas, 2012; Lei Yang et al., 2015, 2016). The average classification 

accuracy rank versus the average number of selected features rank for all algorithms 

is then obtained using the outcome of the nonparametric Friedman test with Holm's 

post-hoc test. The test is conducted to rank which algorithms performed best for each 

dataset. Good algorithm performance is indicated by a small rank value (Yang et al., 

2016). The test is meant to determine the best algorithm that achieves a balance 

between the number of selected features and classification accuracy. As an illustration, 

algorithm A outperforms algorithm B if and only if the two criteria are met: first, A 

must not perform worse than B in terms of both metrics, i.e., the number of selected 

features and classification accuracy. The second criterion, A completely outperforms 

B in at least one objective (Otero et al., 2013a). As a result, algorithm A will only be 

the best algorithm if no other algorithm dominates it (Ghosh & Nath, 2004). 

3.4.1 Dataset 

Experiments are conducted on different benchmark classification problems (i.e., UCI 

and microarray datasets) available in the literature (Agrawal et al., 2021; Ghimatgar et 

al., 2018; Jaddi & Abdullah, 2021; Mafarja et al., 2020; Manbari et al., 2019b; Moradi 

& Rostami, 2015b) to demonstrate the efficacy of the proposed method. Table 3.1 

summarizes the characteristics of the datasets. Detailed descriptions are available in 

the UCI machine learning repository (Bache & Lichman, 2013) while the microarray 

datasets are accessible in Li et al. (2017) .  
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Missing values for each attribute are replaced with the mean of the available data 

(Theodoridis & Koutroumbas, 2009). A non-linear method of normalization, i.e., 

SoftMax Scaling (Theodoridis & Koutroumbas, 2009), was utilised to scale the 

datasets into the range [0 1]. 

Table 3.1 

 Main dataset features to be used in the experiment 
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1 Breastcancer 9 699 2 Biological √ - - - 

2 Tic-tac-toe 9 958 2 Game √ - - - 

3 Exactly 13 1000 2 Biological √ - - - 

4 Exactly2 13 1000 2 Biological √ - - - 

5 HeartEW 13 270 2 Biological √ - - - 

6 M-of-n 13 1000 2 Biological √ - - - 

7 WineEW 13 178 3 Chemistry √ - - - 

8 CongressEW 16 435 2 Politics √ - - - 

9 Vote 16 300 2 Politics √ - - - 

10 Zoo 16 101 6 Artificial √ - - - 

11 Lymphography 18 148 2 Biological √ - - - 

12 SpectEW 22 267 2 Biological - √ - - 

13 BreastEW 30 569 2 Biological - √ - - 

14 Ionosphere 34 351 2 Electromagnetic - √ - - 

15 KrVsKpEW 36 3196 2 Game - √ - - 

16 WaveformEW 40 5000 3 Physics - √ - - 

17 Sonar 60 208 2 Biological - - √ - 
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18 PenglungEW 325 73 2 Biological - - - √ 

M
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19 CLL_SUB_111 11340 111 3 Biological - - - √ 

20 Colon 2000 62 2 Biological - - - √ 

21 Leukemia 7070 72 2 Biological - - - √ 

22 Lung 3312 203 5 Biological - - - √ 

23 Lung_discrete 325 73 7 Biological - - - √ 

24 Lymphoma  4026 96 9 Biological - - - √ 

25 nci9  9712 60 9 Biological - - - √ 

26 Prostate_GE  5966 102 2 Biological - - - √ 

27 SMK_CAN_187  19993 187 2 Biological - - - √ 

 

The listed datasets vary in the instance numbers (from 60–5000), attribute numbers 

(from 9–19993), and class labels (from 2-9). The datasets are chosen from five (5) 

application domains to solve several challenging issues in different application 

domains effectively. The biggest size (70.37%) belongs to the biological domain, 

where (52.94%) from these datasets are related to the microarray application domains. 

 

The size of the dataset can be divided into four categories based on the number of 

attribute: small, medium, high, and very high (Kudo & Sklansky, 2000). The least 

number of datasets (3.7%) are classified as having high number of attributes (between 

50 and 100). While 40.74 % percent of the datasets are classified as small, with 

attributes ranging from 0 to 20, 18.51 % of the datasets have medium number of 

attributes (in the range of 20–50). The remaining datasets with the highest percentage 

(37.03%) are datasets that have 100 and more attributes. 
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3.4.2 Classifier and Evaluation Criteria 

To show the generality of the proposed method, several well-known benchmark 

classifiers are used in the evaluation process (Agrawal et al., 2020; Ghimatgar et al., 

2018; Guha et al., 2020; Long et al., 2021; Manbari et al., 2019b; Mohammadzadeh & 

Gharehchopogh, 2021; Moradi & Rostami, 2015b). The classifiers comprise Random 

Forest, k-NN, Decision Tree, and Support Vector Machine. These classifiers are 

implemented in the WEKA software package (Hall et al., 2009).  

Accuracy is an effective way of validating FS methods using each classifier’s 

performance (Aarabi et al., 2006). Therefore, it is utilised to evaluate the generated 

feature subsets and it is computed using equation (3.1) as follows:  

𝐴𝐶 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
        (3.1)  

      

where TN, TP, FN, and FP are the confusion matrices that describe the classification 

results (true or false). 

• TN: The model predicted a negative value and the actual value is negative 

• FN: The model predicted a negative and result is false 

•TP: The model predicted a positive value and the actual value is positive 

• FP: The model predicted a positive, and result is false 

 

Table 3.2 shows the possible cases in identifying the cases. 
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Table 3.2 

 Confusion Matrices 

Predicted 
Values 

 Actual Values  
 Positive Negative  

Positive TP FP  
Negative FN TN  

 

However, accuracy does not give relevant information to determine the durability rate 

of the findings. Other performance measures that have been utilised to evaluate the 

proposed algorithm are precision, F-measure, and recall (Manbari et al., 2019b). F-

measure is calculated using equation (3.2) as follows: 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
     (3.2) 

Recall is the number of TP divided by the sum of FN and TP. Precision is the number 

of TP separated by the number of FP and TP.  

3.5 Summary 

A framework has been introduced in this chapter to fulfill the main objectives. The 

ACO for clustering and automatic parameter adaptation technique are proposed as a 

new mechanism to enhance the performance of the MGCACO algorithm for 

dimensional reduction of several types of datasets including the microarray data. 

Additionally, different classifiers with evaluation criteria have been suggested to 

evaluate the proposed algorithm. 
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CHAPTER FOUR                                                                   

PROPOSED ENHANCED GRAPH CLUSTERING WITH ANT 

COLONY OPTIMISATION ALGORITHM FOR FEATURE 

SELECTION 

4.1 Introduction 

The proposed EGCACO is based on the MGCACO algorithm which has three (3) main 

drawbacks. The first drawback is the feature clustering stage which is easily trapped 

into local optimum. Such a disadvantage leads to losing the diversification in the 

search (global search) which impacts the MGCACO algorithm and results in the 

production of a low-quality subset of features. To guarantee the precision of the 

feature’s subset, a metaheuristic algorithm is utilised to provide intensification and 

diversification in the search process. The second drawback is the lack of setting 

(predefined) the appropriate threshold value for a parameter that is responsible for 

guiding the ACO selection of the features from the clusters. This drawback leads to 

not consider the relevance, dependency, and homogeneity among the features in the 

search spaces. Thus, an ACO-based adaptive feature selection technique is redesigned 

to maximize dependency and minimize redundancy among the features. Lastly, the 

MGCACO algorithm lacks the attempt to optimise the subset determination that is 

responsible for selecting the final subset of features where it still requires a predefined 

parameter. Therefore, this will not guarantee optimal performance in determining the 

accurate subset. Consequently, the automated selection of the final subset is carried 

out based on a characteristic of metaheuristic population-based optimisation, where 

the subset can be generated automatically rather than being static or specified by the 

user. 
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The proposed EGCACO algorithm is constructed based on the MGCACO algorithm 

which is a variant of the GCACO algorithm. The three drawbacks of MGCACO 

algorithm are also the drawbacks of GCACO (Ghimatgar et al., 2018; Moradi & 

Rostami, 2015b). Section 4.2 presents the enhanced clustering of the GCACO 

algorithm (EC-GCACO) based on the concepts and components of the ACO-based 

clustering method to improve the feature grouping quality. Section 4.3 introduces the 

adaptive GCACO algorithm (A-GCACO) as an FS algorithm with an adaptive 

technique for ant selection to construct the appropriate subset of features through the 

process of learning. Section 4.4 provides the genetic GCACO algorithm (G-GCACO) 

that determines the final subset automatically and overcomes the limitation of the 

existing technique. Section 4.5 illustrates on the combination of the aforementioned 

components to construct the proposed EGCACO algorithm. Finally, Section 4.6 

summarizes the chapter. 

4.2  ACO-based Features Clustering  

The ACO-based features clustering reports the application of the ant algorithm concept 

that aims to achieve the optimal distribution of N features into one of the K clusters 

thus grouping highly correlated features into the same group. The ants’ concept starts 

with strings representing an empty solution S, the length N (number of dataset features) 

where each element of string corresponds to one of the test features. Before the first 

iteration, the components of the pheromone matrix are all initialised to the same 

amounts. The elements of the pheromone matrix are updated as iterations proceed, 

based on the goodness of solutions produced. To construct solution S, the ant chooses 

a cluster number for each feature of string S in one of the following ways: 
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The cluster with the highest pheromone concentration is selected using probability 𝑞0, 

where 𝑞0 is a predefined constant number in the range [0 1], and/or one of the K 

clusters utilizing a stochastic distribution and a probability of (1 − 𝑞0), indicated as 

𝑝𝑖𝑗. 

The latter is referred to as biased exploration, while the first process is referred to as 

exploitation (Gambardella & Dorigo, 2000). The clusters with the highest pheromone 

concentration will be chosen in the first procedure if the random numbers q (i.e., q is 

equal to the length of the solution string and is generated at random from a uniform 

distribution in the range [0 1] ) corresponding to these features are less than 𝑞0. On the 

other hand, if the features' corresponding random numbers q are greater than the 𝑞0, 

the features will be allocated to one of the clusters using the second procedure with a 

normalized pheromone probability to 1 given by (Shelokar et al., 2004): 

𝑝𝑖𝑗 =  
𝜏𝑖𝑗

∑ 𝜏𝑖𝑘
𝑘
𝑘=1

, 𝑗 = 1, … , 𝑘          (1) 

where 𝑝𝑖𝑗 denotes the normalized pheromone probability for feature i within cluster j. 

The value of the objective function for a given feature clustering is used to measure 

the quality of the solution constructed. The sum of squared Euclidean distances among 

each feature and the centre of the belonging cluster is utilised to determine this 

objective function. In ℜ𝑛 dimensional space consider a given dataset of N features 

{𝑥1, 𝑥2, . . . , 𝑥𝑛} to be partitioned into a number, K comprises groups or clusters. The 

mathematical formulation of the feature clustering can be defined as (Shelokar et al., 

2004): 
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𝑀𝑖𝑛 𝐹(𝑤, 𝑚) =  ∑ ∑ ∑ 𝑤𝑖𝑗
𝑛
𝑣1

𝑁
𝑖=1

𝑘
𝑗=1 ‖𝑥𝑖𝑣 − 𝑚𝑗𝑣‖

2
         (2) 

in such a manner that 

∑ 𝑤𝑖𝑗
𝑘
𝑗=1 = 1, 𝑖 = 1, … , 𝑁          (3) 

∑ 𝑤𝑖𝑗
𝑁
𝑖=1 ≥ 1, 𝑗 = 1, … , 𝐾          (4) 

where 𝑥𝑖𝑣 denotes as the value of vth attribute of ith feature, m is the centre of cluster 

matrix of size K × n, 𝑚𝑗𝑣 indicates the mean of the vth attribute values of all features 

within cluster j, w is the weight matrix of size N × K, 𝑤𝑖𝑗 denotes as correlated weight 

of feature 𝑥𝑖 with cluster j which can be assigned as:  

𝑤𝑖𝑗 = {
1 𝑖𝑓 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑖 𝑖𝑠 𝑤𝑖𝑡ℎ𝑖𝑛 𝑖𝑛 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑗 

 
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 

𝑖 = 1, … , 𝑁, 𝑗 = 1, … , 𝐾 

After getting 𝑤𝑖𝑗’s, each cluster centre 𝑚𝑗 can be obtained as (Shelokar et al., 2004): 

 

𝑚𝑗𝑣 =  
∑ 𝑤𝑖𝑗 𝑥𝑖𝑣

𝑁
𝑖=1

∑ 𝑤𝑖𝑣 𝑁
𝑖=1

, 𝑗 = 1, … , 𝐾, 𝑣 = 1, … , 𝑛         (5) 

 

https://www.wordhippo.com/what-is/another-word-for/in_such_a_manner_that.html
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Thus, Equation (2) can be used to calculate the fitness value (objective function) of a 

given solution string S knowing the centre of the cluster matrix m and weight matrix 

w. For example, Figure 4.1 shows 𝑆1 constructed for N = 10 for and K = 3  as a 

representative of a solution string.  

 

Figure 4.1: Solution representation 

String cluster number 2 is assigned to the first feature and cluster number 1 is assigned to the 

second feature and so forth. Since the heuristic information of the features is not 

available, the local search method will enhance some of the obtained solutions. For 

this purpose, on a few percent of L solutions (best 20% percent of the total solutions), 

a local search procedure is applied. Thus, to conduct local search, the fitness values of 

the selected subset of the population are sorted in ascending order. Then, on the highest 

L solutions in terms of fitness values (lowest values in terms of objective function), a 

simple local search procedure is implemented. During the local search procedure, the 

cluster number of each feature in the solution string is changed with a certain threshold 

probability in the range [0 1]. Thus, a random number is generated between (0,1) for 

each feature, then if the random number corresponding to the feature is less than the 

threshold probability, the feature is assigned a different cluster number with similar 

probability to the rest of the clusters through generating a random number. For 

illustration Figure 4.1 is referred. For the threshold 𝑝 =  0.01 and using the topmost 

solution string, the generated random value that corresponds to the sixth feature should 
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be less than the threshold which indicate cluster number 2. Therefore, it has to be 

assigned to either cluster number 1 or 3 with equal probability by generating a random 

number. After the local search is completed, the fitness values for the newly created 

solutions are obtained using Equation (2), where only certain solutions that have an 

improvement in fitness will be accepted and replaced. Figure 4.2. displays the 

procedure of the local search method for ACO-based feature clustering. 

 

 

 

 

 

 

 

 

 

Figure 4.2: Pseudocode of the local search for ACO-based feature clustering method 

 
The pheromone matrix is updated after the local search procedure is completed. The 

usefulness of dynamic information generated by the ants' search mechanism is 

reflected in this pheromone updating rule. As a result, the pheromone updating rule is 

an adaptive memory, storing information obtained by previously discovered superior 

solutions and updating it at the end of each iteration. Thus, at iteration level t, the 

pheromone updating rule is implemented to the best L solutions out of all solutions 

found by the ants based on the given criteria (Equation. (2)). By assigning some real 

numbers 𝜏𝑖𝑗 correlated with solution attributes, these L ants simulate the pheromone 

With the probability threshold of the local search 𝑝𝑙𝑠 in [0 1], a neighbor of 𝑆𝑘, 
𝑘 =  1, . . . , 𝐿 is produced as: 
1 k =1 
2 Generate temporary solution 𝑆𝑡, 𝑆𝑡(𝑖) = 𝑆𝑘(𝑖), 𝑖 =  1, . . . , 𝑁.  
3   For each feature i of 𝑆𝑡 
4     if 𝑟 ≤ 𝑝

𝑙𝑠
 // 𝑟 a random number in (0, 1) 

5    Randomly select j in the range (1, number of clusters), 𝑆𝑘(𝑖)  ≠  𝑗, 𝑆𝑡(𝑖)  =  𝑗  
6    Calculate cluster centres of 𝑆𝑡(𝑖), Eq. (16)  
7   Calculate Fitness of 𝑺𝒕(𝒊), Eq. (13) as 𝑭𝒕 
8   If 𝑭𝒕  <  𝑭𝒌  
9     𝑺𝒌(𝒊) = 𝑺𝒕(𝒊) and 𝑭𝒌  <  𝑭𝒕 
10   𝒌 =  𝒌 +  𝟏; If k ≤ L go to step (2), else stop 
11 If 𝒌 ≤  𝑳 go to step (2), else stop 
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trail deposition of real ants. The pheromone trail is updated utilizing the following rule 

(Shelokar et al., 2004): 

𝜏𝑖𝑗(𝑡 + 1) = (1 − 𝜌)𝜏𝑖𝑗(𝑡) + ∑ ∆𝜏𝑖𝑗
𝑙𝐿

𝑙=1     

𝑖 = 1, … , 𝑁, 𝑗 = 1, … , 𝐾                         (6) 

where the ρ value is between [0 1], (1 − ρ) indicates the pheromone decay parameter 

in order to avoid infinite aggregation of a specific parameter value, ∆𝝉𝒊𝒋
𝒍  is the 

additional pheromone boost and it is equal to 1/𝐹𝑙, if cluster j is allocated to ith feature 

of the solution produced by ant one and zero otherwise. An optimal solution is one that 

minimizes the value of the objective function. In each iteration, if the solution 

produced as "current iteration best solution" has a lower objective function value than 

the best solution in memory, the value of the best solution in memory is updated. 

