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ABSTRACT 
 

In the last decade, advancement in Bioinformatics has come up the long way. 

Bioinformatics deals with management of huge volume of biological data by using 

computers in order to better understand and organize information. The advancement entails 

constant improvements in the creation of the data, organizing the data and analyzing the 

data for practical use. One such advancement in the field of Bioinformatics is Microarrays 

technology.  

 

A DNA Microarrays or Microarrays technology, which is a size of microscope slide or 

even smaller has made it possible for scientists to perform an experiment to analyze 

expression levels for tens of thousands of genes at a same time. Microarrays provide a 

relatively rapid, reliable, reproducible, and quantitative approach for simultaneously 

monitoring expression levels of thousands of genes. It has been used as a technology for 

analyzing changes in the gene expression level and genomic changes that are caused due to 

diseases. The gene expression data are organized as matrices tables where rows represent 

genes, columns represent various samples such as tissues or experimental conditions, and 

numbers in each cell characterize the expression level of the particular gene in the 

particular sample. The analysis of relatively large datasets generated in a typical 

microarray experiment is better done using artificial intelligence rather than traditional 

approach. [1][2] 

 

Literature study shows more often than not, several genes contribute to a disease, which 

motivates researchers to identify a subset of genes whose expression levels rise and fall 

coherently under a subset of conditions, that is, they exhibit fluctuation when conditions 

change. As microarray experiments are generating huge volume of data, analysis of such 

data is becoming one of the major issues in the field of bioinformatics. Gene classification 

problem is still active area of research because of the attributes of the gene expression data, 

high dimensionality, noise and small sample size. 

 

In this thesis, we focus our work on using artificial intelligence techniques to solve the 

feature selection and classification problems arising from microarrays gene expression 

data. We first identify the major types of the feature selection and classification problems; 

then apply several artificial intelligence methods to solve the problems and perform 
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systematic tests on artificial and real gene expression datasets. We have proposed hybrid 

feature selection algorithm [AAG] to obtain high classification performance for high 

dimensional datasets. Using the hybrid feature selection algorithm, we are able to identify 

most selective and predictive genes from the dataset which gives higher classification 

accuracy compared to traditional algorithms. 

 

We have obtained more than 90% classification accuracy for several biological datasets 

such as colon, leukemia, 9_tumour, Lung Cancer, SRBCT, Diabetes and Hepatitis, which 

is comparatively better than other existing algorithms.  

 

So we can overall conclude that proposed hybrid feature selection algorithm [AAG] works 

well with several gene expression datasets and give stable accuracy results. Moreover, this 

algorithm can be used with other relevant datasets to find useful biological patterns and can 

be a part of future research. 
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CHAPTER – 1 

Bio-Informatics : A Journey 

1.1 Introduction 

The principal idea of cellular biology [“The Holy Trinity of Molecular Biology”] 

revolves around the fact that:  

“DNA acts as a template to replicate itself, DNA is also transcribed into RNA, and RNA 

is translated into protein” 

 

Figure 1.1 : The Molecular Biology’s Central Dogma 

(Source : http://www.discoveryandinnovation.com/BIOL202/notes/lecture10.html) 

 

DNA is the hereditary material. It answers the absolute most fundamental yet significant 

inquiries raised by researchers throughout the years like – “What is the premise of 

legacy?” The data put away in DNA that permits the association of lifeless atoms into 

working, living cells and life forms that can direct their inside compound structure, 

development and multiplication [4]. It is due to this genetic material that we inherit our 
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parents‟ characteristics like hair, nose and other aspects. The different units that 

administer these characteristics at the hereditary level are called genes [5]. 

 

Biological data can be perceived as molecular DNA sequences and genome and gene 

product analysis experimental content [6]. Bioinformatics, an interdisciplinary part of 

life sciences, the objective is to develop systematically procedure and tools to analyse 

and discover huge dimensions of biological data, managing to accumulate, organize, 

systematize, annotate, envisage, probe, mine, comprehend, and infer multifaceted data 

measurements. It uses orthodox, traditional, latest computer engineering and distributed 

computing methods, maths, statistics, along with pattern recognition, reconstruction, 

machine learning, artificial intelligence, recreation and iterative methodologies, and 

molecular modelling / folding procedures [6,7]. The scaling and upgrades of the 

bioinformatics field, be that as it may, are solidly associated with the computerized 

programming and programming progressions required for the overseeing the structural 

and functional investigation of huge size of sub-atomic courses of action of DNA, RNA, 

proteins and metabolites. 

 

Bioinformatics is a control that initially came to fruition so as to institutionalize the 

gigantic biological informational data sets produced by new molecular biology 

innovations. These advances originated from enormous - scale DNA sequencing and the 

need for grouping sequence and annotation tools, for example, the area of protein-

coding zones in DNA. The building of repositories for sequences was a parallel 

development. The most important achievement was the human genome sequencing and 

numerous new genomes afterward. 

 

Previously, at the heart of genomics and genetics, bioinformatics has become a useful 

interdisciplinary branch of science for a broader range of biological readings that 

analyse different forms of biological data, structure, systematize, annotate, query, 

excavating and visualize accessible genetic information and various types of biomedical 

data [6–9]. Differentiation amongst bioinformatics and other interrelated fields have 

become difficult due to increased computer applications, statistics and mathematics in 

the solving of scientific problems and experiments in the life sciences. There should be 

no misunderstanding regarding the depiction and goals of bioinformatics. 
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Bioinformatics must not be muddled with, for instance, biometry and biostatistics, DNA 

computer advance or electronic imaging data generation and recording. Bioinformatics 

is also not the same as biological computation and computational science [6,7].  

 

Biological computation – Biological computer development using advances in 

biotechnology, artificial intelligence, mechanical technology and molecular cell 

biology. 

 

Bioinformatics – Development and use of computer procedures to understand and infer 

biological methods based on and interactions with genome-resultant molecular 

structures [7]. The concepts of biological computation and bioinformatics show that 

there is a resemblance between bioinformatics and the objectives of computational 

biology.   

 

Computational biology - Focuses on the improvement and/or development of 

theoretical prototypes for genetic analysis [6, 7], while bioinformatics provides practical 

tools for the organization and analysis of essential genomic, proteomic and other 

information, including sequence assessment and representation [6,7]. Bioinformatics 

and computational biology are both aimed at using genome data, e.g. multiple sequence 

arrangements and/or genome association tools. This makes it less distinguishable to 

distinguish between these two areas if their theoretical and practical balances are 

overlooked [7]. 

 

It is clear from the above discussion that bioinformatics common core objectives are to 

address, analyse and interpret the genome-determined molecular structure data and its 

authoritative standards in a wide scope of proportional, simulative and 

transformative/phylogenetic views. These techniques are generally utilized in genetics, 

genomics, biochemistry, physiology, biophysics, agriculture, medical and ecological 

sciences, development, structure biology and artificial intelligence [6–15]. 

 

For example, the near investigation of genomic and hereditary information or 

potentially the preparing of signals help translate and comprehend atomic and 

developmental processes[14] and connections from substantial volumes of crude 
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information in the field of experimental molecular science in the wet laboratory[6,7]. In 

the fields of  “omics” it helps sequencing and annotation of genomes and to distinguish 

distinctive patterns, change profiles, hereditary epistasis, gene/protein expression and 

direction and gene ontologies[6,7,9,13-16] and additionally to be instrumental in the 

extraction and question of organic information and biomedical literature [8,9,12]. At the 

point when utilized in the framework biology[7,12], bioinformatics is a key tool for 

breaking down and listing biochemical/hereditary pathways and systems that assistance 

to coordinate pieces of analysed data to represent and demonstrate a total picture of life 

forms. 