Consequently, the algorithm basically executes three steps at every iteration stage. (1) 

The ants construct new solutions by using the updated pheromone trail information 

obtainable from the beforehand iteration, (2) executing a local search on the newly 

constructed solutions, and (3) performing the pheromone updating rule. Until a 

specified number of iterations, these three steps are repeatedly carried out. Then, the 

solution with the highest fitness value (lowest objective function value) takes the place 

of the optimal separating of features in a particular dataset into various clusters. Until 

a specified number of iterations, these three steps are repeatedly carried out. Then, the 

solution with the highest fitness value (lowest objective function value) takes the place 

of the optimal separating of features in a particular dataset into various clusters. The 

pseudocode depicted in Figure 4.3 is the ACO-based feature clustering method.  
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In this pseudocode, the number of clusters, 𝐾𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠, is fixed and assigned to 3, and 

the size of the population, 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑠𝑖𝑧𝑒, is 50.  

 

 

 

 

 

 

 

Figure 4.3: Pseudocode of ACO-based feature clustering method 

4.3 Adaptive Feature Selection Technique 

The adaptive selection technique reports the application of ACO concept which 

collects the feedback from the subset selection process to adapt the threshold of 

picking the features from the clusters in the MGCACO. Thus, the threshold value 

called ε, can be automatically determined rather than being determined by the user. A 

state transition probability function is used to select the ε value based on the amount 

of pheromone and heuristic. Stochastically, the selection of a single parameter value 

is conducted by ACO. Subsequently, during the learning process of the proposed 

algorithm, the quality collected for each discovered feature subset and the quality of 

1 Input: 𝐴𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑟𝑠 , 𝐾𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠, 𝐷𝑎𝑡𝑎𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 

2 Output: SbestClustering 

3 Initialise Population, Pheromone matrix 

4    While ≠StopCondition ( ) do 

5       For 𝑖 =  1 𝑡𝑜 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑠𝑖𝑧𝑒 

6         Construct solution using pheromone trail 

7        Compute weights of all test features, and cluster centres 

8        Compute clustering metric and assign it as objective function value of              

v                       solution 

9      End For 

10     Select best solution out of all solutions using objective function values 

11    Compute the local search on the selected best solutions //(Figure 4.2) 

12    Update pheromone trail matrix using best solution 

13   End While 
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the significant feature subset are determined as feedback collection. Then, to guide the 

search process, these feedback indicators are transformed into reward assignments.  

To determine whether the current 𝜀 value is dominated or not, the transition probability 

of ACO is utilised. Consequently, significant features that can maximize dependency 

and minimize redundancy among the features are chosen by the ants based on the value 

of a parameter, ε, to be included in the feature subset. Three steps are comprised in the 

ACO-based selection process to enhance the selection of the appropriate ε value to 

guide the subset construction, which is the pheromone initialisation, ant selection, and 

pheromone updating rule as described below. 

Pheromone initialisation: To establish the feature selection process, the pheromone 

initialisation requires two vectors to implement the feedback collection of EGCACO. 

The first vector represents the quality of the threshold parameter values, referred to as 

𝜏𝑝𝑛  = { 𝜏𝑝1, 𝜏𝑝2, 𝜏𝑝3, . . . , 𝜏𝑝𝑛}, which reflects the different 𝜀 values initiated using the 

proposed equation.  

𝜏𝑝𝑛 =  ∅          (7) 

where ∅ is a constant number at time 𝑡 = 0 that can be set to any value in the range [0 

1]. The second vector denotes the quality amount assigned to each feature and is 

represented as 𝜏𝑓𝑛  =  { 𝜏𝑓1, 𝜏𝑓2, 𝜏𝑓3, . . . , 𝜏𝑓𝑛}. At time 𝑡 = 0, the pheromone 

initialisation is determined by performing the relevance of attributes to classes. Higher 

priority is given to more relevant features. Therefore, the MI among any feature (𝑓𝑑) 

and classes is computed for this purpose as in (Ghimatgar et al., 2018): 
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𝑀𝐼 (𝑑) =  ∑ ∑ 𝑝(𝐹𝑑 [𝑚]. 𝑘) 𝑙𝑜𝑔 
𝑝(𝐹𝑑[𝑚].𝑝(𝑘)

𝑝(𝐹𝑑 [𝑚].𝑘)
𝑐
𝑘=1𝑚           (8) 

where 𝐹𝑑[𝑚] is the discretizing value of the dth feature for bin 𝑚 = [1,2, … . , 𝑀], in 

which M (number of bins) is set to 10 in the MGCACO algorithm. The probability of 

the kth class is 𝑝(𝑘) and the number of classes is k. 

Ant selection: When the ACO algorithm starts, two selection stages will be 

implemented. In the first stage, each ant selects a parameter (node) that represents its 

direction in time t, which is determined by the proposed probability Equations (9) and 

(10). 

𝑃(𝑎𝑛) = {
𝑎𝑟𝑔  𝑚𝑎𝑥𝑎𝑛 ∈ 𝑃 𝑖𝑓 𝑞 <  𝑞0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
        (9)     

where 𝑃(𝑎𝑛) is denoted as the probability for each parameter value and 𝑃(𝑎𝑛)  =

 { 𝑎1, 𝑎2, 𝑎3, . . . , 𝑎𝑛} determines the selection probability of each ε value. q is the 

parameter in the range [0 1]. The predefined constant, 𝑞0, is a random number. In the 

probabilistic method, the ant selects the next parameter with a new probability of 𝑃𝑛 

calculated as follows: 

𝑃𝑛 = {
[𝜏𝑝𝑛(𝑡)]

𝛼
 [𝜋𝑛]𝛽

∑ [𝜏𝑝𝑛(𝑡)]
𝛼

 [𝜋𝑛]𝛽ℒ
𝑛=1

 𝑖𝑓 𝑞 >  𝑞0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

           (10) 

where α and β represent the significant predefined constant parameter value in the 

range [0 1] of both the pheromone and the heuristic information, respectively. [𝜏𝑝𝑛(𝑡)] 
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is the quantity of quality correlated with each threshold value, while [𝜋𝑛] indicates the 

heuristic information that is calculated for this purpose as: 

𝜋𝑛 =  
1

𝑃(𝑣𝑛)
           (11) 

where 𝑃(𝑣𝑛) indicates the threshold value for each parameter and 𝑃(𝑣𝑛)  =

 { 𝑣1, v, 𝑣3, . . . , 𝑣𝑛} determines the initialisation of each ε value between [0 1]. Thus, 

according to Equation (10), one of the parameters is selected corresponding to its 

probability value by using roulette wheel selection.  

In the second stage, each ant begins to construct the feature subset from a group of 

clusters that are generated based on the Louvain algorithm for community detection. 

As a result, in each iteration of a completely connected undirected graph, the 𝑗𝑡ℎ ant 

picks at random at least one attribute from the cluster in its route. Then, the ant chooses 

the next feature from an unique cluster by using probabilistic decision rules based on 

both probability and greedy process with the dependency on the chosen parameter ε 

value (produced in the first stage); otherwise, the ant remains in the current cluster. If 

𝑞0 is less than q, then the 𝑗𝑡ℎ ant chooses the next feature by following the greedy 

method as (Moradi & Rostami, 2015b). 

𝐹𝑛𝑒𝑥𝑡 = 𝑎𝑟𝑔 𝑚𝑎𝑥
𝐹𝑑∈𝑈𝐹𝑚

𝑗  {𝜏𝑓𝑖(𝐹𝑑))𝛼. 𝜋(𝐹𝑑, 𝑉𝐹𝑗)𝛽 }        (12) 

where 𝑈𝐹𝑚
𝑗  is the set of features that has not yet been reached by the 𝑗𝑡ℎ ant in the 

existing cluster (𝑚𝑡ℎ cluster), 𝜏𝑓𝑖 is the pheromone quantity value correlated with 

feature (𝐹𝑑), 𝑉𝐹𝑗 indicates the previously selected features (visited features), and 
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𝜋(𝐹𝑑 , 𝑉𝐹𝑗) denotes the heuristic information function which is defined as follows 

(Ghimatgar et al., 2018) : 

𝜋(𝐹𝑑 , 𝑉𝐹𝑗) =  𝐹 − 𝑆𝑐𝑜𝑟𝑒(𝐹𝑑) −
1

𝑁𝑉𝐹𝑗

 ∑ 𝑤(𝐹𝑑, 𝐹𝑚)
𝑁𝑉𝐹𝑗

𝑚=1       (13) 

where 𝑁𝑉𝐹𝑗
 is the size of 𝑉𝐹, 𝑤(𝐹𝑑 , 𝐹𝑚) indicates the values of the Pearson correlation 

(Saidi et al., 2019) among feature 𝐹𝑑 and feature 𝐹𝑚 that are obtained from all the 

features (𝑉𝐹𝑗) visited by the jth ant from all priors clusters computed as: 

𝑤(𝐹𝑑, 𝐹𝑚)  = |
(𝐹𝑑−𝐹𝑚)−(𝐹𝑑−𝐹𝑚)

√(𝐹𝑑−𝐹̅𝑑)2(𝐹𝑚−𝐹𝑚)2
|          (14) 

Where 𝐹̅𝑑 and 𝐹̅𝑚 denote the vectors of features, 𝐹𝑑 and 𝐹𝑚 are completely uncorrelated 

if 𝑤(𝐹𝑑, 𝐹𝑚) has a value equal to 0 or correlated if 𝑤(𝐹𝑑, 𝐹𝑚) has a value equal to 1. 

The similarity values among features are identical to each other in most cases. Thus, 

to reduce the influence of outliers without excluding them from the distribution of 

weights a nonlinear normalization method named SoftMax Scaling is utilised to scale 

the weight 𝑤(𝐹𝑑, 𝐹𝑚) of the edge to the range [0 1] as follows (Theodoridis & 

Koutroumbas, 2009):  

𝑤̂𝑑𝑚 =
1

1+𝑒𝑥𝑝(
𝑤𝑑𝑚−𝑤̅

𝜎
)
           (15) 

Where 𝑤̂𝑑𝑚 denotes the normalized value of 𝑤𝑑𝑚 between 𝐹𝑑 and 𝐹𝑚 features, 𝑤̅ and 

σ are the mean and variance, respectively, of all 𝑤𝑑𝑚 values. 
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In addition, 𝐹 − 𝑆𝑐𝑜𝑟𝑒(𝐹𝑑) in Equation (13) denotes the score of feature 𝐹𝑑 based on 

its relevance to the classes (Gu et al., 2011), calculated as follows: 

F − Score(𝐹𝑑) =  
∑ 𝑛𝑘

𝐾
𝑘=1 .(𝜇𝑘

𝑑−𝜇𝑑)2

∑ 𝑛𝑘 .(𝜎𝑘
𝑑)2𝐾

𝑘=1

              (16) 

where K indicate the classes number of the dataset, 𝜇𝑘
𝑑 and 𝜎𝑘

𝑑 are the variance and the 

mean of the kth class with 𝑛𝑘 samples (𝑛𝑘 is the samples number in class k), 

respectively, 𝜇𝑑 denotes the mean of the patterns in the dth feature vector. The F-Score 

values are normalized by the Softmax scaling (Theodoridis & Koutroumbas, 2009) in 

ranges 0 and 1 as in Equation (15). Features with larger F-Score have a higher ability 

of discrimination power. 

Therefore, in the greedy method, the features picked by the ants are those with 

maximum dependence and minimum parity to the features already selected on the 

target class. 

On the other hand, If 𝑞0 is larger than q, a probabilistic method for each of the features 

not visited yet in the current cluster (𝐹𝑑 ∈  𝑈𝐹𝑚
𝑗

) is defined as follows (Moradi & 

Rostami, 2015b): 

𝑃(𝐹𝑑) =  
[𝜏𝑓𝑖(𝐹𝑑)]

𝛼
 [𝜋(𝐹𝑑,𝑉𝐹𝑗)]

𝛽

∑ [𝜏𝑓𝑖(𝐹𝑑)]
𝛼

 [𝜋(𝐹𝑑,𝑉𝐹𝑗)]
𝛽

𝐹𝑑∈ 𝑈𝑚
𝑗

 𝐹𝑜𝑟 𝐹𝑑  ∈  𝑈𝐹𝑚
𝑗

       (17) 

where α and β define the significant predefined parameter value in the range [0 1] of 

both the pheromone and the heuristic information, respectively. 𝜏𝑓𝑖(𝐹𝑑) is the quantity 
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of quality correlated with each feature 𝐹𝑑, while 𝜋(𝐹𝑑, 𝑉𝐹𝑗) indicates the heuristic 

information that is calculated by Equation (13). Thus, according to the roulette wheel 

rule, the next feature would be chosen. Figure 4.4 shows the search for the best feature 

subset from the clusters using ACO. 

 

Figure 4.4: Ant selection process. 

Pheromone updating rule: Once all the ants have executed their routes on the graph, 

and before ending each iteration i, the quantity of pheromone of each selected 

parameter and feature (𝑖. 𝑒. , 𝜏𝑝𝑛(𝑡), 𝜏𝑓𝑖(𝑓𝑑)) is updated in two stages. In the first stage, 

the proposed updating rule of the selected parameters is calculated as:    

𝜏𝑝𝑥(𝑡+1) = (1 − 𝜌). 𝜏𝑝𝑥(𝑡) +  ∑ ∆𝑘
𝑖 (𝑡)𝐴

𝑘=1          (18) 

where the ρ value indicates the pheromone decay parameter to escape infinite 

accumulation with a particular parameter value, 𝜏𝑝𝑥(𝑡) and 𝜏𝑝𝑥(𝑡+1) demonstrate the 
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pheromone amounts on parameter 𝑃(𝑛) at times (𝑡) and (𝑡 + 1), respectively. A is the 

number of ants, ∆𝑘
𝑖 𝜏𝑝𝑥(𝑡) is the additional pheromone boost to parameter 𝑃(𝑛) by ant 

k, which is computed from the use of MDA as follows:  

∆𝑘
𝑖 (𝑡) =

𝑎𝑟𝑔𝑚𝑎𝑥
𝑡 ∈ 𝑀𝐷𝐴𝑘=1

𝐴  
 

𝑀𝐷𝐴𝑛
              (19) 

In the second stage, the quantity of pheromone of each feature is updated by 

implementing the updating rule below (Moradi & Rostami, 2015b): 

𝜏𝑓𝑖+1(𝐹𝑑) = (1 − 𝜌). 𝜏𝑓𝑖(𝐹𝑑) +  ∑ ∆𝑗
𝑖(𝐹𝑑)𝐴

𝑗=1             (20) 

where the ρ value indicates the pheromone decay parameter to escape infinite 

accumulation with a particular parameter value, 𝜏𝑓𝑖(𝐹𝑑) and 𝜏𝑓𝑖+1(𝐹𝑑) demonstrate 

the pheromone amounts on feature 𝐹𝑖 at times (𝑡) and (𝑡 + 1), respectively, A is the 

number of ants, ∆𝑗
𝑖(𝐹𝑑) is the additional pheromone boost to feature 𝐹𝑖 by ant j, which 

is computed from the use of MDA (Bihl et al., 2016) as follows:  

∆𝑗
𝑖(𝐹𝑑) = {

𝛾𝑗
𝑖, 𝐹𝑑 ∈ 𝐹𝑆𝑗

𝑖

0, 𝐹𝑑 ∉ 𝐹𝑆𝑗
𝑖             (21) 

where 𝐹𝑆𝑗
𝑖 is the feature chosen in the 𝑖𝑡ℎ iteration by the jth ant, 𝛾𝑗

𝑖 is denoted as 

MDA (Bihl et al., 2016) corresponding in the ith iteration to the jth chosen subset. 

Suppose 𝑁𝑓𝑠 features should be selected. At each iteration, all the features are sorted 

using Equation (22) (Ghimatgar et al., 2018). 𝑁𝑓𝑠 features are chosen and the MDA 

values identical to these features are computed using Equation (23) (Ghimatgar et al., 
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2018). If the MDA values are enhanced relative to the previous iteration, the 

pheromone values are permitted to be updated; otherwise, no change is made. 

𝑆𝑓(𝑑) =  𝜏𝑓(𝑑). 𝐹𝑠𝑐𝑜𝑟𝑒(𝑓𝑑) 𝑑 = 1,2, … , 𝐷              (22) 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑀𝐷𝐴(𝐹𝑒𝑎𝑡𝑢𝑟𝑒(1, … , 𝑁𝑓𝑠))            (23) 

The processes (ant selection, pheromone updating rule) are repeated until the iterations 

are terminated. Lastly, the features are ordered in descending order based on their 

pheromone values in order to determine the final subset. The number of features that 

will be selected is calculated by multiplying a fixed number of features, 𝜔, by the 

number of clusters, K. Figure 4.5 provides a low-level description of the A-GCACO 

technique. 

 

Figure 4.5: Pseudocode of A-GCACO technique 

Initialise Pheromone 

Initialise the threshold values ε 

1   While stopping criterion not satisfied do 

2     Position each ant in a random ε value  

3    For each ant do  

4       Calculate the probability of each ε value 

5       Select ε value by applying the state transition rule 

6       Feature subset construction by using the selected ε value 

7       Collect the feedback by evaluating the quality of the feature subset  

8       Update pheromone for the selected ε value 

9   Until every ant has built a solution  

10  End while 

 



109 

 

4.4 Genetic-based Subset Determination 

The main aim of this section is to define a new method that uses the GA principle to 

automatically determine the final subset. Genetic algorithm is because this algorithm 

does not require an initial guess, instead it requires only prior knowledge of the 

physical properties of the system, which is not bias to the final result (Ganatra et al., 

2011). The proposed method uses two algorithmic components (initial population and 

crossover). The aim of the enhancement is to obtain relevant features that will reduce 

the number of selected features in the final subset while maintaining classification 

accuracy. All of the components of the G-GCACO remain the same (as discussed in 

the previous section), except for determining the final subset, which would incorporate 

population initialisation, crossover, feature list updating, subset quality calculation, 

and stopping criteria.  

The MGCACO processes feature selection on a one-dimensional array that has a size 

equal to the number of features in the dataset, where it will divide these features into 

several clusters. Then in each iteration, each ant generates a subset as a sub-one-

dimensional array consisting of at least one feature from each cluster until all the 

clusters are visited as a stopping criterion. Each ant carries a different number of 

features. So the size of the ants is different. Once all of the ants have completed their 

travels on the graph, and before the completion of each iteration i, each generated 

subset is evaluated using MDA and the quantity of pheromone of each subset of feature 

is updated. Subsequently, the whole features in the one-dimensional array are listed in 

decreasing order, depending on the pheromone values. Lastly, the MGCACO 

generates the final subset as an integer obtaining it by multiplying the number of 
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clusters, K, by a fixed number of features, 𝜔. Figure 4.6 shows an example of the 

original procedure of the final subset determination on a wine dataset that consists of 

13 features. 

 

Figure 4.6: Example of the final subset determination using user assign parameter  

The steps in the method for subset determination are i) determination of initial 

population, ii) crossover and iii) subset selection and evaluation. 
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Initial population 

The aim of the initial population procedure in the proposed genetic-based subset 

determination is to construct a new temporary one-dimensional array (features) with 

the same size as the dataset's original features array, as shown in Figure 4.7. (e.g., wine 

dataset consists of 13 features), thus, the additional array size=13. The population size 

is fixed (i.e. two arrays), and the process for determining the final subset selects the 

sorting features in these two arrays to enhance their performance. This represents the 

exchanges (crossover) between the same features in the original features array (first 

parent) and another temporary array (second parent). The temporary array contains 0 

value which indicates the parent (i.e., temporary array) is not assign to any feature 

index. In this way, the initial population of the genetic-based subset determination 

technique is initialised.  

To produce offspring chromosomes, two arrays (i.e., two parent chromosomes) are 

combined. The procedure of selection is repeated until the termination condition is 

satisfied (number of iterations). The subset is determined implicitly by the crossover 

between the two chromosomes in this loop, where the features with the highest 

pheromone quantity is selected. The crossover operator refers to the process through 

which parent chromosomes (features) exchange genetic information in order to 

generate the optimal feature subset. 
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Figure 4.7: Initial population procedure of the G-GCACO 

Crossover 

Figure 4.8 shows the proposed crossover pseudocode. In addition, different methods 

are utilised to exchange genetic information between two individuals. In this study, 

single random-point crossover procedure (Kora & Yadlapalli, 2017) were utilised on 

the basis of Equation (24): 

𝐶𝑃𝑖…𝑛 = 𝑅𝑎𝑛𝑑(𝐿𝑖..𝑛/2) + 1          (24) 

where 𝐶𝑃𝑖…𝑛 shows the crossover point, 𝑅𝑎𝑛𝑑(𝐿𝑖..𝑛/2) is a random value in the range 

[1, 𝐿𝑖..𝑛/2], 𝐿𝑖..𝑛 indicates the size of the all features in dataset.  
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Figure 4.8: Crossover operator pseudocode 

The difference between this proposed pseudocode and the basic crossover is that two 

random values are generated according to Equation (24) instead of one value randomly 

generated in the basic crossover (Leloup et al., 1997). Then, the minimum value among 

these two values is obtained which will represent the middle section for exchange. The 

advantage of the minimum value is to decrease the number of the selected features in 

the final subset. Thus, all the features after the middle section are crossed from the first 

parent (first array) to the second parent (second array) which produce the offspring, 

i.e., child 1 with features that have the highest pheromone and child 2 with the rest of 

the features that have the lowest pheromone. An example of a single random-point 

crossover operator used in the subset determination technique on the wine dataset is 

shown in Figure 4.9. In this figure, one of the parent’s array contains the values zero. 

This concept is proposed in Al-Behadili et al. (2021), Al-behadili et al. (2020b), 

Demestichas et al. (2000) and Podgorelec et al. (2000).Assume that the random values 

are 5 and 7, respectively, and the minimum value among these two random values will 

be 5 which represents the middle section for the cross (i.e., single random-point).  

1   For each listed features set  

2       FirstValue = GetFirstPoint Equation (24); 

3       SecondValue = GetSecondPoint Equation (24); 

4      MiddleSection = Min (FirstValue, SecondValue); 

5      CrossedChild1 = Parent1(1: MiddleSection); 

6      CrossedChild2 = Parent2(MiddleSection: end); 

7   End For 
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Figure 4.9: Example of crossover operation with single random-point and the 
minimum value as the middle section  

 

Subset Evaluation and Selection 
 

In the subset evaluation, a multi-objective function known as the similarity mean 

fitness function is proposed. This function attempts to reduce the number of selected 

features while maintaining high classification accuracy. The accuracy and number of 

features provided in a solution are used to determine the fitness of a candidate solution. 

The accuracy is calculated using the separability index/Mean Decrease in Accuracy 

(MDA) as in Equation (21), while the fitness value for the proposed multi-function is 

computed utilizing the formula: 

𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝑚𝑒𝑎𝑛 𝑓𝑖𝑡𝑛𝑒𝑠𝑠 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 = 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 × (
1

𝑁𝐹
 ×  𝑀𝑒𝑎𝑛(𝑠𝑖𝑚(𝐹1, … , 𝐹𝑛)))       (25) 

 

 

where 𝑁𝐹 is the size of the subset (number of selected features), 𝑠𝑖𝑚(𝐹1, … , 𝐹𝑛) 

indicates the values of the Pearson correlation among all features in the subset. Each 

subset of feature (child) contains a list of features. Thus, according to the similarity 

mean fitness function, the proposed selection process will follow one of two rules as 
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shown in Figure 4.10. The first rule states that “if the new accuracy of the subset is 

higher than the previous subset and the number of features is less than the previous 

subset”, then the subset is the best. Otherwise, the previous subset will remain as the 

best subset. In the second rule, if two subsets have the same accuracy but different 

number of features, the subset with the fewer features will be chosen. This proposed 

selection process differs from the selection process of Leardi et al. (1992) where 

instead of considering only accuracy in selecting the best subset,  the proposed process 

takes into account both the number of selected features and the accuracy according to 

Equation (24). 

 

Figure 4.10: Selection process of the best subset 

4.5 The Proposed Enhanced GCACO Algorithm 

This section explains the EGCACO for FS based on the integration of the three 

enhancements as explained in Sections 4.2 to 4.4. The fundamental objective of this 

combination is to obtain the feature subset that balances the classification accuracy 

and the number of selected features.  

1     For each Child 

2          IF Quality (New Child) >Quality (Old Child) 

3              best = New Child 

4               Else IF Quality (New Child) = Quality (Old Child) 

5                          best = Child with the fewer features 

6                  Else 

7                         best = Old Child 

8                     End IF  

9          End IF 

10    End For 
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The proposed EGCACO algorithm is presented in Figure 4.11, where the 

improvements or the differences between the EGCACO and MGCACO algorithms are 

highlighted. The first enhancement proposes the ACO-based features clustering as a 

significant component to group highly correlated features into the same cluster. The 

ants’ concept starts with initialising the pheromone matrix for all clusters in the same 

amounts. Then, the pheromone matrix is updated on the basis of the quality of solutions 

generated. Finally, a local search method is implemented on the part of the best 

solutions to assist in locating good results. After the local search method is achieved, 

the pheromone matrix is updated to the best solutions obtained. Section 4.2 explains 

these procedures in detail. 

 

Thereafter, the second enhancement is the ACO algorithm that is used as an adaptive 

strategy to determine the threshold value ε dynamically rather than being determined 

by the user. This strategy aims to determine the threshold value with respect to 

searching complexity, selection process stages, and quality of the obtained solution. 

This control strategy uses the ACO principles and consists of three procedures 

comprising pheromone initialisation, ant selection, and pheromone updating rule 

(feedback collection).  
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Figure 4.11: Proposed EGCACO and MGCACO algorithm 
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The last enhancement is done by applying the concept of the GA to automatically 

determine the final subset rather than being statically adopted. This proposed method 

utilises three operational steps comprising initialisation, crossover, and subset 

evaluation and selection. A new proposal introduced in this technique aim to obtain 

high classification accuracy while reducing the number of selected features, as 

discussed in the G–GCACO section. Figure 4.12 shows the pseudocode of the 

enhancement’s integration in the MGCACO algorithm for FS. 
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1 Input Training dataset 

 𝐼: Number of iteration that algorithm repeated 

 𝐴: Number of ant 

 𝛾: The initial amount of pheromone for each feature  

 𝐿𝐵: lower bound to the threshold 𝜀 for remain in current cluster 

 𝑈𝐵 : upper bound to the threshold 𝜀 for remain in current cluster 

 𝜔: Parameter to determine size of final feature subset 

 𝜃: Parameter to determine the minimum edge weights of graph 

2 Output 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝑠𝑢𝑏𝑠𝑒𝑡 = { 𝑓1, … . , 𝑓𝑛}  

3 Normalize dataset using softmax scaling method 

4 Calculate edge weights  

5 Remove edges which their associated weighs are less than 𝜃 

6 Function: ACO-based feature clustering //C-GCACO starts here 

7 Input: 𝐴𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑟𝑠 , 𝐾𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠, 𝐷𝑎𝑡𝑎𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 

8 Output: SbestClustering 

9 Initialize Population, Pheromone matrix 

10 While ≠StopCondition ( ) do 

11 For 𝑖 =  1 𝑡𝑜 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑠𝑖𝑧𝑒 

12 Construct solution using pheromone trail  

13 Compute weights of all test features, and cluster centres  

14 Compute clustering metric and assign it as objective function value of solution  

15 End For 

16 Select best solutions out of all solutions using objective function values 

17 Compute the local search on the selected best solutions Figure (4.2) 

18 Update pheromone trail matrix using best solution 

19 End While //C-GCACO ends here 

20 𝜏𝑝𝑛(1) = 𝛾, 𝜏𝑓𝑛 (1) = 𝑀𝐼(𝑑), ∀ 𝑖, 𝑗 = 1, … , 𝑛 

21 For 𝑖 =  1 𝑡𝑜 𝐼 

22 For 𝑘 =  1 𝑡𝑜 𝐴 

23 Position ant in a random ε value //A-GCACO starts here 

23 Calculate the probability of each ε value  
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Figure 4.12: Pseudocode of EGCACO algorithm  

24 Select ε value by applying the state transition rule 

25 Traced_Cluster = ∅ , Not_Traced_Cluster = {Cluster 1, Cluster2,.., Cluster k} 

26 While ( |Traced_Cluster |< k ) do 

27 Place the ant k randomly in one of the Not_Traced_Cluster 

28 Select one of the feature in Current_Cluster according to probabilistic decision rule 

29 Move the k-th ant tothe new selected feature f 

30 Rand= Generate random value between [0,1] 

31 IF (Rand ≥ ε) then  

32 While (Rand > ε) do 

33 Select one of the feature in the Current_Cluster 

34 Move the k-th ant to the new selected feature f 

35 Rand= Generate Random Value between [0,1] 

36 End While  

37 Else 

38 Traced_Cluster = Traced_Cluster ∪ Current_Cluster 

39 Not_Traced_Cluster = Not_Traced_Cluster − Current_Cluster 

40 End IF 

41 End While  

42 End For  

43 Evaluate each constructed subset separability index 

44 Update pheromone for all features 𝜏𝑓1..𝑛  

45 Update pheromone for the selected ε value 𝜏𝑝1..𝑛 //A-GCACO ends here 

46 Sorted features based on their pheromone values 𝜏𝑓1..𝑛 in decreasing order 

47 Population Initialisation //G-GCACO starts here 

48 Crossover procedures Figure (4.8) 

49 Evaluate the subsets  

50 Select the best subset Figure (4.10) //G-GCACO ends here 

51 End For  

52 The Final subset  
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4.6 Summary 

The proposed  ACO-based FS algorithm is to improve classification accuracy while 

reducing the number of features. The characteristics of feature selection, feature 

clustering, and subset determination are integrated to form the proposed EGCACO 

algorithm for this purpose. The proposed FS algorithm involves of three main 

enhancements to the MGCACO algorithm. The first enhancement simplifies the 

selection process in dealing with both redundant and irrelevant features while the 

second enhancement maximizes the dependency and minimizes redundancy among 

features. The third enhancement is to enable the automatic determination of the final 

subset of the features. All three (3) enhancements proposed in EGCACO will be able 

to perform the FS process in a DNA microarray. The next chapter shows the evaluation 

of the proposed FS algorithms. 
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CHAPTER FIVE                                                                

EXPERIMENTAL RESULTS 

5.1 Introduction 

This chapter provides an empirical evaluation of the proposed EGCACO algorithm, 

which is based on the MGCACO algorithm. Apart from testing the proposed 

EGCACO algorithm, three components of the MGCACO were enhanced, and 

experiments were performed to test these components. The performance of the 

EGCACO algorithm was compared to several benchmark FS algorithms.  

Section 5.2 presents the experimental design that used to guide the evaluation of the 

three modifications and the proposed EGCACO algorithm. Section 5.3 shows the 

results of the enhanced feature clustering method while Section 5.4 presents the 

experimental results of the adaptive feature selection technique). Section 5.5 presents 

the experimental outcomes of the proposed genetic method in determining the feature 

subset. The experimental findings of the EGCACO algorithm are presented in Section 

5.6, followed by the chapter summary in Section 5.7. 

5.2 Experimental Design 

Figure 5.1 displays the experimental design for evaluating the proposed modifications 

and the EGCACO algorithm. 
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Figure 5.1: Experimental Design 

The first, second, and third stages show what is involved in evaluating the three 

modifications. These include the datasets, algorithms for comparison, the performance 

metrics and the classifiers used in performing the classification task. The fourth stage 

focuses on the performance evaluation of the proposed algorithm. Missing values in 

all the datasets are replaced with the mean values of each respective feature (Moradi 

& Rostami, 2015b). All datasets were then normalized. 
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Similar configurations are adopted in stages 1 and 2 to evaluate the proposed ACO-

based feature clustering method and ACO-based adaptive technique. The benchmark 

datasets are from the UCI machine learning repository and two (2) other microarray 

datasets from the Bioinformatics Research Group at the Universidad Pablo de Olavide 

(Bolón-Canedo et al., 2014) that are commonly used in FS studies (Ghimatgar et al., 

2018; Manbari et al., 2019b; Moradi & Rostami, 2015b). In addition, the hold-out 

method (Press et al., 2009) is used in all the experiments of the first and second stages. 

In the studies that involved FS algorithms, the hold-out validation method is often 

utilised. (Ghimatgar et al., 2018; Manbari et al., 2019b; Moradi & Rostami, 2015b). In 

the first and second stages, each dataset is divided into two (2) parts. The ratio between 

the parts is 66% is for the training and 34% of the datasets is for testing. The training 

set is used to determine the feature subset, while the testing set is used to evaluate the 

accuracy of the selected features. In the evaluation of the first two modifications 

(stages 1 and 2), the classifiers used are the random forest, k-NN, decision tree, and 

support vector machine while the performance metrics are the classification accuracy 

and the standard deviation. The classifiers and performance metrics are commonly 

used for classification in FS algorithms (Ghimatgar et al., 2018; Manbari et al., 2019b; 

Moradi & Rostami, 2015b). The benchmark algorithms used for comparison in the 

first two stages are FSCBAS (Manbari et al., 2019b), MGCACO (Ghimatgar et al., 

2018), GCACO (Moradi & Rostami, 2015b), MGSACO (Tabakhi et al., 2015), and 

UFACO (Tabakhi et al., 2014).  

The evaluation of the proposed method based on genetic algorithm to determine the 

subset is performed in stage 3. In the experiment, the classifier used is k-NN while the 
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performance metrics are the classification accuracy and the number of selected 

features (Agrawal et al., 2020; Guha et al., 2020; Long et al., 2021; Mohammadzadeh 

& Gharehchopogh, 2021). The evaluation process utilises 18 UCI datasets and three 

(3) microarray datasets. These UCI benchmark datasets are commonly used in FS tasks 

(Agrawal et al., 2021; Jaddi & Abdullah, 2021; Mafarja et al., 2020). The datasets are 

divided in the ratio 80:20 for training and testing using the holdout method. A total of 

11 benchmark algorithms are utilised (for the case of UCI datasets) namely GA 

(Ghamisi & Benediktsson, 2015), PSO (Chuang et al., 2008), ALO (Emary et al., 

2016a), GSA (Taradeh et al., 2019), SSA (Faris et al., 2018), WOA (Mafarja & 

Mirjalili, 2018), BGWOPSO (Al-tashi et al., 2019), ECWSA (Guha, Ghosh, Mutsuddi, 

et al., 2020), GOA (Mafarja et al., 2019), WOASAT (Mafarja & Mirjalili, 2017), and 

bALO-QR (Mafarja & Mirjalili, 2019). Among these algorithms, BGWOPSO, 

WOASAT, and bALO-QR are classified as hybridized algorithms. For the microarray 

datasets, the GA, PSO, GSA, SSA, ALO, and HHO (Thaher et al., 2020) are used as 

benchmark algorithms. 