 

Reconstruction, pattern recognition, folding, simulation and molecular modelling using 

bioinformatics techniques can recognize essential characteristics and molecular 

sequence interactions that are significant for the design of structural biology and 

therapeutic drugs [17, 18]. All of these huge, genome-derived, molecular arrangement 

examinations of raw “Big Data” cannot be analysed physically [6, 7]. This led the 

biological research fraternity to utilize interdisciplinary strategies and techniques to 

analyse “Big Data” in amalgamation with modern computer skills, leading to the 

development of new interdisciplinary bioinformatics. 

 

Bioinformatics has been defined by different researchers/agencies as under- 

 “Bioinformatics is the study of biological evidence utilizing computers and 

statistical methods; the field of creating and using computer databases and 

techniques to accelerate and improve genetic research” [3,31]. 

 “Bioinformatics is the field of science in which biology, computer science, and 

information technology merges into a single discipline. There are three 

important sub-disciplines within bioinformatics: the development of new 

algorithms and statistics with which to assess relationships among members of 

large data sets; the analysis and interpretation of various types of data including 

nucleotide and amino acid sequences, protein domains, and protein structures; 

and the development and implementation of tools that enable efficient access 

and management of different types of information.”[The National Center for 

Biotechnology Information (NCBI 2001)] 



Bio-Informatics : A Journey 

 

Page 5 of 132 

 

 Bioinformatics has also been defined as a way to analyze, compare, graphically 

display, model, store, systematize, search and eventually distribute genetic 

information, including sequences, structures, functions and phylogenetics. 

Bioinformatics can therefore be described as a stream which generates computer 

tools, databases and methodologies for genomics and post-genomic research. It 

includes the learning of DNA organization and function, expression of gene and 

protein, the production of proteins, structure and function, hereditary regulatory 

structures and clinical uses. 

 

To sum up, bioinformatics requires Computer Sciences, Mathematics, Statistics, 

Medicine and Biology expertise. Let's look now at the historical developments in the 

field of bioinformatics. 

1.2 History of Bioinformatics 

The development of bioinformatics dates from the 1960s. It was consistent with the 

improvement of protein sequencing techniques from a range of organisms and the 

accessibility of protein groupings once the insulin sequence or arrangements was 

determined by Frederick Sanger in the early 1950s  [20,21].  

 

P. Hogeweg and B. Hesper coined the word „Bioinformatics‟ in 1970 [7,19]. This 

term‟s meaning has undergone some changes over time. Presently, it is described as the 

learning of information procedures in biotic systems such as biochemistry and 

biophysics [19–21].  

 

Innovative computer methods were needed to evaluate and equate a large number of 

protein sequences of different organisms because the manual treatments of numerous 

amino acid sequences were unfeasible. This drove M. O. Dayhoff and her partners at the 

National Biomedical Research Foundation [6] to incorporate the first “Protein 

Information Resources” (PIR) [6,24,25].  

 

The Dayhoff team effectively organized protein sequences into separate clusters and 

sub-clusters on the basis of sequence similarity and PAM matrices [1]. This was 
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disseminated as protein sequences atlas [26,27], which was widely used in alignment of 

protein sequences and searches for database similarity [6,7,28]. These were the 

pioneering methods of alignment of protein sequences and molecular evolution [27]. 

 

Also, Elvin A. Kabat contributed to bioinformatics advancement by his all-

encompassing protein arrangement investigation of comprehensive volumes of immune 

response structures, released in a joint effort along with Tai Te Wu somewhere in the 

range of 1980 and 1991 [7,29,30]. 

1.3 Applications of Bioinformatics 

It very well may be considered as the usage of computer invention for the management 

of biological data from the literature accessible in the areas of bioinformatics. 

Bioinformatics is the discipline in which biological sequences and molecules store, 

extract, organize, analyse, interpret and use information. It was mainly driven by 

progress in the sequencing and mapping of DNA. In the current era, fast improvements 

in genomics and further molecular research advances and advancements in information 

techniques have joined to create a lot of molecular biological information. 

Bioinformatics' primary goal is to improve knowledge of biological procedures. Several 

of the important bioinformatics research areas include: 

 

Sequence analysis  

The primary computer biological operation is the analysis of genetic sequence. This task 

includes the assurance of which parts of the biological structures are indistinguishable 

and which parts vary amid analysis of medical and mapping of genome. The biological 

sequence investigation suggests that a Deoxyribonucleic Acid (DNA) or peptide 

sequence is liable to sequence arrangement, sequence data stores, recurrent sequence 

searches or other computer bioinformatics techniques.  

Sequence analysis in cellular biology covers an extensive range of applicable topics:  

 Comparing sequences to discover similitudes, regularly to deduce if they are 

interrelated (homologous). 

 Recognizing the intrinsic characteristics of the sequence, for example, active sites, 

post-translational alteration sites, gene structures, understanding frames, introns and 
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exons disseminations and regulatory elements. 

 Identification of modifications and variations in sequence such as point mutations 

and single nucleotide polymorphism (SNP) to get the genetic indicator. 

 Enlightening the evolution and hereditary diversity of sequences and organisms. 

 Identification of sequence-only molecular structure. 

 

Genome Annotation  

The marking of the genes and additional biological features in a DNA sequence with 

reference to genomics is known as Annotation. The very first software of genome 

annotation was designed and developed by Dr. Owen White in 1995.  

Genome annotation is the procedure of sequence attachment of biological information. 

It comprises of three key steps:  

 Recognizing parts of the genome that don‟t code for proteins. 

 Distinguishing components on the genome, a procedure called gene prediction. 

 Assigning organic data to these components. 

 

Gene Expression Analysis 

The expression values of numerous genes can be dictated by evaluating mRNA levels 

with several strategies, for example, microarrays, serial analysis of gene expression 

(SAGE) tag sequencing, expressed cDNA sequence tag (EST) sequencing, massively 

parallel signature sequencing (MPSS), or different uses of multiplexed in-situ 

hybridization and so forth. All the above-listed techniques are highly noisy and are 

dependent on biological measurement bias. In high - throughput gene expression 

studies, the main area of research involves the design of statistical tools to differentiate 

data from noise. 

 

Protein Expression Analysis 

Gene expression is analysed in a few different ways, comprising mRNA and protein 

expression, but protein expression is outstanding indications of real gene activity, as 

proteins are characteristically the final energies for cell action. Protein microarrays and 

high - throughput (HT) mass spectrometry (MS) may give a preview of the proteins in a 
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biological dataset. Bioinformatics assumes a noteworthy part in the development of 

protein microarray and HT-MS information. 

 

Mutations Analysis in Cancer  

The genomes of the cells influenced are reordered in complex or even random ways in 

cancer. In a variety of cancer genes, massive sequencing accomplishments are utilized 

to distinguish already unknown point mutations. Bioinformaticians endure achieving the 

sheer volume of produced sequence data by producing specialized automated systems 

and develop new algorithms and software programs to compare the sequencing results 

with the growing collection of human genome sequences and germline polymorphisms. 

New physical recognition innovations, for instance, oligonucleotide microarrays, are 

used to sense chromosomal additions and losses and polymorphism arrays of single 

nucleotides to distinguish known point mutations. Another kind of data requiring the 

development of new information technology is the examination of lesions found to be 

repeated in many tumours. 

 

Prediction of Protein Structure 

The amino acid arrangement of a protein (known as principal structure) can without 

much of a stretch be recognized from the gene coding sequence. This principal structure 

identifies a structure in its original environment in most cases uniquely. Understanding 

this structure is essential to know the protein‟s function. The structural information is 

generally classified as an auxiliary, tertiary and quaternary structure in the absence of 

better terms. The prediction of protein structures is one of the most significant for the 

design of drugs and new enzymes. A universal solution to these forecasts is still an open 

area for study. 