 

The evaluation of the proposed algorithm is conducted in stage 4. The datasets 

employed are 18 UCI and nine (9) microarray datasets. The k-NN classifier is used for 

the FS task. The common benchmark algorithms used for the case of UCI datasets are 

HSGW (Mafarja et al., 2020), RSGW (Mafarja et al., 2020), ASGW (Mafarja et al., 

2020), BGWOPSO, WOA-CM (Mafarja & Mirjalili, 2018), bALO-QR and WOASA 

(Mafarja et al., 2020;  Mafarja & Mirjalili, 2018). The benchmark algorithms used for 

the case of microarray datasets are TGA (Too et al., 2018), GWO (Emary et al., 

2016b), ASO (Too & Abdullah, 2020), PSO, HHO, GA, DE (Engelbrecht & Pampará, 
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2007), and BA (Al-betar et al., 2019). All datasets are partitioned into two parts based 

on the ratio 80:20 for training and testing processes using the holdout method. The 

performance metrics used in this stage are the classification accuracy and the number 

of selected features. Experiments are repeated ten (10) times for both the proposed 

algorithm and benchmark algorithms. 

The microarray datasets in our empirical evaluation stage are addressed utilising the 

10-fold cross-validation approach as adopted in the benchmarked algorithms (Manita 

& Korbaa, 2020). There are ten (10) subsets in the datasets, and the subsets are all the 

same size. The learning process is divided into nine (9) subsets, with the remaining 

subset used for testing. This process is carried out ten (10) times with a new subset for 

testing and a new combination of subsets for learning, to guarantee that all subsets are 

used in both stages. To obtain statistically significant findings, the experiment of the 

fourth stage on microarray datasets is performed 100 times independently.  

In general, the use of the different datasets and classifiers is to match what has been 

used by all the benchmark algorithms. This is for fair comparison. The k-NN was 

chosen since all the benchmark classifier algorithms have used it as it is the best 

classifier in their contexts. Thus, for comparison purpose, k-NN is also used in this 

study. 

5.3 Results and Analysis of the EC-GCACO Algorithm 

 

The implementation of the proposed ACO-based features clustering method in the 

MGCACO algorithm is called EC-GCACO. The initialisation parameters that are used 
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to evaluate the ACO-based features clustering are adopted from Shelokar et al. (2004) 

for standard ACO parameter values, and Ghimatgar et al. (2018) that introduce the 

ACO-based FS parameters. These parameters are listed in Table 5.1. 

Table 5.1  

ACO-based features clustering experimental parameters 

  Parameter Description Value 

ACO-based 
clustering 

 A Ant number 50 
 I Iterations number  1000 
 𝑞0 Exploration/exploitation 0.98 
  Evaporation rate 0.01 
 𝑃𝑙𝑠 Local search probability 0.01 

ACO-based 
FS 

 A Ant number 100 
 I Iterations number  50 
 𝛼 Importance of pheromone  1 
 β Importance of heuristic 1 
 𝑞0 Exploration/exploitation 0.7 
  Evaporation rate 0.9 

 ε 
Threshold to remain in 
current cluster 0.4 

 Run Number of runs 10 
 

 

5.3.1 Experiment on the UCI Datasets 

Tables 5.2-5.5 show the experimental results of the average classification accuracy 

(Acc) and the standard deviation (Std) of EC-GCACO and five other FS algorithms 

with support vector machine, decision tree, k-NN, and random forest classifiers, 

respectively. The best result is highlighted while the figures in parentheses indicate the 

rank of the algorithms.  
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Table 5.2 shows that for the case of the support vector machine classifier, the proposed 

EC-GCACO is able to obtain the highest classification accuracy in all the datasets 

except for the lonosphere dataset, which obtains the third rank. In Table 5.3, the 

proposed EC-GCACO obtains the best classification accuracy results in four (4) out 

of six (6) datasets when the k-NN classifier is employed.  

 

 Table 5.2  

Average classification accuracy using support vector machine classifier on UCI 
datasets

 

 

 

 

 

 

Dataset 
# 

Selected 
features 

 EC-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Wine 6 Acc 
Std 

98.03 (1) 
± 1.22  

97.2 (3) 
± 0  

98 (2) 
± 1.72  

95.1 (5) 
± 2.6  

94.61 (6) 
± 2.52  

96.02 
(4) 

± 2.04  

Hepatitis 6 Acc 
Std 

83.86 (1) 
± 1.59  

81.55 (4) 
± 3.74  

83.85 (2) 
± 4.82  

83.64 (3) 
± 2.83  

81.1 (5) 
± 1.13  

80.78 
(6) 

± 0.4  

lonosphere 15 Acc 
Std 

85.79 (3) 
± 2.32  

85.62 (4) 
± 3.57  

86.24 (2) 
± 2.83  

86.79 (1) 
± 2.41  

81.6 (6) 
± 2.09  

84.96 
(5) 

± 2.12  
SpamBase 24 Acc 

Std 
91.78 (1) 

± 0.80  
85.78 (3) 

± 0.22  
90.98 (2) 

± 0.90  
84.51 (4) 

± 2.12  
81.86 (6) 

± 2.67  
83 (5) 
± 2.67  

Arrhythmia 20 Acc 
Std 

86.03 (1) 
± 1.31  

68 (3) 
± 3.63  

70. 84 (2) 
± 3.83  

62 (4) 
± 5.2  

56.55 (5) 
± 1.4  

54.39 
(6) 

± 0.29  

Madelon 40 Acc 
Std 

66.51 (1) 
± 0.27  

61.2 (3) 
± 2.07  

58.98 (6) 
± 2.83  

64.61 (2) 
± 5.58 

60.98 (4) 
± 0.27  

60.75 
(5) 

± 0.24  
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Table 5.3  

Average classification accuracy using k-NN classifier on UCI datasets 

Dataset 
# 

Selected 
features 

 EC-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Wine 6 Acc 
Std 

98.36 (1) 
 ± 1.63  

97.2 (3) 
 ± 0   

98 (2) 
± 2.02  

95.68 (5) 
± 2.78  

94.61 (6) 
 ± 2.52  

96.02 
(4) 

± 2.04  

Hepatitis 6 Acc 
Std 

81.73 (2) 
± 1.01  

79.36 (6) 
± 3.74  

82.12 (1) 
 ± 6.97  

81.36 (3) 
± 1.33  

81.1 (4) 
± 1.13  

80.78 
(5) 

± 0.41  

lonosphere 15 Acc 
Std 

86.89 (1) 
 ± 2.31  

85.62 (3) 
± 3.75  

86.5 (2) 
± 2.24  

85.36 (4) 
± 4.14  

81.6 (6) 
± 2.1  

84.96 
(5) 

± 2.12  

SpamBase 24 Acc 
Std 

90.29 (1) 
 ± 0.76  

85.78 (5) 
± 0.22  

89.6 (2) 
± 1.26  

87.04 (4) 
 ± 1.32  

81.86 (6) 
± 2.68  

88.33 
(3) 

± 0.68  

Arrhythmia 20 Acc 
Std 

86.03 (1) 
± 0.43  

57.31 (3) 
± 1.33  

64.07 (2) 
± 3.14  

53.75 (5) 
± 5.38  

55.25 (4) 
± 1.84  

50.87 
(6) 

 ± 1.2  

Madelon 40 Acc 
Std 

75.45 (3) 
 ± 1.04  

59.8 (6) 
± 1.34  

60.94 (5) 
± 2.56  

76.21 (1) 
± 1.74  

75.85 (2) 
± 0.87  

75.13 
(4) 

 ± 0.4  
 

 

  

Table 5.4 displays the classification accuracy for the algorithms using the decision tree 

classifier. The proposed EC-GCACO algorithm is able to achieve the highest 

classification accuracy in all six (6) datasets.  
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Table 5.4 

 Average classification accuracy using decision tree classifier on UCI datasets

 

The results in Table 5.5 show that for the random forest classifier, the proposed EC-

GCACO obtains the best results in four (4) out of six (6) datasets, wherein the 

SpamBase and Madelon datasets, the algorithm obtains the second rank with very 

small differences from the best rank algorithms.  

 

 

 

 

 

 

 

Dataset 
# 

Selected 
features 

 EC-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Wine 6 Acc 
Std 

96.22 (1) 
± 1.84 

93.83 (2) 
± 0 

93.17 (4) 
± 3.37 

93.57 (3) 
± 2.98 

92.93 (6) 
 ± 3.47 

93.09 
(5) 

 ± 3.02 

Hepatitis 6 Acc 
Std 

80.79 (1) 
± 0.74 

79.36 (4) 
 ± 0 

78.08 (5) 
± 6.71 

80.31 (2) 
 ± 1.14 

80.26 (3) 
± 0.92 

77.04 
(6) 

± 1.22 

lonosphere 15 Acc 
Std 

91.42 (1) 
 ± 1.62 

88.32 (5) 
± 1.41 

90.86 (2) 
 ± 4.21 

90.54 (3) 
± 1.98 

86.7 (6) 
± 2.14 

89.06 
(4) 

± 1.51 

SpamBase 24 Acc 
Std 

91.64 (1) 
 ± 0.65 

89.68 (4) 
± 0.22 

90.88 (2) 
 ± 0.66 

89.12 (5) 
± 1.12 

89.83 (3) 
± 1.52 

89.08 
(6) 

 ± 0.51 

Arrhythmia 20 Acc 
Std 

86.10 (1) 
± 0.97 

59.76 (3) 
 ± 1.37 

66.71 (2) 
 ± 3.22 

56.62 (4) 
± 4.13 

49.94 (6) 
± 2.05 

50.89 
(5) 

± 2.32 

Madelon 40 Acc 
Std 

84.17 (1) 
 ± 1.11 

67.4 (6) 
± 1.25 

71.42 (5) 
 ± 3.50 

81.77 (2) 
± 2.38 

80.12 (3) 
± 0.57 

79.49 
(4) 

 ± 0.67 
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Table 5.5 

 Average classification accuracy using random forest classifier on UCI datasets 

 

 

Table 5.6 depicts the summary of the averages for the classification accuracy (Acc) 

and standard deviation (Std) algorithms with respect to the classifiers. The best result 

for each algorithm is highlighted. Overall, it can be seen that EC-GCACO shows 

superior performance compared to other algorithms in all classifiers in terms of 

classification accuracy. In terms of standard deviation, the FSCBAS obtained the best 

value for the decision tree classifier. This is due to the parallel process of the FSCBAS 

algorithm which may decrease the randomization of the solution. However, the 

proposed EC-GCACO shows very competitive small values when compared to the 

other algorithms, indicating the stability of its performance. The results of the accuracy 

in Table 5.6 are, again, displayed in Figure 5.2. 

 

 

Dataset 
# 

Selected 
features 

 EC-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Wine 6 Acc 
Std 

98.19 (1) 
± 1.71 

97.2 (3) 
 ± 0 

97.5 (2) 
 ± 2.53 

96.11 (4) 
 ± 2.32 

94.61 (6) 
± 2.53 

96.02 
(5) 

 ± 2.04 

Hepatitis 6 Acc 
Std 

85.29 (1) 
 ± 0.16 

81.39 (3) 
± 0  

84.43 (2) 
± 4.30 

81.3 (4) 
± 1.76 

81.1 (5) 
± 1.14 

80.78 
(6) 

± 0.41 

lonosphere 15 Acc 
Std 

94.62 (1) 
± 1.43 

85.77 (3) 
 ± 3.57 

93.59 (2) 
± 1.77 

85.1 (4) 
± 2.41 

81.6 (6) 
± 2.1 

84.95 
(5) 

± 2.12 

SpamBase 24 Acc 
Std 

94.16 (2) 
 ± 0.62 

85.78 (5) 
± 0.23 

94.17 (1) 
± 0.75 

89.02 (4) 
± 1.98 

81.86 (6) 
 ± 2.68 

89.96 
(3) 

 ± 0.54 

Arrhythmia 20 Acc 
Std 

84.21 (1) 
 ± 0.42 

66.38 (3) 
 ± 1.33 

75.36 (2) 
 ± 2.24 

61.18 (4) 
 ± 2.22 

57.22 (5) 
 ± 1.6 

50.05 
(6) 

 ± 2.91 

Madelon 40 Acc 
Std 

83.26 (2) 
± 0.85 

61.19 (6) 
± 1.63 

76.51 (4) 
 ± 2.75 

72.27 (5) 
 ± 1.72 

83.29 (1) 
 ± 0.48 

83.24 
(3) 

 ± 0.49 
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Table 5.6 

 Results summary on UCI datasets 

 

Classifiers  EC-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

SVM 
Acc 85.33 79.89 69.67 79.44 76.11 76.65 
Std 1.22 2.20 2.82 3.45 1.68 1.29 

k-NN 
Acc 86.46 77.51 80.20 79.90 78.37 79.34 
Std 1.19 1.64 1.73 3.03 1.85 1.14 

DT 
Acc 88.39 79.72 81.85 81.98 79.96 79.77 
Std 1.15 0.70 3.61 2.28 1.77 1.54 

RF 
Acc 89.95 79.61 86.92 80.83 79.94 80.83 
Std 0.86 1.15 2.39 2.06 1.75 1.14 

 

 

 

 

Figure 5.2: Average classification accuracy for UCI datasets  

5.3.2 Experiment on the Microarray Dataset 

 

Tables 5.7 and 5.10 show the experimental results of the average classification 

accuracy (Acc) and the standard deviation (Std) of the proposed EC-GCACO and five 

other FS algorithms. The classifiers used for FS in the microarray comprise support 
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vector machine, decision tree, k-NN, and random forest classifiers. The colon and 

leukemia datasets are classified as microarray datasets. The best result is highlighted 

for each dataset while the figures in parentheses indicate the rank of the algorithms. 

Tables 5.7, 5.8, 5.9, and 5.10 show that the proposed EC-GCACO achieves the best 

average classification accuracy in all cases except for the case of the k-NN classifier 

where the FSCBAS has the best result on the Colon dataset. 

 

Table 5.7  

Average classification accuracy using support vector machine classifier on 

microarray datasets

Dataset 
# 

Selected 
features 

 EC-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Colon 40 Acc 
Std 

90.00 (1) 
± 1.51  

87.59 (2) 
± 1.31  

84.76 (3) 
± 6.31  

81.99 (6) 
± 2.23  

83.88 (4) 
± 2.94  

82.1 (5) 
± 3.26  

Leukemia 40 Acc 
Std 

98.33 (1) 
± 0.90  

95.42 (3) 
± 0.67  

95.83 (2) 
± 3.22  

93.67 (4) 
± 2.35  

90.14 (5) 
± 5.17  

89.45 
(6) 

± 3.28  

 

Table 5.8  

Average classification accuracy using k-NN classifier on microarray datasets 

Dataset 
# 

Selected 
features 

 EC-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Colon 40 Acc 
Std 

87.14 (2) 
± 2.04  

87.59 (1) 
± 2.52  

81.43 (4) 
± 5.01  

81.13 (5) 
± 4.32  

82.1 (3) 
 ± 2.79  

80.65 
(6) 

 ± 2.28  

Leukemia 40 Acc 
Std 

98.75 (1) 
± 1.66  

95.42 (2) 
± 1.64  

93.75 (3) 
 ± 9.63  

88.02 (5) 
 ± 3.11  

88.06 (4) 
± 2.27  

87.92 
(6) 

 ± 1.45  
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Table 5.9 

 Average classification accuracy using decision tree classifier on microarray 

datasets

Dataset 
# 

Selected 
features 

 EC-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Colon 40 Acc 
Std 

87.61 (1) 
 ± 2.80 

86.13 (2) 
 ± 0.83 

78.09 (6) 
 ± 7.73 

84.23 (4) 
± 2.39 

85.17 (3) 
± 2.82 

82.91 
(5) 

± 4.18 

Leukemia 40 Acc 
Std 

93.75 (1) 
± 0.08 

93.62 (2) 
 ± 0 

90.83 (3) 
± 3.63 

85.74 (5) 
± 1.52 

90.28 (4) 
± 4.29 

77.92 
(6) 

 ± 2.96 

 

Table 5.10 

 Average classification accuracy using random forest classifier on microarray 

datasets 

Dataset 
# 

Selected 
features 

 EC-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Colon 40 Acc 
Std 

88.57 (1) 
± 2.33 

87.59 (2) 
± 2.53 

84.29 (3) 
± 4.28 

81.22 (6) 
± 3.95 

82.91 (4) 
± 2.18 

81.78 
(5) 

 ± 4.93 

Leukemia 40 Acc 
Std 

99.76 (1) 
 ± 0.46 

95.42 (3) 
 ± 0.67 

98.75 (2) 
± 1.90 

89.69 (4) 
± 3.61 

89.36 (5) 
 ± 5.16 

86.12 
(6) 

± 3.53 

 

Table 5.11 summarizes the results presented in Tables 5.7-5.10 where the best result 

for each classifier is highlighted. Overall, the EC-GCACO algorithm performs higher 

and outperforms the other algorithms in terms of average classification accuracy. 

When compared to the other algorithms, the proposed EC-GCACO shows very 

competitive small values in terms of standard deviation, indicating the stability of its 

performance. Figure 5.3 shows the average classification accuracy for all classifiers. 

In general, the proposed algorithm outperforms the other algorithms in all classifiers. 
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Table 5.11 

 Average classification accuracy, standard deviation and performance rank on 

microarray datasets 

 

Classifiers  EC-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

SVM 
Acc 94.16 91.50 90.29 87.83 87.01 85.77 
Std 1.20 0.99 4.765 2.29 4.05 3.27 

k-NN 
Acc 92.94 91.50 87.58 84.57 85.08 84.28 
Std 1.85 2.08 7.23 3.71 2.53 1.86 

DT 
Acc 90.68 89.87 84.46 84.98 85.20 78.70 
Std 1.44 0.41 5.68 3.91 3.55 3.57 

RF 
Acc 94.16 91.50 91.51 85.45 86.13 83.95 
Std 1.39 1.6 3.09 6.78 3.67 4.23 

 

 

 

 

 

Figure 5.3: Average classification accuracy of microarray data 

In summary, the EC-GCACO obtains the best classification accuracy. This good 

performance is due to the effectiveness of the enhancement on the clustering method 
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which is based on the ACO algorithm concept. Wherein the proposed ACO 

intensification and diversification are changed iteratively through pheromone update, 

enabling the successful implementation of both a global and a local search. Thus, the 

method has managed to escape from local optima in grouping the highly correlated 

features during the exploration process, thus improving the classification accuracy.

  

5.4 Results and Analysis of the A-GCACO Algorithm 

The implementation of the adaptive selection technique based on ACO in the 

MGCACO is called A-GCACO. The parameters and values used in evaluating the 

proposed A-GCACO algorithm are listed in Table 5.12. The parameter settings are 

adopted from the ACO-based FS algorithm (Ghimatgar et al., 2018). 

Table 5.12  

ACO-based adaptive selection technique experimental parameters 

 

Parameter Description Value 

A Ant number 100 
I Iterations number  50 
φ Initial amount of pheromone 0.06 

𝛼 Importance of pheromone  1 
β Importance of heuristic 1 

𝑞0 Exploration/exploitation 0.7 
ρ Evaporation coefficient 0.9 

Run Number of runs 10 

 

5.4.1 Experiment on the UCI Datasets  

Tables 5.13–5.16 show the average classification accuracy (Acc) and the standard 

deviation (Std) of the A-GCACO algorithm and five other FS algorithms with support 
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vector machine, decision tree, k-NN, and random forest classifiers for FS, respectively. 

The best result is highlighted for each dataset while the figures in parentheses indicate 

the rank of the algorithms.  

 

Table 5.13 shows that the proposed A-GCACO obtains the best result in four (4) out 

of six (6) datasets when the support vector machine classifier is used. The proposed 

algorithm is unable to obtain the best classification accuracy with datasets that had 

missing values that were replaced and datasets that contained a combination of feature 

value types (i.e. Hepatitis and SpamBase).  

Table 5.13 

 Average classification accuracy using support vector machine classifier on UCI 

datasets

 

Dataset 
# 

Selected 
features 

 A-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Wine 6 Acc 
Std 

98.69 (1) 
± 1.40  

97.2 (3) 
± 0  

98 (2) 
± 1.72  

95.1 (5) 
± 2.6  

94.61 (6) 
± 2.52  

96.02 
(4) 

± 2.04  

Hepatitis 6 Acc 
Std 

78.85 (6) 
± 1.10  

81.55 (3) 
± 3.74  

83.85 (1) 
± 4.82  

83.64 (2) 
± 2.83  

81.1 (4) 
± 1.13  

80.78 
(5) 

± 0.4  

lonosphere 15 Acc 
Std 

89.15 (1) 
± 2.10  

85.62 (4) 
± 3.57  

86.24 (3) 
± 2.83  

86.79 (2) 
± 2.41  

81.6 (6) 
± 2.09  

84.96 
(5) 

± 2.12  
SpamBase 24 Acc 

Std 
88.22 (2) 

± 0.80  
85.78 (3) 

± 0.22  
90.98 (1) 

± 0.90  
84.51 (4) 

± 2.12  
81.86 (6) 

± 2.67  
83 (5) 
± 2.67  

Arrhythmia 20 Acc 
Std 

86.29 (1) 
± 1.10  

68 (3) 
± 3.63  

70. 84 (2) 
± 3.83  

62 (4) 
± 5.2  

56.55 (5) 
± 1.4  

54.39 
(6) 

± 0.29  

Madelon 40 Acc 
Std 

64.73 (1) 
± 1.32  

61.2 (3) 
± 2.07  

58.98 (6) 
± 2.83  

64.61 (2) 
± 5.58 

60.98 (4) 
± 0.27  

60.75 
(5) 

± 0.24  
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In Table 5.14, A-GCACO obtains the best classification accuracy results on two (2) 

datasets when the k-NN classifier is employed. k-NN classifier is known to work well 

with numerical data. This is the case for the lonosphere and Arrhythmia datasets. In 

spite of this, A-GCACO is able to select significant features in the Arrhythmia dataset, 

which contains both types of data. However, the proposed algorithm is strongly better 

in the average classification accuracy over all other algorithms except for MGCACO, 

where the results obtained compete. 

Table 5.14 

 Average classification accuracy using k-NN classifier on UCI datasets

 

Dataset 
# 

Selected 
features 

 A-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Wine 6 Acc 
Std 

97.38 (2) 
 ± 0.82  

97.2 (3) 
 ± 0   

98 (1) 
± 2.02  

95.68 (5) 
± 2.78  

94.61 (6) 
 ± 2.52  

96.02 
(4) 

± 2.04  

Hepatitis 6 Acc 
Std 

76.35 (6) 
± 1.65  

79.36 (5) 
± 3.74  

82.12 (1) 
 ± 6.97  

81.36 (2) 
± 1.33  

81.1 (3) 
± 1.13  

80.78 
(4) 

± 0.41  

lonosphere 15 Acc 
Std 

90.84 (1) 
 ± 2.00  

85.62 (3) 
± 3.75  

86.5 (2) 
± 2.24  

85.36 (4) 
± 4.14  

81.6 (6) 
± 2.1  

84.96 
(5) 

± 2.12  

SpamBase 24 Acc 
Std 

89.37 (2) 
 ± 0.70   

85.78 (5) 
± 0.22  

89.6 (1) 
± 1.26  

87.04 (4) 
 ± 1.32  

81.86 (6) 
± 2.68  

88.33 
(3) 

± 0.68  

Arrhythmia 20 Acc 
Std 

81.56 (1) 
± 1.11  

57.31 (3) 
± 1.33  

64.07 (2) 
± 3.14  

53.75 (5) 
± 5.38  

55.25 (4) 
± 1.84  

50.87 
(6) 

 ± 1.2  

Madelon 40 Acc 
Std 

65.54 (4) 
 ± 1.50  

59.8 (6) 
± 1.34  

60.94 (5) 
± 2.56  

76.21 (1) 
± 1.74  

75.85 (2) 
± 0.87  

75.13 
(3) 

 ± 0.4  
 

 

Table 5.15 displays the classification accuracy for the algorithms using decision tree 

classifier. The proposed algorithm obtains the highest classification accuracy in four 

(4) out of six (6) datasets. Decision tree classifier can work with both types of feature 
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values. The proposed algorithm is able to select significant features to produce good 

classification accuracy even for databases with only continuous feature values such as 

the SpamBase database.  

Table 5.15 

 Average classification accuracy using decision tree classifier on UCI datasets

 

Dataset 
# 

Selected 
features 

 A-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Wine 6 Acc 
Std 

95.74 (1) 
± 2.22 

93.83 (2) 
± 0 

93.17 (4) 
± 3.37 

93.57 (3) 
± 2.98 

92.93 (6) 
 ± 3.47 

93.09 
(5) 

 ± 3.02 

Hepatitis 6 Acc 
Std 

75.19 (6) 
± 0.95 

79.36 (3) 
 ± 0 

78.08 (4) 
± 6.71 

80.31 (2) 
 ± 1.14 

80.26 (1) 
± 0.92 

77.04 
(5) 

± 1.22 

lonosphere 15 Acc 
Std 

91.51 (1) 
 ± 1.94 

88.32 (5) 
± 1.41 

90.86 (2) 
 ± 4.21 

90.54 (3) 
± 1.98 

86.7 (6) 
± 2.14 

89.06 
(4) 

± 1.51 

SpamBase 24 Acc 
Std 

92.51 (1) 
 ± 0.71 

89.68 (4) 
± 0.22 

90.88 (2) 
 ± 0.66 

89.12 (5) 
± 1.12 

89.83 (3) 
± 1.52 

89.08 
(6) 

 ± 0.51 

Arrhythmia 20 Acc 
Std 

87.14 (1) 
± 1.44 

59.76 (3) 
 ± 1.37 

66.71 (2) 
 ± 3.22 

56.62 (4) 
± 4.13 

49.94 (6) 
± 2.05 

50.89 
(5) 

± 2.32 

Madelon 40 Acc 
Std 

69.45 (5) 
 ± 1.40 

67.4 (6) 
± 1.25 

71.42 (4) 
 ± 3.50 

81.77 (1) 
± 2.38 

80.12 (2) 
± 0.57 

79.49 
(3) 

 ± 0.67 
 

 

The results in Table 5.16 show that for the case of the random forest classifier, A-

GCACO is able to gain the highest accuracy in all the datasets except for the wine 

dataset, which obtains the second rank with a very small difference. Random forest 

classifier is known to operate well with datasets that have categorical data. 

Nevertheless, in this case, the proposed algorithm is able to select significant features 

for classification even for datasets that had both categorical and numerical data types.  
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Table 5.16 

 Average classification accuracy using random forest classifier on UCI dataset

 

Dataset 
# 

Selected 
features 

 A-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Wine 6 Acc 
Std 

97.35 (2) 
± 0.50 

97.2 (3) 
 ± 0 

97.5 (1) 
 ± 2.53 

96.11 (4) 
 ± 2.32 

94.61 (6) 
± 2.53 

96.02 
(5) 

 ± 2.04 

Hepatitis 6 Acc 
Std 

86.57 (1) 
 ± 0.40 

81.39 (3) 
± 0  

84.43 (2) 
± 4.30 

81.3 (4) 
± 1.76 

81.1 (5) 
± 1.14 

80.78 
(6) 

± 0.41 

lonosphere 15 Acc 
Std 

94.03 (1) 
± 1.85 

85.77 (3) 
 ± 3.57 

93.59 (2) 
± 1.77 

85.1 (4) 
± 2.41 

81.6 (6) 
± 2.1 

84.95 
(5) 

± 2.12 

SpamBase 24 Acc 
Std 

94.74 (1) 
 ± 0.75 

85.78 (5) 
± 0.23 

94.17 (2) 
± 0.75 

89.02 (4) 
± 1.98 

81.86 (6) 
 ± 2.68 

89.96 
(3) 

 ± 0.54 

Arrhythmia 20 Acc 
Std 

83.57 (1) 
 ± 1.32 

66.38 (3) 
 ± 1.33 

75.36 (2) 
 ± 2.24 

61.18 (4) 
 ± 2.22 

57.22 (5) 
 ± 1.6 

50.05 
(6) 

 ± 2.91 

Madelon 40 Acc 
Std 

83.31 (1) 
± 0.28 

61.19 (6) 
± 1.63 

76.51 (4) 
 ± 2.75 

72.27 (5) 
 ± 1.72 

83.29 (2) 
 ± 0.48 

83.24 
(3) 

 ± 0.49 
 

 

The experimental results in Table 5.17 displays the summary of results on UCI datasets 

with respect to the classifiers. The accuracy (Acc) and standard deviation (Std) are the 

averages of the accuracy and standard deviation values from Tables 5.15-5.16. The 

best result for each classifier is highlighted. The proposed A-GCACO manages to 

obtain the best results in all classifiers. Furthermore, the A-GCACO has the smallest 

value for standard deviation which reflects the stability of the algorithm. The average 

classification accuracies for all classifiers is displayed in Figure 5.4. In all classifiers, 

the proposed algorithm outperforms the compared algorithms. 
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Table 5.17 

 Result summary on average classification accuracy on UCI datasets 

 

Classifiers  A-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

SVM Acc 84.32 79.89 69.67 79.44 76.11 76.65 
 Std 1.30 2.20 2.82 3.45 1.68 1.29 

k-NN 
Acc 83.50 77.51 80.20 79.90 78.37 79.34 
Std 1.30 1.64 1.73 3.03 1.85 1.14 

DT 
Acc 85.25 79.72 81.85 81.98 79.96 79.77 
Std 1.44 0.70 3.61 2.28 1.77 1.54 

RF 
Acc 89.92 79.61 86.92 80.83 79.94 80.83 
Std 0.85 1.15 2.39 2.06 1.75 1.14 

 

 

 

 

Figure 5.4: Average classification accuracy of all UCI data 

5.4.2 Experiment on the Microarray Datasets 

Tables 5.18-5.21 show the experimental results of the average classification accuracy 

(Acc) and the standard deviation (Std) of selected features using the proposed A-

GCACO algorithm with other common algorithms. The support vector machine, 

decision tree, k-NN, and random forest classifiers are used in the experiments on FS 
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classification. The best result is highlighted for each dataset while the figures in 

parentheses indicate the rank of the algorithms based on the classification accuracy. 

A-GCACO outperforms other algorithms in all datasets in term of classification 

accuracy, which is the relation between the numbers of features classified correctly 

with the dataset size. Thus, in all the experiments, A-GCACO obtains the best 

classification accuracy for microarray datasets (i.e., Colon and Leukemia) when all the 

classifiers are used. These datasets are considered as large size datasets (Kudo & 

Sklansky, 2000). 

Table 5.18 

 Average classification accuracy using support vector machine classifier on 

microarray datasets 

 

Dataset 
# 

Selected 
features 

 A-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Colon 40 Acc 
Std 

92.38 (1) 
± 1.85  

87.59 (2) 
± 1.31  

84.76 (3) 
± 6.31  

81.99 (6) 
± 2.23  

83.88 (4) 
± 2.94  

82.1 (5) 
± 3.26  

Leukemia 40 Acc 
Std 

98.75 (1) 
± 1.90  

95.42 (3) 
± 0.67  

95.83 (2) 
± 3.22  

93.67 (4) 
± 2.35  

90.14 (5) 
± 5.17  

89.45 
(6) 

± 3.28  

Table 5.19 

 Average classification accuracy using k-NN classifier on microarray datasets 

 

Dataset 
# 

Selected 
features 

 A-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Colon 40 Acc 
Std 

91.42 (1) 
± 2.01  

87.59 (2) 
± 2.52  

81.43 (4) 
± 5.01  

81.13 (5) 
± 4.32  

82.1 (3) 
 ± 2.79  

80.65 
(6) 

 ± 2.28  

Leukemia 40 Acc 
Std 

97.08 (1) 
± 1.90  

95.42 (2) 
± 1.64  

93.75 (3) 
 ± 9.63  

88.02 (5) 
 ± 3.11  

88.06 (4) 
± 2.27  

87.92 
(6) 

 ± 1.45  
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Table 5.20 

 Average classification accuracy using decision tree classifier on microarray 

datasets 

 

Table 5.21 

 Average classification accuracy using random forest classifier on microarray 

dataset

 

Table 5.22 summarizes the averages of classification accuracy (Acc) and the standard 

deviations (Std) of the algorithms with respect to the classifiers. The best result for 

each algorithm is highlighted. Overall, the A-GCACO algorithm performs higher and 

outperforms the other algorithms in terms of the average classification accuracy. The 

proposed A-GCACO shows very competitive small values in terms of standard 

deviation, indicating the stability of its performance. Figure 5.5 shows the average 

Dataset 
# 

Selected 
features 

 A-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Colon 40 Acc 
Std 

90.48 (1) 
 ± 0.32 

86.13 (2) 
 ± 0.83 

78.09 (6) 
 ± 7.73 

84.23 (4) 
± 2.39 

85.17 (3) 
± 2.82 

82.91 
(5) 

± 4.18 

Leukemia 40 Acc 
Std 

97.08 (1) 
± 0.76 

93.62 (2) 
 ± 0 

90.83 (3) 
± 3.63 

85.74 (5) 
± 1.52 

90.28 (4) 
± 4.29 

77.92 
(6) 

 ± 2.96 

Dataset 
# 

Selected 
features 

 A-
GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

Colon 40 Acc 
Std 

88.09 (1) 
± 2.87 

87.59 (2) 
± 2.53 

84.29 (3) 
± 4.28 

81.22 (6) 
± 3.95 

82.91 (4) 
± 2.18 

81.78 
(5) 

 ± 4.93 

Leukemia 40 Acc 
Std 

98.75 (1) 
 ± 0.66 

95.42 (3) 
 ± 0.67 

98.75 (2) 
± 1.90 

89.69 (4) 
± 3.61 

89.36 (5) 
 ± 5.16 

86.12 
(6) 

± 3.53 



144 

 

classification accuracy for all classifiers. In general, the proposed algorithm 

outperforms the other algorithms in all classifiers. 

Table 5.22 

 Summary of results on microarray datasets 

Classifiers  A-GCACO FSCBAS MGCACO GCACO MGSACO UFACO 

SVM 
Acc 95.56 91.50 90.29 87.83 87.01 85.77 
Std 1.87 0.99 4.765 2.29 4.05 3.27 

k-NN 
Acc 94.25 91.50 87.58 84.57 85.08 84.28 
Std 1.95 2.08 7.23 3.71 2.53 1.86 

DT 
Acc 93.77 89.87 84.46 84.98 85.20 78.70 
Std 0.54 0.41 5.68 3.91 3.55 3.57 

RF 
Acc 93.42 91.50 91.51 85.45 86.13 83.95 
Std 1.76 1.6 3.09 6.78 3.67 4.23 

 

 

 
 

Figure 5.5: Average classification accuracy of microarray data 

In conclusion, the A-GCACO has the highest classification accuracy and the smallest 

standard deviations when compared to the other algorithms, indicating that its 

performance is stable. The adaptive ACO technique (A-GCACO) has the ability to 
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determine the suitable value to be utilised in selecting significant features that can 

maximize dependency and reduce redundancy among the features, hence improving 

classification accuracy. 

5.5 Results and Analysis of the G-GCACO Algorithm 

The implementation of the new method that can determine the final subset based on 

genetic algorithm is called G-GCACO. The parameters and values used in evaluating 

the proposed final subset size determination are listed in Table 5.23. The parameters 

and values, as used by Raymer et al. (2000) in their study on genetic parameter values 

and Ghimatgar et al. (2018), introduce the ACO-based FS parameters.  