 

Comparative Genomics 

The learning of the genome development and function relationships between various 

life species is known as comparative genomics. Gene discovery is an essential 

utilization of comparative genomics, as much as the innovation of new functional 

features of the genome that are not encoded. Comparative genomics exploits the 

similitudes and contrasts between various organisms in the RNA, protein and regulatory 
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regions. Computational genome correlation tactics have as of late turned in to typical 

software engineering research topic. 

 

Biological Systems Modelling 

The modelling of biological systems is an important task for the biology and 

mathematical biology systems. The biology of computer systems targets to create and 

use effective process, data structures, representation and communication tools to 

integrate large amounts of biological information into computer modelling. It comprises 

the usage of computer replications of biological systems and cellular subsystems, for 

example, metabolite and enzyme networks, signal transduction pathways and gene 

regulatory networks to analyse and visualize these cellular processes‟ multifaceted 

connections. Imaginary life is an endeavour to understand evolutionary procedures by 

simulating simple life forms by computer systems. 

 

Image Analysis  

Computing techniques are utilized to speed up or entirely automate the handling, 

quantification and exploration of large quantities of biomedical high - information 

images. Latest image analysis software increases the ability of an observer to measure a 

huge or complicated set of images. The observer can completely be replaced by a fully 

developed analysis system. For both diagnostics and research, biomedical imaging is 

increasingly significant. Few of the research examples in this field are: analysis of 

clinical image and its representation, clone overlays in mapping of DNA, Bio-image 

information technology, etc. 

 

Protein-Protein Docking  

In the past couple of decades, a huge number of three - dimensional protein structures 

have been identified by nuclear magnetic resonance spectroscopy (NMR protein) and X 

- ray crystallography. A key problem for the biologist is that is it logical to envisage 

possible protein - protein interactions based only on these 3D forms without 

experimenting with protein - protein interactions? A range of techniques have been 

established to solve the problem of protein - protein docking, although much work 

remains to be done in this field. 
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Biological Data Mining 

It incorporates gene discovery, protein function area discovery, function motif finding, 

protein function deduction, ailment determination, ailment prediction, streamlining of 

illness treatment, protein and gene communication network reconstruction, cleaning of 

data and forecast of subcellular proteins.  

 

Microarray technologies, for example, are used to forecast the outcome of a patient. 

Based on the genomic microarray data of patients, their survival time and the tumour 

metastasis or reappearance risk can be projected. Artificial Intelligence or Machine 

learning can be used by mass spectroscopy to identify the peptide. Correlation between 

fragment ions together with mass spectrum is essential to reduce stochastic 

discrepancies in peptide identification by examining databases. A proficient scoring 

approach that takes the correlative information into account in a harmonious and 

comprehensive way is highly desired. 

In practice, the two main “high – level” objectives of data mining are prediction and 

explanation.  

 

The key errands for data mining, all of which involve the extraction of significant new 

data patterns, are: 

Classification: It is a method that maps (categorizes) an information item into one of a 

few pre-labelled classes.  

Estimation: Some input data give a value for an unknown continuous variable. 

Prediction:  Same as classification and estimation aside from that, the values are 

categorized by some imminent behaviour or projected future worth.  

Association rules: Defining what things work collectively, also known as dependence 

modelling.  

Clustering: Population segmentation into a number of subgroups or groups.  

Description & visualization: Representing data using visualization methods.  

Data learning is divided into two major categories: directed (“supervised”) and 

undirected (“unsupervised”).  

Examples of supervised learning are the initial three tasks - classification, estimation 

and prediction. The succeeding three tasks – association rules, clustering and 

description & visualization – are instances of unsupervised learning. In this learning, no 
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attribute is identified as the objective; the point is to set up a connection between all the 

attributes. Unsupervised learning also attempts to discover patterns without utilizing a 

particular objective area. 

 

The advancement of novel information mining and learning revelation techniques is a 

subject of dynamic research. One inspiration driving the advancement of these tools is 

their potential application in current molecular science [9]. 

1.4 Current Challenges in Bioinformatics 

The size and miscellany of biomedical data is developing quickly, with various 

difficulties and prospects ranging from data accumulation, data management, data 

exploration and data extraction. The analysis of such data generates new information 

that should be acquired. As the size of this information rises, proper ways of 

representing this knowledge must also be developed. There are potential solutions to 

knowledge bases and formal methodologies, which includes ontologies. This specific 

field of biomedical data and information is one of the bioinformatics challenges.  

 

Experiments in gene expression analysis (microarray) illustrate various characteristics 

of the issues with modern genetic data. In a gene expression trial, the scientist estimates 

the expression levels of all the genes in a given tissue under a specified condition and 

then associates expression levels frequently with genes in the same tissue under a 

different condition (a procedure called differential gene expression). For instance, the 

level of gene expression (how much certain genes are interchanged on or off) could be 

estimated by looking at malignant growth cells that have been given a cancer drug with 

those that do not. 

 

The major challenge is the organization of experimental data, as thousands of data 

points result from a single gene expression measurement. In turn, each experimental 

state and control state is typically repeated several times. Measurements are often 

repeated multiple times (e.g. one hour after, two hours after, four hours after, eight 

hours after, 24 hours after drug treatment). Researchers are helped by several open 

source and commercial packages to gather and manage data on gene expression.  
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Data analysis and data extraction is another challenge. There are several commercial 

packages for expression array analysis, but the issue is most of the times they do not 

implement the latest data analysis algorithms and techniques. Important open-source 

collaborations are aimed at developing tools to help researchers design, develop and 

utilize new tools for the arrays analysis.  

 

Lastly, huge volume of data sets of gene expression profiles needs to be mined. A 

number of readings are available using a number of computer science data mining 

methods, and this area continues to evolve rapidly. An illustration of this problem class 

is the attempt to forecast the results of cancer patients built on gene expression analysis 

in their cancer tissue (e.g. gene profile removed by the expert from breast cancer). 

Classical learning used DNA microanalysis and a supervised classifier to forecast breast 

cancer outcomes much superior than anyone else. 

1.5 Microarrays Technology 

Microarray Innovation offers new apparatuses that change the conduct of scientific 

experiments. The primary preferred standpoint of microarray advancements is one of 

scale in contrast with customary strategies. Rather than experiments dependent on 

outcomes from one or a fewer number of genes, microarrays permit a great many genes 

or entire genomes to be analysed at the same time. 

 

Microarrays are microscopic slithers that comprises of the ordered sample (DNA, RNA, 

tissue, protein) sequences. The microarray type is dependent on the material on the 

slide: DNA, DNA microarray; RNA, RNA microarray; protein, a microarray of protein; 

tissue, a microarray of tissue. As the samples are organized in a systematic way, records 

from the microarrays can be found back to either sample. This means that microarray 

genes are traceable. The number of samples ordered can be hundreds of thousands on a 

microarray. The classic microarray includes several thousand traceable genes. (Figure 

1.2) 
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Figure 1.2 : Microarrays Scanned Image [32] 

 

The microarray most by and large utilized is a DNA microarray. DNA spotted or 

printed on the slithers can be synthetically combined with extended oligonucleotides or 

PCR items created with enzymes. The slithers cover artificially receptive groups 

(regularly aldehydes or essential amines) which help to endure the DNA through 

covalent bonds or electrostatic interactions on the slide. A substitute technology enables 

the DNA to be produced via a photolithographic process directly on the slide itself. This 

process is marketed and widely available [32].  