Table 5.23 

 Final subset determination experimental parameters 

 Parameter Description   Value 

Genetic  
algorithm 

PS Population size 2 
G Generations 50 

 
ACO-based FS 

A Ant number 100 
I Iterations number  50 

𝛼 Importance of pheromone  1 
β Importance of heuristic 1 

𝑞0 Exploration/exploitation 0.7 
 Evaporation rate 0.9 

ε Threshold to remain in current 
cluster 

0.4 

Run Number of runs 10 
 

 

 

 



146 

 

5.5.1 Experiment on the UCI Datasets 

In this section, experiments for the FS utilise 11 benchmark algorithms for the purpose 

of evaluating the performance of G-GCACO algorithm on 18 datasets from UCI. 

Tables 5.24 and 5.25 show the experimental results of the average classification 

accuracy and the average number of selected features respectively, using the k-NN 

classifier. The best result is highlighted for each dataset while the figures in 

parentheses indicate the rank of the algorithms in terms of the classification accuracy 

for each dataset. 

 

The G-GCACO algorithm performs better than other algorithms where it is able to 

obtain the best result in nine (9) out of 18 datasets. For the remaining nine (9) datasets, 

the G-GCACO has competitive results with the rest of the algorithms. Only two (2) of 

the 18 datasets have the worse rank, wherein the proposed algorithm obtains the 

eleventh rank in KrVsKpEW and WavefonnEW datasets. The proposed G-GCACO is 

better than other algorithms in terms of the average classification accuracy except for 

the BGWOPSO algorithm, where the G-GCACO shows a competitive result and 

achieves the second rank with a very small difference. 

 

Table 5.25 shows that the proposed G-GCACO obtains the least number of features 

for 12 of the 18 datasets (i.e., 66.67% of the UCI datasets). For the remaining eight (8) 

datasets, the proposed algorithm shows competitive results. Moreover, with respect to 

nine (9) datasets, the G-GCACO algorithm fails to achieve the highest accuracy (as 

displayed in Table 5.24) but, in terms of the number of selected features, it surpasses 

other algorithms.
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Table 5.24 

 Classification accuracy results on UCI datasets 

Dataset G-
GCACO GA PSO ALO GSA SSA WOA BGWOPSO ECWSA GOA WOASAT bALO-

QR 

Breastcancer 99 
(1) 

97.4 
(4) 

96.3 
 (7) 

97.4 
(4) 

96.86 
(6) 

97.68 
(3) 

95.71 
(8) 

98 
 (2) 95.18 (9) 97.37 

(5) 
97  
(6) 

97.4 
(4) 

Tic-tac-toe 79.1 
(6) 

79.96 
(5) 

79.96 
(5) 

78.3 
(9) 

77.66 
(10) 

82.05 
(1) 

75.11 
(11) 

81 
(2) 

78.78 
(8) 

80.38 
(3) 

79 
(7) 

80 
(4) 

Exactly 95 
(6) 

100  
(1) 

100 
 (1) 

96.5 
(5) 

99.4 
(3) 

98.03 
(4) 

75 
(9) 

100 
 (1) 

78.11 
(8) 

99.99 
(2)  

100 
 (1) 

91.2 
(7) 

Exactly2 76 
(5) 

77 
(2) 

76.8 
(3) 

76.2 
(4) 

77 
(2) 

75.82 
(6) 

69 
(9) 

76 
(5) 

79.12 
(1) 

75.65 
(7) 

75 
(8) 

76 
(5) 

HeartEW 88.5 
(1) 

87.41 
(3) 

83.7 
(9) 

83.8 
(8) 

82.96 
(10) 

86.05 
(5) 

76 
(11) 

85 
(7) 

85.56 
(6) 

86.35 
(4) 

85 
(7) 

88.4 
(2) 

M-of-n 99 
(4) 

100  
(1) 

100  
(1) 

96.7 
(5) 

99.4 
(2) 

99.18 
(3) 

85 
(7) 

100 
 (1) 

92.13 
(6) 

100 
 (1) 

100 
 (1) 

100  
(1) 

WineEW 98.3 
(6) 

98.88 
(5) 

97.75 
(8) 

97.2 
(9) 

97.75 
(8) 

99.33 
(3) 

92.8 
(10) 

100  
(1) 

98.02 
(7) 

99.85 
(2) 

99 
(4) 

100 
 (1) 

CongressEW 99 
(1) 

96.79 
(6) 

96.33 
(7) 

98.1 
(2) 

96.33 
(7) 

96.28 
(8) 

92.9 
(10) 

98 
(3) 

96.19 
(9) 

97.72 
(4) 

98 
(3) 

97.2 
(5) 

Vote 99 
(1) 

97.33 
(2) 

96 
(5) 

97.2 
(3) 

96 
(5) 

95.11 
(6) 

93.87 
(10) 

97 
(4) 

95 
(7) 

94.84 
(8) 

97 
(4) 

94.8 
(9) 

Zoo 100 
(1) 

90.2 
(9) 

96.08 
(8) 

98 
(3) 

98.04 
(2) 

100 
 (1) 

96.47 
(6) 

100  
(1) 

98 
(3) 

97.78 
(4) 

97 
(5) 

96.1 
(7) 

Lymphography 96 
(1) 

83.78 
(10) 

89.19 
(4) 

91.7 
(3) 

86.49 
(8) 

89 
(5) 

78.5 
(11) 

92 
(2) 

87.39 
(7) 

85.86 
(9) 

89 
(5) 

88.6 
(6) 

SpectEW 86 
(6) 

89.55 
(3) 

88.81 
(4) 

89.9 
(2) 

84.33 
(8) 

83.61 
(9) 

78.7 
(11) 

88 
(5) 

79.88 
(10) 

85.65 
(7) 

88 
(5) 

90 
(1) 

BreastEW 98.141 
(1) 

97.54 
(3) 

97.19 
(6) 

97.4 
(4) 

95.44 
(12) 

 94.84 
(11) 

95.53 
(10) 

97 
(7) 

97.33 
(5) 

96.06 
(9) 

98 
(2) 

96.2 
(8) 
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Table 5.25  

Number of selected features results on UCI datasets 

Ionosphere 95.9 
(2) 

94.89 
(3) 

94.89 
(3) 

90.4 
(7) 

94.32 
(4) 

91.82 
(6) 

89 
(8) 

95 
 (2) 

86.72 
(10) 

92.2 
(5) 

96  
(1) 

86.9 
(9) 

KrVsKpEW 92.8 
(11) 

98.5 
(1) 

97.31 
(4) 

97.3 
(5) 

95.49 
(9) 

96.44 
(8) 

91.51 
(12) 

97 
(7) 

93.92 
(10) 

97.08 
(6) 

98 
(2) 

97.5 
(3) 

WavefonnEW 72.6 
(11) 

78.36 
(5) 

75.6 
(8) 

79.7 
(4) 

73.44 
(9) 

73.35 
(10) 

71.2 
(12) 

80 
(2) 

79.85 
(3) 

75.62 
(7) 

76 
(6) 

89.4 
(1) 

Sonar 100 
(1) 

99.04 
(2) 

94.23 
(6) 

84.5 
(10) 

91.35 
(8) 

93.72 
(7) 

85.43 
(9) 

96 
(4) 

76.38 
(12) 

94.97 
(5) 

97 
(3) 

84 
(11) 

PcnglungEW 100 
(1) 

91.89 
(4) 

91.89 
(4) 

82.7 
(8) 

83.33 
(7) 

87.75 
(5) 

72.9 
(10) 

96 
(2) 

87.66 
(6) 

77.12 
(9) 

94 
(3) 

66.5 
(11) 

Average 
Accuracy 92.9 91.8 91.4 90.3 89.8 90.7 83.7 93.2 87.7 90.3 92.3 89.7 

Dataset G-
GCACO GA PSO ALO GSA SSA WOA BGWOPSO ECWSA GOA WOASAT bALO-

QR 

Breastcancer 4 
(2) 

4 
(2) 

4 
(2) 

4.7 
(7) 

4 
(2) 

3.8 
(1) 

5.4 
(8) 

4.4 
(5) 

4.5 
(6) 

4.2 
(4) 

4.2 
(4) 

4.05 
(3) 

Tic-tac-toe 5 
(2) 

5 
(2) 

6 
(4) 

5 
(2) 

4 
(1) 

6 
(4) 

10.8 
(7) 

5.2 
(3) 

7.74 
(6) 

6 
(4) 

5.2 
(3) 

6.48 
(5) 

Exactly 4 
(1) 

6 
(4) 

6 
(4) 

5.75 
(2) 

4 
(1) 

7.2 
(6) 

6 
(4) 

6 
(4) 

7.1 
(5) 

6 
(4) 

6 
(4) 

5.85 
(3) 

Exactly2 1 
(1) 

1 
(1) 

1 
(1) 

1.5 
(2) 

1 
(1) 

2.7 
(4) 

5.7 
(8) 

1.6 
(3) 

9 
(10) 

5.4 
(7) 

2.8 
(5) 

5.85 
(9) 

HeartEW 3 
(1) 

5 
(2) 

3 
(1) 

8.6 
(6) 

3 
(1) 

5.8 
(4) 

8.6 
(6) 

5.8 
(4) 

9.4 
(7) 

7.4 
(5) 

5.4 
(3) 

5.8 
(4) 
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M-of-n 4.6 
(1) 

6 
(4) 

 

6 
(4) 

6 
(4) 

5 
(2) 

7.1 
(5) 

9.7 
(6) 

6 
(4) 

5 
(2) 

6 
(4) 

6 
(4) 

5.85 
(3) 

WineEW 3.5 
(1) 

4 
(2) 

5 
(3) 

5.4 
(4) 

4 
(2) 

6.3 
(7) 

8.8 
(10) 

6 
(6) 

6 
(6) 

6.8 
(9) 

6.4 
(8) 

5.46 
(5) 

CongressEW 4 
(3) 

2 
(1) 

3 
(2) 

6.6 
(10) 

4 
(3) 

5.7 
(8) 

10.3 
(11) 

4.4 
(6) 

5.6 
(7) 

4.1 
(4) 

6.4 
(9) 

4.32 
(5) 

Vote 3.1 
(2) 

5 
(7) 

3 
(1) 

6.6 
(11) 

4 
(4) 

4.8 
(5) 

7.6 
(12) 

3.4 
(3) 

6 
(10) 

4.9 
(6) 

5.2 
(8) 

5.6 
(9) 

Zoo 4.4 
(2) 

4 
(1) 

5 
(3) 

5.7 
(6) 

6 
(8) 

6.7 
(9) 

9.9 
(12) 

6.8 
(10) 

8 
(11) 

5.4 
(4) 

5.6 
(5) 

5.92 
(7) 

Lymphography 5 
(1) 

5 
(1) 

5 
(1) 

7.3 
(4) 

6 
(2) 

10.3 
(9) 

10.5 
(10) 

9.2 
(8) 

7.7 
(6) 

7.4 
(5) 

7.2 
(3) 

9 
(7) 

SpectEW 5.5 
(2) 

5  
(1) 

6 
(3) 

7.6 
(4) 

5 
(1) 

10.9 
(10) 

11.2 
(11) 

8.4 
(7) 

7.8 
(6) 

8.7 
(8) 

9.4 
(9) 

7.7 
(5) 

BreastEW 8 
(1) 

8 
(1) 

9 
(2) 

13.8 
(8) 

10 
(3) 

16.7 
(9) 

21 
(10) 

13.6 
(7) 

15 
(8) 

13.2 
(6) 

11.6 
(4) 

12.6 
(5) 

Ionosphere 4.7 
(1) 

7 
(2) 

7 
(2) 

11.7 
(6) 

9 
(3) 

15.8 
(10) 

21.4 
(11) 

13 
(8) 

9.52 
(5) 

9.1 
(4) 

12.8 
(7) 

13.6 
(9) 

KrVsKpEW 10 
(1) 

11 
(2) 

12 
(3) 

16.1 
(7) 

14 
(4) 

20.4 
(10) 

28 
(11) 

15.8 
(6) 

13 
(3) 

16.9 
(8) 

18.4 
(9) 

14.4 
(5) 

WavefonnEW 9.7 
 (1) 

15 
(4) 

15 
(4) 

20.5 
(5) 

14 
(2) 

22.9 
(9) 

33.2 
(10) 

14.2 
(3) 

14 
(2) 

21.5 
(8) 

20.6 
(6) 

20.8 
(7) 

Sonar 11.9  
(1) 

19 
(2) 

22 
(4) 

26.6 
(7) 

24 
(5) 

33.4 
(10) 

43.4 
(11) 

31.2 
(9) 

20 
(3) 

30.5 
(8) 

26.4 
(6) 

24 
(5) 

PcnglungEW 30.6  
(1) 

84 
(3) 

130 
(6) 

133.1 
(8) 

140 
(9) 

171.6 
(11) 

144.3 
(10) 

130.8 
(7) 

65 
(2) 

95.7 
(4) 

127.4 
(5) 

130 
(6) 

Average # of 
features 6.778 10.889 13.778 16.252 14.5 19.895 21.989 15.878 12.243 14.4 15.945 15.96 
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Figures 5.6 and 5.7 depict the graphical comparison of the average classification 

accuracies and the average number of selected features obtained by the G-GCACO 

algorithm and 11 benchmark algorithms on the UCI datasets. As compared to other 

benchmark algorithm, it clearly shows from Figures 5.6 and 5.7, that the G-GCACO 

algorithm attains a competitively average classification accuracy and the lowest 

number of features. 

 

Figure 5.6: Graphical comparison for the average classification accuracy on UCI 
data 

 

Figure 5.7: Graphical comparison for the average selected features on UCI data. 
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The proposed G-GCACO algorithm's performance is also evaluated using the 

Friedman test with Holm's post-hoc test rank. In this test, the performance of the best 

algorithm is indicated by smallest values for the accuracy and number of selected 

features. Thus, it can be seen in Table 5.26, the best algorithm for the classification 

accuracy and the number of selected features are the BGWOPSO and G-GCACO 

algorithms respectively as highlighted.  

 

Results in Table 5.26 are reproduced in Figure 5.8, where the performance metrics 

feature is plotted against accuracy. The best algorithm is the one that is the nearest to 

the origin which indicates that it has achieved a balance between classification 

accuracy and the number of selected features. In this figure, it can be observed that the 

proposed G-GCACO algorithm is capable of increasing classification accuracy while 

at the same time able to reduce the number of features. 
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Table 5.26 

 Performance rank on UCI datasets  

 G-
GCACO 

GA PSO ALO GSA SSA WOA BGWOPSO ECWSA GOA WOASAT bALO-
QR 

Accuracy 3.667 3.834 5.167 5.278 6.667 5.612 9.667 3.223 7.056 5.389 4.056 5.278 
Selected 
features  

1.389 2.334 2.778 5.723 3 7.278 9.334 5.723 5.834 5.667 5.667 5.667 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.8: Performance rank plot using UCI datasets 
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5.5.2 Experiment on the Microarray Datasets 

 

Tables 5.27 and 5.28 show the experimental results of the average classification 

accuracy and the average number of selected features respectively, using the k-NN 

classifier on three (3) microarray datasets. In both tables, the best result for each dataset 

is highlighted while the figures in parentheses indicate the rank of the algorithms.  

Tables 5.27 shows that the G-GCACO obtains the best classification accuracy for 

large-sized datasets such as microarray datasets (i.e., DLBCL, SRBCT, and 

Leukemia). Thus, the G-GCACO outperforms other algorithms in all datasets in terms 

of classification accuracy. Furthermore, the proposed algorithm achieves the best 

results compared with the other algorithms in terms of the average classification 

accuracy for all the three (3) datasets.  

Table 5.27 

 Classification accuracy result on microarray datasets 

Dataset G-
GCACO GA PSO GSA SSA ALO HHO 

Leukaemia 100 (1) 93.52 
(2) 

86.05 
(5) 

76.11 
(6) 100 (1) 86.23 

(4) 
92.23 

(3) 
DLBCL 100 (1) 93 (3) 82 (5) 87 (4) 77 (6) 87 (4) 94.7 (2) 

SRBCT 100 (1) 88 (6) 96.52 
(3) 97 (2) 88.5 

(5) 94 (4) 100 (1) 

Average 
Accuracy 100 91.5 881 86.7 88.5 89 95.6 
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From Table 5.28 it can be seen that the G-GCACO algorithm obtains the best results 

in all datasets for the number of selected features.  

 

Table 5.28 

 Results of number of selected features on microarray datasets 

 

 

 

The results in Table 5.27 and 5.28 are again shown in Figures 5.9 and 5.10, where the 

average classification accuracy and the average number of selected features are plotted 

against the microarray datasets.  

 

Figure 5.9: Graphical comparison for the average classification accuracy on 
microarray data 

0

0.2

0.4

0.6

0.8

1

1.2

Leukaemia DLBCL SRBCT

C
la

ss
if

ic
at

io
n

 A
cc

u
ra

cy
 

Microarray Datasets

G-GCACO

GA

PSO

GSA

SSA

ALO

HHO

Dataset G-
GCACO GA PSO GSA SSA ALO HHO 

Leukaemia 614.9 (1) 5111 
(5) 5198 (6) 1472 (2) 5228 

(7) 5073 (4) 3979 (3) 

DLBCL 68.1 (1) 2452 
(2) 2505 (3) 2558 (4) 2802 

(5) 3476 (6) 1741 (2) 

SRBCT 53.3 (1) 949 (4) 865 (3) 3872 (7) 1042 
(5) 1071 (6) 798 (2) 

Average # of 
features 245.43 2837.33 2856 2634 3024 3206.66 2172.66 
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Figure 5.10: Graphical comparison for the average selected features on microarray 
data 

Figures 5.11 and 5.12 show the graphical comparison of the average classification 

accuracies and the average number of selected features achieved by the G-GCACO 

algorithm and ten (10) benchmark algorithms on the microarray datasets. As compared 

to other benchmark algorithms, it clearly shows from Figures 5.11 and 5.12, that the 

G-GCACO algorithm attains the highest average classification accuracy and the 

lowest number of features. 

 

Figure 5.11: Graphical comparison for the average classification accuracy on 
microarray data 
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Figure 5.12: Graphical comparison for the average classification accuracy on 
microarray data 

The performance of the proposed G-GCACO algorithm is also compared using the 

Friedman test with Holm's post-hoc test rank. Table 5.29 displays the results of the 

ranking. In this test, the smallest value indicates the highest rank (highlighted).  

Table 5.29 

 Performance rank on microarray datasets  

 G-GCACO GA PSO GSA SSA ALO HHO 
Accuracy 1 3.66 4.33 4 4 4 2 
Selected 
features  

1 3.66 4 4.33 5.66 5.33 2.33 

 

Table 5.29 findings are reproduced in Figure 5.13, where the performance metric 

feature is plotted against accuracy. The best algorithm is the one that is nearest to the 

origin which indicates that the algorithm achieves a balance between classification 

accuracy and the number of selected features.  
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Figure 5.13: Performance rank plot using microarray datasets 

In Figure 5.13 the G-GCACO is the best algorithm that balances the classification 

accuracy and the number of selected features. This reflects the advantage of the 

proposed genetic method (G-GCACO), which incorporates an appropriate selecting 

method that reduces the probability of selecting redundant features, thus the natural 

patterns in the data will not be blurred by noise. On the other hand, the genetic method 

can automatically determine the number of selected features in the final subset which 

contains the significant features Thus, the achieved experimental results prove that the 

proposed G-GCACO has the ability to determine a suitable subset for the several 

application domains (i.e., microarray and the other type of UCI datasets) by 

considering the most informative features to enhance classification accuracy. 

5.6 Results and Analysis of the EGCACO Algorithm 

This section displays the results of the EGCACO algorithm's performance evaluation. 

The experiments being carried out in accordance with the experimental design as 

outlined. Since the EGCACO algorithm combined EC-GCACO, A-GCACO, and G-

GCACO algorithms, it utilised the same parameters in each algorithm (i.e. Table 5.1, 
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Table 5.12, and Table 5.23). Experiments, repeated ten (10) times, give each dataset a 

turn as the testing dataset, generating ten particular sets of performance statistics for 

the classification accuracy and number of features selected. The standard deviations 

for each of the performance statistics are also calculated. 

5.6.1 Performance of EGCACO on the UCI Datasets 

Tables 5.30 and 5.31 show the EGCACO performance evaluated based on average 

classification accuracy and the average number of selected features form the subset. 

The UCI datasets are used in the experiments.  

In Table 5.30, the best result for the classification in each dataset is highlighted while 

the figures in parentheses indicate the rank of the algorithms. The EGCACO algorithm 

performs the best in eight (8) (44.47%) of the datasets. For the remaining ten (10) 

datasets, the proposed algorithm shows competitive results. Furthermore, the average 

classification accuracy over all the datasets for each algorithm is also calculated. For 

this metric, the proposed EGCACO outperforms other algorithms (i.e., first rank) with 

the exception of the HSGW algorithm. However, the difference in results between the 

ECCACO and HSGW is very small. 
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Table 5.30 

 Classification accuracy results on UCI datasets 

 

 

According to Table 5.31, the EGCACO algorithm outperforms the other seven (7) 

benchmark FS algorithms in this classification task in terms of the number of selected 

features. The proposed EGCACO obtains the best result for 16 of the 18 UCI datasets 

Dataset EGCACO HSGW RSGW ASGW BGWOPSO WOA-
CM WOASAT bALO-

QR 

Breastcancer  98.1 
(3) 

98.6 
(1) 

97.1 
(6) 

98.5 
(2) 

98 
(4) 

96.8 
(8) 

97 
(7) 

97.4 
(5) 

BreastEW  100 
(1) 

98.1 
(4) 

98.2 
(3) 

100  
(1) 

97 
(7) 

97.1 
(6) 

98 
(5) 

96.2 
(8) 

CongressEW  98 
(2) 

97.5 
(3) 

96.1 
(5) 

99.4 
(1) 

98 
(2) 

95.6 
(6) 

98 
(2) 

97.2 
(4)  

Exactly  99.7 
(3) 

100  
(1) 

99.7 
(3) 

99.9 
(2) 

100  
(1) 

100  
(1) 

100  
(1) 

91.2  
(4) 

Exactly2  75.3 
(6) 

81.5 
(1) 

77.9 
 (2) 

77.7 
(3) 

76 
(4) 

742 
(8) 

75 
(7) 

76 
(5) 

HeartEW  84.16 
(5) 

92.3 
(1) 

84.8 
(4) 

83.1 
(6) 

85 
(3) 

80.7 
(7) 

85 
(3) 

88.4 
(2) 

ionosphereEW  97.9 
(1) 

94.4 
(6) 

97.8 
(2) 

97.2 
(3) 

95 
(5) 

92.6 
(7) 

96 
(4) 

86.9 
(8) 

KrvskpEW  97 
(6) 

97.3 
(3) 

97.2 
(4) 

97.1 
(5) 

97 
(6) 

97.2 
(4) 

98 
(1) 

97.5 
(2) 

Lymphography  88.9 
(5) 

93.4 
(1) 

89.3 
(3) 

88.4 
(7) 

92 
(2) 

852 
(8) 

89 
(4) 

88.6 
(6) 

M-of-n  100 
(1) 

100  
(1)  

100  
(1) 

100  
(1) 

100  
(1) 

99.1 
(2) 

100  
(1) 

100  
(1) 

PenglungEW  100 
(1) 

94.2 
(3) 

100  
(1) 

100  
(1) 

96 
(2) 

79.2 
(5) 

94 
(4) 

66.5 
(6) 

SonarEW  98.11 
(1) 

96.4 
(4) 

97.9 
(2) 

94.8 
(6) 

96 
(5) 

91.9 
(7) 

97 
(3) 

84 
(8) 

SpectEW  90 
(1) 

86.2 
(6) 

81.5 
(7) 

87 
(4) 

88 
(3) 

86.6 
(5) 

88 
(3) 

90 
(1) 

Tic-tac-toe  82 
(4) 

82.8 
(3) 

85.9 
(2) 

86.5 
(1) 

81 
(6) 

78.5 
(8) 

79 
(7) 

80 
(5) 

Vote  98.5 
(2) 

98.3 
(4) 

99.6 
(1) 

98.4 
(3) 

97 
(5) 

93.9 
(7) 

97 
(5) 

94.8 
(6) 

WavefonnEW  76 
(3) 

74.8 
(6) 

75.7 
(4) 

74.6 
(7) 

80 
(2) 

75.3 
(5) 

76 
(3) 

89.4 
(1) 

WineEW  100 
(1) 

100  
(1) 

100  
(1) 

100  
(1) 

100  
(1) 

95.9 
(3) 

99 
(2) 

100 
(1) 

Zoo 100 
(1) 

100 
(1) 

100 
(1) 

100 
(1) 

100 
(1) 

98 
(2) 

97 
(4) 

96.1 
(5) 

Average 
Accuracy 93.5 93.6 93.2 93.4 93.2 89.8 92.3 90.1 
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(88.89%). It is worth mentioning that the EGCACO obtains competitive results for the 

remaining two (2) datasets (i.e., SpectEW and Vote). In the case of some datasets with 

respect to other FS algorithms, the EGCACO algorithm fails to achieve the highest 

accuracy but, in terms of the number of selected features, it surpasses all these 

algorithms by a huge margin and is the first ranked. The average number of selected 

features for all the datasets is calculated for each of the algorithms as displayed in the 

last row which shows that the proposed EGCACO has the least number of selected 

features. This shows that, even with a minimal number of features, the proposed 

EGCACO manages to attain the highest classification accuracy. 

 

Table 5.31 

 Number of selected features on UCI datasets 

Dataset EGCACO HSGW RSGW ASGW BGWOPSO WOA-
CM WOASAT bALO-

QR 

Breastcancer  4 
(1) 

5 
(7) 

5.933 
(8) 

4.867 
(6) 

4.4 
(5) 

4.302 
(4) 

4.2 
(3) 

4.05 
(2) 

BreastEW  11 
(1) 

16.667 
(6) 

17.5 
(7) 

15.833 
(5) 

13.6 
(4) 

15.81 
(4) 

11.6 
(2) 

12.6 
(3) 

CongressEW  3.38 
(1) 

8.867 
(7) 

9.7 
(8) 

8.833 
(6) 

4.4 
(3) 

6.448 
(5) 

6.4 
(4) 

4.32 
(2) 

Exactly  4 
(1) 

6.7 
(5) 

7.1 
(7) 

6.867 
(6) 

6 
(3) 

6.045 
(4) 

6 
(3) 

5.85 
(2) 

Exactly2  1.5 
(1) 

9.033 
(7) 

9.2 
(8) 

7.933 
(6) 

1.6 
(2) 

5.252 
(4) 

2.8 
(2) 

5.85 
(5) 

HeartEW  3 
(1) 

8.767 
(7) 

6.133 
(4) 

6.367 
(5) 

5.8 
(3) 

6.995 
(6) 

5.4 
(2) 

5.8 
(3) 

ionosphereEW  5 
(1) 

18.167 
(7) 

20.5 
(8) 

17.3 
(6) 

13 
(3) 

14.416 
(5) 

12.8 
(2) 

13.6 
(4) 

KrvskpEW  12.83 
(1) 

24.8 
(7) 

24.8 
(7) 

24.5 
(6) 

15.8 
(3) 

18.54 
(5) 

18.4 
(4) 

14.4 
(2) 

Lymphography  5.9 
(1) 

10.567 
(6) 

10.567 
(6) 

11.2 
(7) 

9.2 
(5) 

8.208 
(3) 

7.2 
(2) 

9 
(4) 

M-of-n  5 
(1) 

6.8 
(6) 

7.1 
(8) 

6.867 
(7) 

6 
(3) 

6.006 
(4) 

6.4 
(5) 

5.46 
(2) 

PenglungEW  37  
(1) 

165.333 
(6) 

181.2 
(8) 

170.3 
(7) 

130.8 
(5) 

128.05 
(3) 

127.4 
(2) 

130 
(4) 

SonarEW  12 
(1) 

34.3 
(5) 

36.433 
(8) 

35.3 
(6) 

31.2 
(4) 

35.64 
(7) 

26.4 
(3) 

24 
(2) 
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Figures 5.14 and 5.15 provide a graphical comparison of the average classification 

accuracy and number of selected features achieved by the EGCACO algorithm and 

seven (7) benchmark algorithms on the UCI datasets. Figures 5.14 and 5.15 clearly 

illustrate superior performances of the EGCACO algorithm where it is able to achieve 

the second highest average classification accuracy and the least number of selected 

features. Observing both Figure 5.14 and Figure 5.15, the top four (4) FS algorithms 

are the RSGW, EGCACO, ASGW, and HSGW.  

 

Figure 5.14: Graphical comparison for the average classification accuracy on UCI 
data 
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SpectEW  8.50 
(4) 

10.233 
(7) 

13.3 
(8) 

10.167 
(6) 

8.4 
(3) 

8.052 
(2) 

9.4 
(5) 

7.7 
(1) 

Tic-tac-toe  5.2  
(1) 

7 
(5) 

7 
(5) 

7 
(5) 

5.2 
(1) 

6.903 
(4) 

5.2 
(1) 

6.48 
(3) 

Vote  4.17 
(2) 

7.567 
(6) 

8.8 
(7) 

8.967 
(8) 

3.4 
(1) 

7.408 
(5) 

5.2 
(3) 

5.6 
(4) 

WavefonnEW  11.33 
(1) 

26.933 
(7) 

27.533 
(8) 

25.833 
(6) 

14.2 
(2) 

25.4 
(5) 

20.6 
(3) 

20.8 
(4) 

WineEW  3 
(1) 

4.533 
(2) 

5.867 
(4) 

5.933 
(5) 

6 
(6) 

6.4 
(7) 

6.4 
(7) 

5.46 
(3) 

Zoo 5 
(1) 

5.533 
(3) 

5.3 
(2) 

7.6 
(8) 

6.8 
(7) 

6 
(6) 

5.6 
(4) 

5.92 
(5) 

Average # of 
features 7.878 20.934 22.442 21.203 15.878 17.548 15.967 15.938 
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Figure 5.15: Graphical comparison for the average selected features on UCI data 

Table 5.32 shows the performance results obtained by the top four (4) algorithms in 

terms of three (3) metrics (i.e., precision, recall, and f-score) on 18 UCI datasets. It can 

be seen that the proposed EGCACO algorithm obtains the best performance for 11 of 

the 18 datasets in Precision and ten (10) datasets for both F-measure and Recall.  

 

Table 5.33 displays the performance of the proposed EGCACO algorithm and the 

benchmark algorithms using the Friedman test with Holm's post-hoc test rank. These 

tests calculate the rank for the algorithm in terms of the accuracy and the number of 

features. The smallest value for the accuracy and the number of selected features 

indicates the highest rank. Thus, for this case, the best algorithm for both the accuracy 

and the number of selected features is the proposed EGCACO algorithm. 

 

 Figure 5.16 shows the performance metric feature plotted against accuracy, which is 

similar to the findings in Table 5.33. The best algorithm is the one that is closest to the 

origin and has found a fair balance between classification accuracy and the set of 
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features selected. The proposed EGCACO algorithm obtains the best balance between 

accuracy and number of features among the algorithms. 
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Table 5.32 

 Average of precision, recall, and f-score of top four (4) FS algorithms 

Datasets 
HSGW RSGW ASGW EGCACO 

precisio
n 

recall f-score precisio
n 

recall f-score precisio
n 

recall f-score precisi
on 

recall f-score 
Breastcancer 1 1 1 0.9552 0.9678 0.9609 0.98 0.9891 0.9843 1 1 1 

BreastEW 0.9539 0.9335 0.9422 0.9672 0.9573 0.9619 0.936 0.9315 0.9337 0.9689 0.9736 0.9712
4 CongressEW 0.9512 0.9512 0.9512 0.9662 0.9604 0.9632 0.9714 0.9815 0.9759 0.9384 0.9282 0.9332
7 Exactly 0.8143 0.8086 0.8113 0.7779 0.7779 0.7779 0.9006 0.8734 0.8852 0.8966 0.8593 0.8775

53824 Exactly2 0.5505 0.5192 0.5007 0.6241 0.5718 0.5766 0.5609 0.534 0.5291 0.6311 0.5603 0.6168
8 HeartEW 0.5907 0.5917 0.5903 0.739 0.7417 0.7393 0.85 0.85 0.85 0.8037 0.8 0.8018
4 IonosphereE

W 
0.9018 0.78 0.8045 0.9327 0.86 0.8825 0.9245 0.84 0.8639 0.8649 0.8304 0.8472

9 KrvskpEW 0.9646 0.9634 0.9639 0.9765 0.9764 0.9765 0.9704 0.97 0.9702 0.98 0.985 0.9824
42159 Lymphograph

y 
0.4234 0.4409 0.432 0.3946 0.4006 0.3944 0.4039 0.4069 0.401 0.5216 0.5257 0.5236

4 M-of-n 0.9379 0.9329 0.9353 0.8527 0.8443 0.8481 0.9922 0.9865 0.9892 0.899 0.8765 0.8876
0 PenglungEW 0.881 0.9048 0.8762 0.7929 0.7857 0.7732 0.7571 0.8095 0.7651 0.8812 0.9241 0.9021
4 SonarEW 0.8413 0.8249 0.8286 0.8612 0.8513 0.8542 0.8333 0.8295 0.8309 0.864 0.8612 0.8625

97728 SpectEW 0.7778 0.7378 0.7545 0.7473 0.6924 0.7126 0.7976 0.8171 0.8066 0.7656 0.7516 0.7585
3 Tic-tac-toe 0.6864 0.645 0.6515 0.8995 0.8204 0.8433 0.9139 0.806 0.8325 0.9789 0.8672 0.9196
7 Vote 0.951 0.943 0.9467 0.9259 0.9459 0.9314 0.9647 0.9647 0.9647 0.976 0.941 0.9581
8 WaveformEW 0.811 0.8111 0.811 0.8202 0.8195 0.8187 0.8367 0.8361 0.836 0.8232 0.844 0.8334 

WineEW 0.9697 0.9762 0.9718 0.9744 0.9762 0.9743 0.9697 0.9762 0.9718 0.9751 0.9831 0.9790
2 Zoo 1 1 1 0.9841 0.9286 0.944 1 1 1 1 1 1 

Average 0.833 0.820 0.820 0.843 0.826 0.829 0.864 0.855 0.855 0.876 0.864 0.869 
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Table 5.33 

Rank performance on UCI datasets 

 EGCACO HSGW RSGW ASGW BGWOPSO WOA-
CM 

WOASAT WOASAT-
2 

bALO-
QR 

Accuracy 2.612 2.778 2.889 3.056 3.334 5.556 3.667 4.334 2.612 
Selected 
features  

1.223 5.889 6.723 6.167 3.167 3.5 4.612 3.166 3.056 

 

  

 

 

 

 

 

Figure 5.16: Performance rank plot using UCI datasets
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5.6.2 Performance of EGCACO on the Microarray Datasets 

Table 5.34 shows the experimental results of the average classification accuracy (Acc) 

and the standard deviation (Std) of the proposed EGCACO and eight (8) other FS 

algorithms. The experimental results are used to determine the best algorithm 

performance in terms of classification accuracy for microarray by using k-NN, 

classifier. The best result is highlighted for each dataset while the figures in 

parentheses indicate the rank of the algorithms. 