 

Microarrays of DNA are utilized to identify  

1. The level of gene expression in a sample often referred to as expression 

profiling.  

2. The gene structure in a sample generally referred to as mini-sequencing for short 

nucleotide reading, and the mutation or single nucleotide polymorphisms (SNP) 

analysis for single nucleotide reading. 
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Figure 1.3 : Microarrays Image Generation Process [32] 

1.6 Work Flow of Microarrays 

Microarrays can be utilized from numerous points of view to gauge gene expression, yet 

a standout amongst the most well-known applications is to think about the declaration 

of an arrangement of cell genes kept up in a specific (condition A) with a similar 

arrangement of genes from a mentioned cell kept up under typical conditions (condition 

B). Figure 1.4 provides an overview of the experimental steps. RNA is removed from 

the cells first. Next, the extract's RNA molecules are reversed to cDNA using an 

enzyme reverse transcriptase and nucleotides tagged with different fluorescent colours. 

For example, cDNA from cells developed in condition A can be marked with red colour 

and green colour from cells developed in condition B. Once the samples have been 

labelled differently, they can be hybridized on the same glass slither. Any cDNA 

arrangement in the example is hybridized to explicit spots on the glass slither 

comprising its correlative sequence at this point. The measure of cDNA connected to a 

spot is straightforwardly relative to the quantity of RNA particles present in the two 

examples for this gene [32]. 
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Figure 1.4 : Overview of Microarrays Experimental Steps 

(Source:http://www.reproduction-online.org /content/130/1/1/F1.large.jpg) 

 

Once the hybridization step is over, the spots in the microarray are energized by a laser 

and checked at appropriate wavelengths for green and red hues. The measure of 

fluorescence produced amid excitation is the measure of the nucleic corrosive bound. 

For example, if cDNA from state A was richer than cDNA from state B for a specific 

gene, it would be red. The spot would be green in the event which is the other way 

round. In the event that the gene was expressed in the two conditions to a similar extent, 

the spot would be yellow and the spot would be black if the gene were not expressed in 

the two conditions as seen in Figure 1.5. Toward the finish of the exploratory stage, 

accordingly, a picture of the microarray is seen, in which each spot comparing to a gene 

has a related fluorescence value demonstrating to the comparative expression level of 

that gene. 
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Figure 1.5 : Expression level of genes 

(Source : Introduction to microarray technology and pixel intensity correlation, Chapter-1) 

1.7 Research Applications of Microarrays 

The number of utilizations for microarray trials differs significantly and is expanding 

continually. Microarrays‟ most basic uses are to screen the expression levels of genes in 

the correlation between two. This sort of learning, called profiling of gene expression, 

can be utilized to decide the function of explicit genes, for example, nutrition, 

temperature or chemical condition, amid a specific state. Such outcomes can be seen as 

regulations up or down or unaltered under specific conditions.  As instance, a gathering 

of genes could be up-regulated amid warmth stun and these genes could be named heat 

shock reactive genes as a group. A few genes in this grouping may as of now have been 

distinguished as heat shock responsive, yet no function has been appointed to different 

genes in the grouping. New functions are then allocated to the genes dependent on a 

comparable reaction to heat shock. The extrapolation of function dependent on regular 

expressive changes stays a standout amongst the most well-known applications in 

microarray research. Genes sharing familiar regulatory patterns too have the same 

function by assumption. 

 



Bio-Informatics : A Journey 

 

Page 17 of 132 

 

Microarrays were utilized in horticulture to recognize genes associated with tomato 

development, for instance. RNAs are segregated from crude and ready natural product 

in this sort of study and after that contrasted with which genes are communicated amid 

the procedure. Genes that are managed down amid development can likewise give 

valuable data on the procedure. Microarrays were utilized at the fundamental logical 

dimension to delineate cell, regional or tissue-explicit area of genes and the proteins 

encoded therein. Also, Microarrays have been utilized: at the subcellular level to 

delineate encoding layer or cytosolic proteins; at the cell level to outline recognizing 

distinctive kinds of invulnerable cells; at the tissue regional level to recognize genes 

encoding explicit proteins in the hippocampus or cortex mind locale; and at the 

substance level to distinguish genes expressed in the liver, muscle or cortex area. 

 

Studies of drug action known as pharmacology also use microarrays to discriminate 

against the action mechanism of therapeutic agents and to design a novel drug targets. 

The regulatory standard in this effort is that therapeutic agent-regulated genes result 

from the action of the drug. The recognizable proof of genes directed by a specific drug 

could possibly give understanding into the drug‟s component of activity, toxicological 

properties forecast and new medication targets. 

 

The diagnosis of clinically relevant diseases is one of the most thrilling areas of 

application. The oncology sector was particularly active and successful in the use of 

microarrays to differentiate among types of cancer cells. The ability to detect tumour 

cells based on levels of gene expression is a new approach with real advantages. In 

troublesome situations where a morphological or antigen tag isn't accessible or 

adequately dependable to recognize kinds of disease cells, the profiling of gene 

expression utilizing microarrays can be critical. Programs are well underway to 

envisage clinical results and design individual therapies based on the results of 

expression profiling. 

 

Comparative genomic analysis was carried out very recently with microarrays. Genome 

projects produce massive sequences, but there are still not enough resources to sequence 

any organism that appears to be interesting or worth the attempt. Microarrays were in 

this way utilized as an alternate way to characterize both the genes in an organism 
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(structural genomics) and to decide if these genes are expressed in a alike manner to a 

reference organism (functional genomics). A decent case of such is the Oryza sativa 

(rice) species. Rice-based microarrays can be utilized to hybridize cDNAs from 

different plant species, for example, maize or grain. The sizes of genome in the last are 

basically too extensive for whole-genome ventures, so hybridization with rice gene 

microarrays is a lithe method to manage this issue. 

 

A further important use is comparative genomic hybridization (CGH). In this case, gene 

copy numbers are equated among two samples and genomic DNA is labelled instead of 

the RNA transcripts. Gene amplification or deletion of the tumour genes can be detected 

by CGH. It can also be utilized to identify genomic rearrangements or anomalies with 

severe effects on human health, such as trisomies. RNA interference (RNAi) arrays, 

where DNA delivering RNAi transcripts are imprinted on solid supports and cell 

cultures are set over printed spots, offer yet another platform for the understanding of 

basic oncology mechanisms and pathways. 

 

In order to distinguish the occurrence of single nucleotide differences amongst genomic 

samples, single nucleotide polymorphism (SNP) microarrays are developed. SNPs occur 

in humans at occurrences of about 1 in 1000 bases and are based on genomic variances 

among individuals. The mapping and acquisition of occurrences of identified SNPs 

provides a genetic foundation for the identification of disease genes, environmental 

predictions and reactions to therapeutic agents. On the microarray platform, mini-

sequencing, primary extension and differential hybridization techniques with the 

benefits of expression arrays have been developed: high throughput, reproduce, cost 

effective and fast. 

 

Pseudogenes, alternative transcripts, antisense or microRNAs could be these RNAs. The 

production of microarrays for these transcripts is an issue, as no substitute forms of 

transcripts are yet known. Tiling arrays have been produced to evaluate the richness of 

these transcripts, which initiate from the genome. These arrays cross-examine the 

abundance of transcripts at 30 base pairs across a genome area. These arrays promise 

not only to identify new transcripts but also to identify their intron-exon limits. 
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In reality, the utilization of microarrays to decide if a gene is available and whether it 

regulates up or not under specific situations will keep on bringing forth considerably 

more applications that presently depend just upon the creative energy of the microarray 

scientist [33]. 