 

Once again, the EGCACO algorithm outperforms its peers in terms of classification 

accuracy in microarray datasets. The proposed algorithm achieves the best results (first 

rank) in seven (7) datasets out of nine (9) (i.e., 77.78%) datasets. For the remaining 

two (2) datasets (i.e., CLL_SUB_111 and Lung), the proposed EGCACO algorithm 

comes second after the GA and DE algorithms. Moreover, the proposed EGCACO 

outperforms other algorithms (i.e., first rank) in terms of average classification 

accuracy, standard deviation, over the comparable benchmark algorithms. In addition, 

the results show the standard deviation values calculated for the accuracy results have 

very competitive small standard deviation values when compared to the other 

algorithms, indicating the stability of its performance.  

 

Table 5.35 shows the experimental results of the average selected features using the 

proposed EGCACO and eight (8) benchmark FS algorithms. The best result for each 

dataset is highlighted. 

 

Based on the results, the EGCACO algorithm demonstrates the lowest number of 

selected features in six (6) out of nine (9) datasets (i.e., 66.67%). In the case of the 
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remaining datasets, the ASO algorithm ranks first followed by the proposed EGCACO 

algorithm. The performances of the algorithms on all the datasets as a whole are also 

calculated as shown in the last row of the table. The proposed algorithm obtains the 

best (lowest) number of features. Thus, the proposed EGCACO performs well on these 

datasets which are considered as large size datasets. 
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Table 5.34 

 Classification accuracy and standard deviation results on microarray datasets 

Dataset   EGCACO TGA GWO ASO PSO HHO GA DE BA 

CLL_SUB_111 
Avg 66.84 (2) 59.09 

(3) 
59.09 

(3) 50 (5) 50 (5) 54.55 
(4) 

68.18 
(1) 

68.18 
(2) 

45.45 
(6) 

std  0.0137 0.0296 0.0288 0.037 0.0282 0.0317 0.0262 0.0268 0.0264 

Colon 
 Avg 97.41 (1) 75 (4) 83.33 

(2) 
81.67 

(3) 75 (4) 75 (4) 83.33 
(2) 75 (4) 75 (4) 

std  0.0027 0.0024 0.0052 0.0086 0.0025 0.0165 0.0036 0.0144 0.0026 

Leukemia 
 Avg 100 (1) 92.86 

(2) 
85.71 

(3) 
71.43 

(5) 
85.71 

(3) 
85.71 

(3) 
92.86 

(2) 
78.57 

(4) 
85.71 

(3) 
std  0.0067 0.0015 0.0022 0.0064 0.0012 0.0102 0.002 0.0023 0.0012 

Lung 
 Avg 92.21 (2) 92 (3) 91.5 

(3) 
87.5 
(5) 

91.5 
(3) 90 (4) 91.5 

(3) 
92.5 
(1) 

91.5 
(3) 

std  0.0036 0.002 0.0034 0.0064 0.0019 0.0091 0.003 0.0036 0.0016 

Lung_discrete 
 Avg 89.86 (1) 71.43 

(4) 
78.57 

(3) 
64.29 

(5) 
78.57 

(3) 
71.43 

(4) 
78.57 

(3) 
85.71 

(2) 
85.71 

(2) 
std 0.0095 0.0064 0.0136 0.0096 0.0067 0.0124 0.0072 0.0137 0.0063 

Lymphoma 
 Avg 95.10 (1) 89.47 

(2) 
78.95 

(4) 
78.95 

(4) 
89.47 

(2) 
89.47 

(2) 
89.47 

(2) 
84.21 

(3) 
84.21 

(3) 
std 0.005 0.0016 0.0023 0.0104 0.0016 0.006 0.0036 0.0022 0.0012 

nci9 
 Avg 71.66 (1) 50 (2) 33.33 

(4) 25 (5) 41.67 
(3) 50 (2) 33.33 

(4) 50 (2) 50 (2) 

std 0.0137 0.0422 0.0401 0.0393 0.0394 0.0428 0.043 0.0375 0.0403 

Prostate_GE  
Avg 95 (1) 90 (3) 95 (1) 85 (4) 95 (1) 90 (3) 90 (3) 75 (5) 85 (4) 
std 0.0016 0.0016 0.0114 0.0089 0.0015 0.0151 0.0019 0.0135 0.0014 

SMK_CAN_187  Avg 91.37 (1) 75.68 
(4) 

81.08 
(3) 

70.27 
(6) 

67.57 
(7) 

72.97 
(5) 

62.16 
(8) 

59.46 
(9) 

86.49 
(2) 
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std  0.0112 0.024 0.0226 0.0261 0.0197 0.0261 0.017 0.0225 0.0203 

Average 
 Avg 88.82 77.28 76.28 68.23 74.94 75.45 76.6 74.29 76.56 
std 0 0.0123 0.0144 0.0169 0.0114 0.0188 0.0119 0.0151 0.0112 

 

Table 5.35  

Results of number of selected features on microarray datasets 

 

Dataset EGCACO TGA GWO ASO PSO HHO GA DE BA 

CLL SUB 
111 

357.5 
 (1) 

5662.63 
(7) 

6384.14 
(8) 

1103.75 
(2) 

5630.84 
(6) 

4399.46 
(3) 

5585.41 
(4) 

6901.91  
(9) 

5623.11 
(5) 

Colon 42  
(1) 

946.87 
(6) 

979.4 
(7) 

125.54  
(2) 

924.18  
(4) 

626.94 
(8) 

907.2 
 (3) 

1032.07 
(9) 

944.51 
(5) 

Leukemia 43.793  
(1) 

3400.45 
(6) 

3470.59 
(8) 

339.51 
(2) 

3356.92 
(5) 

1961.36 
(3) 

3240.73 
(4) 

3498.41 
(9) 

3404.03 
(7) 

Lung 179.26 
 (1) 

1566.4 
(6) 

1615.38 
(8) 

192.23  
(2) 

1533.21 
(5) 

915.67 
(3) 

1463.4 
(4) 

1629.41 
(9) 

1569.27 
(7) 

lung_discrete 30.8  
(2) 

137.73 
(6) 

149.94 
(8) 

25.31  
(1) 

129.2 
(5) 

94.9 
(3) 

121.74 
(4) 

158.4 
(9) 

138.7 
(7) 

Lymphoma 365 
(2) 

1890.76 
(6) 

1931.39 
(8) 

155.81 
 (1) 

1844.89 
(5) 

1022.39 
(3) 

1574.2 
(4) 

1959.52 
(9) 

1903.45 
(7) 

nci9 1001 
 (1) 

4879.49 
(7) 

5232.5 
(8) 

1062.24  
(2) 

4799.88 
(5) 

3932.79 
(3) 

4720.81 
(4) 

6128.74 
(9) 

4811.22 
(6) 
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Prostate_GE 474 
(2) 

2883.27 
(6) 

3032.71 
(8) 

424.93 
 (1) 

2853.46 
(5) 

1841.66 
(3) 

2833.86 
(4) 

3086.76 
(9) 

2883.41 
(7) 

SMK CAN 
187 385.7 (1) 9977.48 

(7) 
11069.31 

(8) 
1945.67 

(2) 
9945.69  

(6) 
7199.64 

(3) 
9922.05 

(4) 
11519.65 

(9) 
9945.36 

(5) 

Average # of 
features 319.89 3482.78 3762.81 597.22 3446.47 2443.86 3374.37 3990.54 3469.22 
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For the microarray datasets, Figures 5.17 and 5.18 provide a graphical comparison of 

the average classification accuracy and number of selected features by the EGCACO 

algorithm and eight (8) benchmark algorithms. It can be seen that the EGCACO 

algorithm obtains the best average classification accuracy and the fewest number of 

selected features. 

 

 

Figure 5.17: Graphical comparison for the average classification accuracy on 
microarray data 

Figure 5.18: Graphical comparison for the average selected features on microarray 
data 
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The Friedman and Holm's post-hoc test rank is used to compare the performance of 

the proposed EGCACO algorithm. This test is to rank the algorithm based on the 

number of features and the highest accuracy. The highest rank is assigned to the 

algorithm with the least number of features and the highest accuracy. The ranking 

results are shown in Table 5.36. The highest ranks are highlighted. The EGCACO 

algorithm manages to obtain the highest rank for the classification accuracy and the 

number of selected features in this test.  

 

Table 5.36 

 Performance rank on microarray datasets  

 EGCACO TGA GWO ASO PSO HHO GA DE BA 
Accuracy 1.2223 3 2.8889 4.6667 3.4445 3.4445 3.2223 3.5556 3.2223 
Selected 
features  

1.334 6.334 7.889 1.667 5.112 3.556 3.889 9 6.223 

 

The results in Table 5.36 are displayed in Figure 5.19, where the accuracy is plotted 

against the number of selected features. The best algorithm that has managed to obtain 

a balance between classification accuracy and the selected features is indicated by the 

position closest to the origin. Thus, in this figure, the algorithm that has achieved the 

best balanced between the accuracy and the number of selected features is the proposed 

EGCACO. 
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Figure 5.19: Rank plot for microarray datasets 

 

In all the experiments conducted to evaluate the proposed EGCACO, the highest 

classification accuracy in medium, and large datasets (i.e., all the datasets in UCI) has 

been obtained. In addition, the achievement in reducing the dimension of features in 

such datasets is better than the several benchmark algorithms. From the above results, 

the proposed EGCACO has the ability to get the best result in very large datasets (i.e., 

Microarray). This demonstrates EGCACO is capable of search the feature space 

adaptively for optimal feature combinations. The EGCACO algorithm's performance 

can be justified by the fact that it makes use of the ACO-based feature clustering 

concept which benefits its intensification and diversification. Additionally, the ACO-

based adaptive technique for selecting the appropriate parameter has the advantage of 

providing a more diverse capability in selecting the significant feature, which helps to 

avoid maximum redundancy and minimize the number of relevant features. The 

proposed EGCACO algorithm's good performance is also due to the hybridization of 

the genetic method in determining the final subset. This demonstrates its ability to 

generate sufficient diversity in finding the final subset.  
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5.7 Summary 

 

The experimental findings demonstrate that the proposed EGCACO surpasses other 

FS algorithms in terms of classification performance and the number of selected 

features in both benchmark and microarray datasets. Integrating the ACO-based 

feature clustering method, ACO-based adaptive technique, and the genetic method to 

determine the final subset in the proposed EGCACO, a significant reduction in the 

number of selected features was obtained without losing important information, 

resulting in high classification accuracy for handling the problem of dimensionality 

datasets. All three modifications were tested by implementing EC-GCACCO, A-

GCACO, and G-GCACO algorithms. Experimental results show the enhanced feature 

clustering method can effectively perform well in the space where the exploration to 

escape from local optima in grouping the highly correlated genes has been successful 

and was able to improve the classification accuracy. The adaptive ACO technique has 

the ability to select the appropriate value to be used in selecting significant features 

that can maximize dependency and minimize redundancy among the features and, 

therefore, enhance the classification accuracy of EGCACO. Furthermore, the genetic 

method (i.e., G-GCACO) involves a subset determination to select an appropriate 

subset with the most informative features that improve the classification accuracy with 

the fewest number of selected features. In summary, the proposed EGCACO algorithm 

is able to minimize high dimensionality datasets while maintaining acceptable 

classification accuracy. The next chapter will summarize the significant findings and 

suggest future research directions. 
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CHAPTER SIX CONCLUSION, LIMITATIONS AND FUTURE 

WORK 

6.1 Introduction  

The major purpose of this study is to develop an ACO-based algorithm for FS in DNA 

microarray. The proposed algorithm is made up of three components: ACO-based 

feature clustering, the ACO-based adaptive technique, and the genetic method. All 

components have contributed to the proposed EGCACO's ability to achieve high 

classification accuracy with the lowest number of selected features in DNA microarray 

datasets. To summarize the study, Section 6.2 highlights the main contributions, while 

Section 6.3 lists some of the limitations and recommendations for future research 

directions. 

6.2 Research Contribution 

This study has contributed to two main categories of contribution; knowledge and 

practical contributions. 

6.2.1 Knowledge Contribution 

The contributions from the research that can be categorized to the body of knowledge 

are: 

The first contribution is the ACO-based feature clustering method which can be used 

to enhance the grouping of the highly correlated features into the same cluster. 

Through the use of the ACO-based feature clustering approach, the possibility of 

falling into local optima is reduced since many ants search for the best solution 

concurrently and stochastically. Each ant will gradually form its own cluster centres 
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for calculating heuristic values in an iteration level. Ants consider not only the 

pheromone levels but also the heuristic values of candidate nodes when selecting the 

next feature. This enables ants to find better solutions (i.e., groups of features). The 

experimental results revealed that the ACO-based feature clustering method 

outperforms its competitors that employ the greedy search strategy to cluster the 

features.  

A new adaptive parameter selection technique based on ACO is introduced to control 

the selection of relevant features and avoid the redundancy of the features. This is 

based on three main aspects/traits in this technique. The first aspect is pheromone 

initialisation, where two pheromone matrices are initialised ed for the parameter value 

and the feature search space, respectively. This overcomes the searching complexity 

where the search space is reduced in size. The second aspect is the ant selection 

procedure, which utilises both probabilistic state transition rules and the greedy search 

method. This aspect clearly reinforces the appropriate dynamic adjustment of the 

parameter value in each selection. The last aspect is the pheromone updating rule for 

the quality of the selected parameter value. This enables the search of an optimal 

parameter value within the iterations. For most related ACO-based FS methods, the 

evaluation outcome demonstrated that the proposed algorithm is able to enhance 

classification accuracy with the proposed ACO-based adaptive selection of the 

parameter control, which depends on the feedback from the search behaviour. 

A method for determining the final subset processes using a genetic algorithm has also 

been proposed. In the feature search space, the genetic method works by formulating 

a crossover with the subset evaluation and selection strategy for the best final subset 

that increases classification accuracy with fewer features. This enhancement removes 
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the static or predefined parameters. The experimental results have shown that the 

performance of the proposed genetic method is the best in obtaining the smallest 

number of features with the highest classification accuracy.  

The EGCACO algorithm can, generally, be classified as another variant of the ACO 

optimisation algorithm and, specifically, a member of the GCACO algorithm which 

combines the advantages of the ACO-based feature clustering method, ACO-based 

adaptive selection technique, and the genetic method in determining the final subset. 

Thus, the proposed EGCACO algorithm has performed well for FS in DNA microarray 

data.  

6.2.2 Practical Contribution 

The proposed EGCACO algorithm can be used in several application domains such as 

epidemiology, pathophysiology, and biological treatment. Due to the simplicity of the 

algorithm to identify the important features (i.e., genes), experts will be able to 

overcome the dimensional curse of the data. The EGCACO algorithm is able to 

eliminate unrelated and redundant genes and identifies the relevant ones. For instance, 

due to these redundant and irrelevant genes, the learning models (classifier) perform 

poorly, posing a challenge for data mining. Thus, identifying specific relevant features 

is significant and can help in the detection of DNA microarray. The EGCACO 

algorithm can also determine the most important features in other domains, with the 

purpose of extracting information from the data. Text mining, image processing, 

intrusion detection, business, economics classification, medical diagnosis, biological 

classification, and health care systems are examples of these domains. 
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6.3 Limitations and Future Work 

This study has certain limitations, and this section recommends some future research 

directions to address the limitations. 

Overall, the ACO-based feature clustering performed well on datasets but did not 

obtain the best result in some datasets (i.e., lonosphere, Madelon, and Hepatitis) 

especially when the support vector machines and k-NN classifiers were used. Thus, an 

improvement on specifying the appropriate number of clusters can be used to 

overcome this limitation. 

 

The ACO-based adaptive technique has the ability to select the appropriate parameter 

value to be used in selecting significant features. Therefore, the ACO-based FS process 

considered the dependency of the chosen features and chose a feature subset with 

minimal redundancy between them. Thus, this has enabled best results to be obtained 

by the proposed algorithm for all classifiers. However, other predefined parameters 

are still required in the components of the EGCACO. Thus, a future research direction 

is to focus on the adaptive adjustment of several parameters that are related to the 

ACO-based FS algorithm. 

 

The genetic method is able to produce the final subset from the whole dataset. This is 

done by arranging the most significant features and determining the number of features 

to be included in the final subset. However, it is still not flexible when filter subset 

evaluation is used in the selection strategy. With respect to the other algorithms, there 

are a different number of features that will be obtained in each classifier. Thus, the use 

of the classification performance as the principal characteristic of wrapper 
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methodologies to guide the selection strategy of the genetic method is suggested as 

future work. 

 

The EGCACO algorithm for FS was able to deal with the different sizes of datasets. 

With respect to the UCI datasets, it displays good performance for small, medium, 

large, and very large size datasets when the number of features is higher than the 

number of instances. However, when the number of instances is higher than the 

number of features, the EGCACO did not get the best result, especially in small and 

medium sizes. On the other hand, for DNA microarray the best result was obtained in 

most of the datasets (i.e., very large size). Nevertheless, when the type of the datasets 

is continuous or multiclass, the classification accuracy of EGCACO is not superior. 

Perhaps this is due to setting a threshold on estimated class probability value. Thus, 

further work could address the continuous and multiclass datasets and the case where 

the number of instances is higher than the number of features.  
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