1.8 Obtaining Microarrays 

Microarrays from a numerous sources may be obtained. Microarrays that are 

commercial are of decent quality, superior density and are accessible for the most 

widely studied organisms including humans, mouse, rats and yeasts. Many 

organizations have also made available specialized arrays for more concentrated 

research. In addition, microarray main facilities in academic and government 

institutions produce available microarrays. Table 1.1 shows the list of commercial 

microarrays, designed, developed and manufactured for individual or limited use, are 

increasingly used. 

 

Table 1.1 : Microarrays Sources 

 

 

Advantages of the DNA Microarray: 

 Provides information for a huge number of genes  

 One experimentation rather than many 

 Fast and simple to get results  

 A colossal bit nearer to finding solutions for cancer and other diseases  

 Different fragments of DNA can be utilized to think about gene expression  
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Disadvantages of the DNA Microarray: 

 Correlations in results don't mean causation  

 Very little information is accessible about numerous genes 

 Just on the grounds that mRNA is "turned on" doesn't mean proteins are made 

 Will the discoveries prompt exploitative medical methodology? 

 Scientists have no institutionalized method to disseminate results 

Source: http://erohde.blogspot.in/2010/09/google-chrome-advantages-and.html [34] 

 

At its heart, microarrays are basically instruments for estimating the general 

convergences of a wide range of DNA or RNA arrangements simultaneously. In spite of 

the fact that they were to a great degree supportive in an extensive variety of 

utilizations, they have various impediments. Initially, the arrays measure the relative 

focus in a roundabout way. That is the signal estimated at a given microarray position is 

ordinarily thought to be relative to the centralization of a supposed single species in a 

solution that can hybridize to that area. Because of the hybridization energy, be that as it 

may, the signal level at a given location in the array isn't linearly relative to the 

convergence of the hybridizing species in the array. At high focuses, the range is 

immersed and at low fixations, balance does not support binding. 

 

Therefore, the signal is only linear over a partial range of solution concentrations. 

Secondly, it is regularly challenging (if not impossible) to configure arrays in which 

various linked DNA / RNA sequences don‟t tie to a similar sample in the array, 

especially for complex mammalian genomes. An array sequence intended to identify 

“gene A” can also identify “genes B, C and D” if these genes have an important 

homology of the gene A sequence. It can be especially difficult for gene families and 

genes with multiple splicing variations. It ought to be noticed that arrays can be 

explicitly intended to distinguish joined variations either by testing every exon in the 

genome [35] or by exon intersections [36].  Nonetheless, it is hard to develop arrays that 

will particularly identify each exon or gene in genomes with different related genes. 

Lastly, a DNA array can just distinguish groupings that the arrays were intended to 

recognize. That is, if the arrangement is hybridized to the array comprises of RNA or 

DNA species for which there is no corresponding arrangement on the array, those 

species won't be distinguished. For analysis of gene expression, this commonly implies 



Bio-Informatics : A Journey 

 

Page 21 of 132 

 

genes that have not yet been annotated on in a genome won't be symbolized on to the 

array. Furthermore, non-coding RNAs that are not yet perceived as expressed are 

normally not symbolized on to an array. 

 

Furthermore, arrays are normally planned with data from the genome of a reference 

strain for very factor genomes, for example, those from microorganisms (bacteria). 

Such arrays can miss a large portion of the genes in the same species in a given isolate. 

For example, the gene content contrasts by up to 20 percent between two isolates in the 

bacterial species Aggregatibacter actinomycetemcomitans [37]. Therefore, an array 

designed to use a “reference isolate” gene annotation won‟t contain significant number 

of the genes found in different isolates.  

1.9 Gene Expression 

The procedure through which gene information is utilized in a functional gene product 

synthesis is known as gene expression. These products are frequently proteins, yet the 

product is a functional RNA in non - protein coding genes, for example, rRNA genes or 

tRNA genes. The gene expression process is employed by all known life such as 

eukaryotes (counting multicellular creatures), prokaryotes (microscopic organisms and 

archaea) and infections to produce the macromolecular machinery for life. 

 

Each datum point generated by a DNA microarray hybridization experiment signifies 

the levels of expression ratio in two dissimilar experimental conditions of a particular 

gene. The result is a series of “n” expression ratios in a single chip experiment with n 

genes. The numerator and denominator of each ratio are typically the gene expression 

level in a fluctuating state of interest and the gene expression level of in a certain 

reference state respectively. The information from a sequence of such experimentations 

can be epitomized as a matrix of gene expression in which each of the “n” rows 

comprises of a single gene expression array for “m” elements. The gene is induced 

(turned on) when expression measurement is positive in relation to the reference state 

and negative when suppressed (turned off). 
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Figure 1.6 : Gene Expression Data Format and Notations [38] 

 

The dataset of gene expression from a microarray study can be symbolized by a real-

valued expression matrix M = {Wij | 1 <= i <= n, 1 <=  j <= m} (Figure 1.6(a)), where 

the rows (G = {g1,…,gn}) represents expression arrangements of genes, the columns (S 

= {s1,…sm}) forms the expression summaries of samples, and each cell Wij is the 

computed expression level of gene i in sample j as shown in Figure 1.6(b). 

 

The new gene expression matrix acquired from a scanning procedure contains noise, 

missing qualities, and methodical deviations emerging from the exploratory technique. 

Information pre-handling is fundamental before any gene expression analysis can be 

performed [38]. 

1.10 Gene Expression Data Analysis 

The approaches of advancements equipped for estimating gene expression on a whole-

genome level have brought new difficulties to the analysis of gene expression data [39]. 

1.10.1 High-throughput Technologies 

High - performance technologies such as microarrays [40] and next-generation 

sequencing [41] provide a relatively inexpensive way of analysing expression levels of 

genes. These advancements give a total gene expression depiction of cells in which the 

quantity of genes examined can differ from a couple of thousand for bacteria to many 
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thousands for higher organisms according to the analysed organism. The field of 

application of these advances ranges from molecular disease diagnosis, drug reaction 

analysis and other molecular biological fields. DNA microarrays are an innovation 

utilized to evaluate the presence of mRNA transcripts by binding transcripts on samples 

corresponding to the genes examined as shown in Figure 1.7. Not in all cases, one 

sample measures the presence of one mRNA transcript; a few samples measure a 

similar gene mRNA transcript for certain genes and, despite what might be expected, a 

few samples can bind mRNAs from at least two genes.  

 

 

Figure 1.7 : Hybridization in Microarrays (Source : Wikimedia Commons) 

 

Microarrays are physically small solid chips with samples attached to their surface. 

Each sample is produced in many copies (sample set) to increase the stability of the 

results. As the first step in a microarray experiment, the examined RNA sample 

sequences are marked with a fluorescent tag, the sequences are then hybridized, washed 

and scanned on the chip. The result is an image with intensities for each spot (sample) 

in which the signal strength from a sample depends on the amount of the target sample 

(transcription rate). The intensities are ready to be analyzed after normalization [42]. 

The next-generation sequencing methods directly quantitatively measure the available 

mRNA transcripts, enabling them to determine the RNA expression rate more 

accurately than microarrays [41]. 
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1.10.2 Gene Level Analysis of High-throughput Data 

The analysis of the data on high - performance gene expression is a challenge. The 

biggest test lies in the size of the data handled, the intrinsic noise and the unpredictable 

interactions between genes. Typically, we are confronted with data containing a 

generally mammoth number of measured genes and a few samples. The typical data sets 

contain measurements of thousands (or even a few thousand) of genes “g” though the 

number of samples “n” does not surpass hundreds and is all the time just a couple of 

dozen. In this way, the proportion of g / n is around 100 - 1000. 

 

The microarray analysis offers a gene expression matrix. Here we accept that the 

columns of the matrix relate to individual perceptions and that each perception is a 

vector of genuine values representing the expressions of the genes examined. In this 

thesis, we assume that the samples belong to one of two classes of samples (e.g. healthy 

and ill samples).  

 

A fundamental way to deal with data analysis is to discover a list of differentially 

expressed genes that have a solid relationship between the expression of the gene and 

the reaction variable. Statistical tests, fold change such as the t-test or its non-parametric 

equivalents (Wilcoxon signed-rank and rank-sum test) can be used. As a result, the 

strategies provide a list of genes expressed distinctively and test scores. Extreme scoring 

genes (small p-values) are proclaimed to be noteworthy.  

 

Unluckily, the intrinsic issue of this methodology is brought about by the noise in the 

data and the concurrent factual inference on the total set of genes, which leads to the 

incorrect rejection of the null hypotheses and an over-optimistic decision about the 

importance accomplished (the multiple tests problem). A few strategies in this manner 

utilize progressively proper techniques to survey the significance, in particular, the 

execution of multiple test criteria (FWER) or the control methodology for false 

discovery (FDR) [43].  

 

Another significant challenge is the interpretation of the outcomes got from the 

arrangements of the above techniques. Because of its length and the way that genes can 
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assume a role in a wide range of processes in the cell, the challenge is the difficult 

interpretability of the arrangements with respect to biological context. It can be easier to 

interpret such a list if, genes from a gene list show similarities in functional or 

chromosomal locations [44]. The Overrepresentation Analysis (ORA) delivers such a 

tool that biological terms can be found that are significantly covered by the differently 

expressed genes. The general thought of the ORA is to search for an abnormal portrayal 

of essentially expressed genes in a specific biological term, e.g. by means of a 

hypergeometric test (44-Goeman and B). Pathways or GO terms represented as gene 

sets are a typical choice for biological terms.  

Genes set apart as not huge are expelled from understanding 

The main constraints of the ORA approach observed by Khatri et al. [45] are as follows:  

1. ORA ignore information on the strength of differential gene expressions.  

2. Genes tagged as not significant are not considered for interpretation, which 

means that the subsequent analysis removes informative (but not significant) 

genes.  

3. This (e.g. hypergeometric test) approach assumes gene independence.  

4. ORA also assume that the gene sets are independent, which is not true.  

1.11 Challenges in Gene Expression Analysis 

The quality control of tens of thousands of gene expression values and the full use of 

the information from these high - performance data are extremely difficult and vital 

issues in quality control and bioinformatics have not been settled. 

 

For reliable and stable inference on gene chip data, a series of careful analyses of the 

variability of the array instrumentation and the statistical calculation of gene expression 

intensities are required. 

 

In particular, the causes of error and their level of confidence in these high - throughput 

measurements need to be well understood because some of them can considerably alter 

our inferences and interpretations. 
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Organization of the Thesis 

The Thesis is distributed into 5 chapters, as we have already discussed Chapter-1 

consists of overview of Bioinformatics and its applications in different areas of 

research, overview of Microarrays Technology, Gene Expression analysis and its 

advancement and applications. Also we have concentrated on the limitations of gene 

expression analysis and future scope of work. Chapter-2 takes a tour of literatures 

available and exhaustive literature review was done on Microarray data, gene 

expression analysis, various feature selection techniques, artificial intelligence 

techniques for feature selection and classification techniques. Chapter – 3 is a Research 

Methodology, in which proposed feature selection algorithm is discussed in depth. 

Chapter – 4 comprises of results, performance analysis and comparison of proposed 

algorithm with different microarrays gene expression datasets using Naïve Bayes as a 

classification technique. Chapter – 5 contains conclusion and future scope of work. 
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CHAPTER – 2 

Literature Review 

2.1 Introduction 

Bioinformatics, an interdisciplinary field of science combines the use of practices from 

biology, computer science, maths, statistics and artificial intelligence to analyse, 

interpret and solve genetic problems. The basic standard of these methods is to use 

computer resources to take care of issues on sizes of an extent that are awfully 

enormous for human judgement. Computational biology research frequently overlays 

with system biology. In this field, major research efforts include alignment of sequence, 

finding of gene, genome assembly, alignment of protein structure, estimation of protein 

structure, gene expression prediction and protein - protein interactions and evolution 

modeling. The enormous volume of data in these areas of research makes the use of 

data mining and artificial intelligence very exciting and promising. From numerous 

sources, for instance, the consequences of high throughput experiments or clinical 

archives, these techniques aim to reveal previously unknown knowledge and 

relationships [47]. 

 

Diverse information sources ended up available as of late. For example, DNA 

microarray tests generates a huge number of quality gene expression estimations and 

give a straightforward method for gathering tremendous measures of information in a 

brief span. This methods are utilized to collect data from tissue and cell with respect to 

gene expression variances. Techniques trusting on expression profiles of genes are 

progressively objective, precise and consistent if it depends on the morphological 

appearance of the tumour in comparison with standard tumour diagnostic methods [48].  

 

In addition, the accumulation of records from published papers is a fascinating 

wellspring of information to pick up foundation data on explicit topics. In many 

biological studies, analysing the most significant parts of research papers and 



Literature Review 

 

Page 28 of 132 

 

performing data integration on interest to give new knowledge and validation purposes 

is a key problem. The increasing availability of large accumulations of archives has 

emphasized the need for effective and productive techniques (e.g. navigation, analysis 

and inferred knowledge). Given the colossal volume of information, it has turned out to 

be progressively essential to give improved mechanisms to recognize and represent the 

most important parts of textual documents efficiently. 

 

In order to replica gene and protein relations and construct a learning base of biological 

procedures, the analysis of different data sources is required. Microarray data analysis 

or Microarray gene expression analysis enables the most significant genes for a target 

disease and gene group with related patterns to be identified under diverse experimental 

circumstances. The choice of features with classification or clustering algorithms is the 

most commonly used approach to deal with these problems. 

 

Indeed, the choice of features permits the recognition of genes that are pertinent or 

mostly correlated to a category of tissue, disease or clinical result. An effective choice 

of features decreases the cost of the calculation and increases the accuracy of 

classification. In addition, when selecting fewer genes, their biological association with 

the target disease is easier to identify, thereby providing a further understanding of the 

scientific problem. 

 

Clustering is a valuable exploratory method for gene expression information as it 

bunches comparative objects together and enables the scholar to recognize possibly 

significant connections between the genes. The genes of a similar cluster normally 

perform related functions and are often co-regulated. Alike genes can, therefore, be 

grouped in order to understand the purposes of genes for which information is not 

accessible beforehand. Another use of clustering algorithms is to perceive a group of 

repetitive genes and then the selection of only a representative for each group to reduce 

dimensionality [32,49]. 

 

While these techniques obtain decent models of biological procedures, they depend 

heavily on the data used in the experimental analysis. In addition, beforehand 

knowledge is not available in numerous biomedical applications. Text mining 
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techniques used in available research papers can, therefore, provide great tools for 

validating the experimental outcomes obtained from other data analytics. Primarily, 

molecular biologists manually analyzed and mined relevant and useful information from 

research papers. In earlier years, summary approaches allow this problem to be 

addressed automatically [2]. Donna K. Slonim, Itai Yanai [50] aims to demonstrate the 

significant issues associated with microarray analysis and provides a valuable beginning 

stage to new microarray users. The conclusion of the paper states it is possible for 

researchers with no past experience to study analysis of microarrays. The field has now 

available tools to analyze data effectively. A lot of efforts have to be put in data 

generation. 

 

The aim of this research is to exploit artificial intelligence and classification techniques 

on gene expression data to answer explicit biological issues, i.e., i) recognizing the best 

significant genes associated with a target disease, ii) combining genes together which 

indicates a related behaviour under different situations and iii) early diagnosis of critical 

life-threatening diseases like Cancer, TB, H1N1 (Swine Flu) etc. by gene selection and 

classification. Especially, a new hybrid feature selection technique has been created to 

distinguish the most significant genes and in this way enhance the exactness of forecast 

models for test characterization. Also, apply this hybrid method to new datasets and 

validate the result. 

2.2 Recent Developments in Microarrays 

A gene is the fundamental biological organism‟s physical and functional unit. Genes are 

composed of a molecule of deoxyribonucleic acid (DNA) that passes hereditary 

information from parents to children. A gene is the basic element of a DNA strand.  The 

number of DNA molecules is the same in nearly every cell in the organism‟s body. In 

contrast to DNA, messenger ribonucleic acid (mRNA) varies with a specific type of 

cell, measurement time and conditions. mRNA production in an organism is of critical 

importance. More mRNA production leads to more protein formulation. In protein 

synthesis, the amount of mRNA generated is matched by the differences in gene 

expression. Due to definite changes in the differences in gene expression, tumours are 

usually found in a few parts of the body [51,52]. These differences in gene 
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expression facts are also designated as abnormality within the gene expression. 

Therefore, it is essential to analyse the variations in gene expression in order to avoid its 

negative impact. Various exploratory strategies for estimating gene expression, for 

example, expression vector, fluorescent hybridization and DNA microarray, are 

accessible in Bioinformatics. The improvement of DNA microarray databases has 

animated new research headings in both bioinformatics and machine learning since the 

most recent two decades [53]. The microarray data set is formulated by collecting data 

from cell tissue samples in the form of differences in gene expression. This data 

analysis has tremendous applications in the field of biological data exploration, such as 

diagnosis of disease, therapy diagnosis, gene profiling, a distinction of specific types of 

tumours, protein structure prediction, protein-protein interaction and evolution 

modelling, etc. [54]. In order to analyse these data sets, different machine learning and 

statistical approaches are used. As microarray data are high dimensional data, there is, 

therefore, a need for sufficient attention to analyse and handle these data. 

2.2.1 Microarray Data 

A DNA microarray (also referred to as a DNA biochip) is accumulated by attaching a 

solid surface to microscopic DNA spots. Each DNA spot contains probes (or oligos) 

that are used for cDNA or cRNA hybridization. This hybridization is measured by 

detecting fluorophores, silver or chemiluminescence labels that determine the nucleic 

acid sequences in the target. RNA is removed from the experimental cells and reversed 

transcription is carried out in the presence of Cy5 fluorescent dye. 

 

Further reverse transcription is done for experimentation with Cy1 [55]. The Cy5/Cy3 

ratio of each spot is then measured after these samples are hybridized to the DNA 

microarray. The output is coloured to represent the levels of expression. Red is an over-

expression; green means under-expression and black does not indicate change.  

 

Microarray datasets or datasets for gene expression are eventually ordered in a matrix 

form and tried on various examples. Figure 2.1 shows a microarray matrix. The column 

represents different genes and the row is a sample measured at different times in the 

data of gene expression. 
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Figure 2.1 : Microarray Gene Expression Matrix 

2.2.2 Machine Learning and AI Techniques for Microarray Data 

Analysis 

Microarray data are analysed in bioinformatics in different ways, such as disease 

diagnosis, therapy diagnosis, gene profiling, distinguishing specific tumour types, 

biomarker determination, pharmacology, toxicogenomics, etc. [56]. Researchers face 

many challenges in the procedure of mining meaningful information from the raw data 

using microarray data. Few major issues in the examination of microarray information 

are listed as follows:  

 

 The inherent feature of gene expression data is primarily reviled of dimensionality. 

It requires the development of computer-compatible models to analyze such data. 

 Second, thousands of genes represent high-dimensional data. Out of which, few are 

more important and few less important for a specific experimental work. More stress 

is therefore needed to extract more relevant genes from data on gene expression. 
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 Microarray data is available, but most do not contribute to correct disease 

prediction. Therefore, capabilities for the rigorous study and analysis of these data 

must be explored.  

E. T. Venkatesh et a.[57], discusses the potential of machine learning techniques to 

classify malignancy in cancer based on gene expression variation. Hala M. Alshamlan 

et al.[58], stress the use of a gene selection procedure as a compulsory step prior to any 

cancer classification approach on a microarray data set is started. J M Moosa et al. [59], 

presents a method for selecting a minimum number of genes that are important for 

cancer and improving predictive precision. The proposed method provides subsets of 

genes that lead to more precise classification outcomes, whereas the number of genes 

selected is smaller. 

 

Khalid Raza [60] examined artificial intelligence-based data analysis techniques for 

microarray gene expression. Difficulties in the field and future course of work have also 

been proposed. The deduction is that Microarray innovation is one of the ground-

breaking instruments used to quantify genome dimensions of gene expression. As 

microarray advancements have turned out to be progressively common, the difficulties 

associated with the collection, management and data analysis from every experiment 

have increased substantially. Hala M. Alshamlan et al. [61], proposes a microarray gene 

expression profile algorithm to select the most prescient and instructive cancer 

classification genes. Later on, test outcomes on more genuine and standard datasets to 

check and expand this suggested algorithm. Also, the authors suggested, this hybrid 

algorithm can be considered as a general system that can be utilized to take care of 

different optimization issues.  

 

Thus, different machine learning and artificial intelligence techniques are utilized to 

extract useful and meaningful information from these huge archived data. Additional 

numbers of computer-efficient models are designed to interpret massive data. 

 

Microarray data analysis is the practice of examining enormous amounts of data to find 

useful and meaningful data. The fundamentals of data analysis are discussed here.  
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Data Pre-processing 

Real-world data is massive and of low quality in the current scenario [56, 62]. Analysis 

of these data can lead directly to poor or inappropriate results. This is because data are 

highly sensitive to noise. Sometimes, some fields are found to be partially missing. Data 

pre-processing is therefore essential before data analysis. The different data pre-

processing stages are highlighted here.  

Data cleaning – It is utilized for noise removal and consistent data building. 

Data integration - Different sources of data can be merged in this stage.  

Data Normalization - The raw data value range generally varies widely across various 

databases. When the range of functional values differs, the objective purpose of many 

learning machines and artificial intelligent algorithms does not work properly. If the 

target function of these algorithms uses distance among two records, the distance is 

controlled by the feature with a wide array of values that leads to error. The features are 

scaled to a predetermined range with the goal that the impact of one factor on another 

and furthermore for quicker convergence can be wiped out. Data normalization is called 

the process of scaling function values into a given range. 

Data reduction: This practice is used to shrink the size of data by adding certain 

attributes or removing some redundant attributes.  

Dimensionality reduction: Data are transformed into this approach in order to generate 

a compressed form of original data. The compressed data contain more or less the same 

information as the data before the reduction of dimensionality.  

Feature selection: It is the way toward recognizing the most pertinent informational 

collections and expressing the high-dimensional information in a smaller space 

Data Classification 

Classification is the supervised learning practice that categorizes the data sample into an 

existing category. A classifier finds a rule that assigns one of the existing classes or 

labels a new sample [63 – 66]. The concept of data classification applies to many 

pattern recognition problems, such as high-dimensional data analysis, natural language 

processing, handwriting recognition, computational biology, text mining, drug design, 

identification of patient diseases and much more. 

  

A classification algorithm works in two segments, the first segment is called a model 

building or training phase and the second segment is called a model use or test phase. 
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The classification algorithm builds a classifier during the training phase that analyses 

the training samples with the features and associated class labels. This is called 

supervised learning because the classroom labels are available beforehand. The 

classification performance of the test samples is evaluated in the second phase. The test 

samples are separated from the training samples and are arbitrarily chosen from the 

whole data set. The results are evaluated using various performance measurements. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.2 : Layout of classification with feature selection 

 

On account of high dimensional data, the direct application of a classification algorithm 

may not be efficient. So prior to classification relevant features are required to be 

extracted. A layout of classification with feature selection is shown in Figure 2.2. 

 

Khalid Raza and Atif N Hasan [67], an exhaustive assessment of ten state-of-the-art 

machine learning methodologies are carried out to ensure their correctness in the 

prediction of cancer class. According to their assessment, Bayes Net gave the finest 

prediction for the class of prostate cancer compared to other techniques. One of the 

toughest challenges is to develop a single or a common classifier to classify all gene 

expression data into a significant number of classes. Authors have suggested 

optimization procedures inspired by nature that are used successfully in many difficult 

problems. Future work to hybridize nature motivated optimization techniques with 

various classifiers to enhance the precision of classification.  

Input Data 

Test Data 

Feature 

Selection 

Technique 

S 
Estimate 

Performance 

Data with 

Reduced 

Feature 

 
Derive 

Classification 

Model 

Training 

Data 

Feature 

Selection 

Technique 

S 

Data with 

Reduced 

Feature 

 



Literature Review 

 

Page 35 of 132 

 

 

2.3 State-of-the-art Feature selection techniques 

The existing literature followed during each phase of the research work is largely 

categorized into different gene selection and classification methodologies. So as to 

clearly represent the approach of gene selection, the gene selection approach was 

discussed and developed. The various topics explored are traditional, sampling, 

statistical and information-based, univariate and multivariate, ranking strategies and 

meta-heuristic approaches for gene selection [202]. 

2.3.1 Traditional Feature Selection Techniques 

This section describes conventional feature selection mechanisms like a filter, wrapper, 

embedded and hybrid. 

 

Filter Method of Feature Selection 

Filter methods, on the other hand, use a measure included in their algorithm to score a 

gene subset instead of the error rate (as in wrapper methods). In most cases, low-

relevance genes are removed [68] and the sub-set of genes is then applied using the 

classification algorithm. The filter method has been shown to be more rapid than the 

wrapper method. In this respect, however, the lately proposed effective integrated 

approaches are competitive. The filtering technique can be utilized as a pre-processing 

step to ease the dimensionality of space and to overcome over-fitting, which was the 

basis for hybrid approach development. However, here comes the picture where it 

seems relatively better to use a wrapper after a filter to improve the accuracy of 

classification [69]. In these cases, the filters were tried to make the selection of a 

smaller subset for the wrapper more complex. In these cases, however, the beauty of 

filters, such as fast calculation and suitability for any classifier, was greatly dented 

together with the introduction of wrapper problems [70-71]. 

 

Many families of filter techniques are available. The first filter algorithms are based on 

simple statistical measurements for the classification of the genes. However, these 

methods were not sufficiently tested for the selection of subset of the genes. The gene 
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expression data set is used as an input to the filter algorithm in use in the filter method. 

The algorithm has an integrated evaluation function whereby selection is carried out. A 

ranking is then performed based on the score after which the selection is made. We can 

choose from different criteria, such as setting a scoring threshold and selecting all genes 

that meet the [72–73] threshold criteria or sometimes setting the threshold as the 

extreme number or percentage of the genes to be chosen. We also combine both criteria, 

such as the selection of genes above the score threshold, unless they exceed the number 

of selected genes. Then, the selected subset is our final subset, which is used as the 

input to the algorithms of the classifier. A large number of selection criteria is due to the 

fact that the filter method is not an iterative method and that the selected sub-set is the 

last one that cannot give good classification precision. Therefore, we may need to select 

another subset by changing the value(s) of our threshold(s) at times or by switching to 

another selection criterion in order to find a better subset in terms of classification 

accuracy [72-73]. 

 

Advantages [68-74] 

 It can easily scale to very large datasets.  

 This method is simple, computer fast and independent of an algorithm for 

classification. 

 The choice of genes should just be completed once, and after that diverse 

classifiers can be assessed. 

 

Disadvantages [68-74] 

 They ignore the classifier interaction.  

 They often vary uniformly or slightly. 

 

Liu et al, Huawen. [75], proposed a new method of selection of the ensemble gene, 

which would select multiple gene subsets followed by classification. The important 

gene can be selected here on the basis of mutual information. The resulting gene subset 

can then be used for the training of different basic classifiers. Artur J. Ferreira et al. [76] 

proposed two methods for the discretization of features. The first method belongs to the 

filter family, while the second method is a wrapper based on classifiers that allow us to 

access the discrete features. Dajun Du et al. [77] proposed a forward-looking gene 
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selection algorithm to effectively select the most instructive gene from microarray data 

at a cost - effective. Hui Chen et al. [78] presented a clustering-based gene selection 

method using kernel functions for measuring dissimilarity. These methods look for the 

best weight gene and optimize clustering at the same time. The performance of the 

method can be assessed using the classifiers SVM, k-Nearest Neighbor (k-NN). Herbert 

Pang et al. [79] have developed a method for the identification of prognostic genes 

through random forest application. 

 

Wrapper Method of Feature Selection 

A gene selection wrapper method provides a relative and effective solution to the 

problem of function/gene selection, irrespective of the choice of our learning machine 

that we use as a classifier. The learning machine generally does not know the methods 

by which the selection is carried out and the approach is error-free. The wrapper 

methodology is defined by definition as an algorithm that uses the learning machine's 

performance to evaluate the correctness of the subset in relation to the original data 

set[80][81]. In general, we can say that you have to find answers to the following in 

order to build a wrapper algorithm [82-83]:  

 How to find out all possible subsets of features/genes?  

 How can we be satisfied with our classifier‟s classification performance to guide the 

search and when to stop the search?  

 What predictor should be used?  

Although a thorough search can be carried out in the cases, the number of features / 

genes is not too large. 

 

The wrapper is a blind search where we tend to find a subset and search randomly for 

the perfect subset that cannot be guaranteed unless all possible subsets are found. The 

problem with selecting a gene subset using a wrapper algorithm is therefore recognized 

to be NP-hard and the search with each iteration tends to be intractable to the user and 

sometimes takes hours to complete even on a fast computer [82-83]. This depends 

purely on luck, the subset can be found in the first iteration itself, but iterations in the 

order of four to five digits are often taken. Although a wide range of search strategies 

are now being studied and implemented, including branch-and-branch, simulated 

genetic algorithms and annealing. Wrappers are often not the preferred method, as it is a 
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brute force technique that requires gigantic amounts of overhead computation at higher 

calculation times. However, it is not essentially the case that more efficient search 

strategies have now been developed that does not necessarily mean sacrificing with 

predictive performance in terms of time taken and overhead computing. In fact, it 

performs to be the opposite in certain cases where we find strategies such as rough 

search strategies that have been used but that the problem of over-fitting has not yet 

been proven [84-85]. 

 

Among the earlier methods used, greedy search strategies where the algorithm searches 

for the most suitable next node in each node, in a search network, were most commonly 

used. Somehow, they appear to be computer-efficient in terms of overhead, but not in 

case of time, and robust against over-adjustment. They are of two types, for example; 

forward selection and reversal. In the case of forward selection, features / genes are 

added to our selected subset one after the other, based on a certain scoring scheme, 

while in the approach of backward elimination we start with the set of all features / 

genes and in each successive iteration we delete one feature / gene after the other to 

produce exactly the same number of subsets as in the previous case. The accuracy of a 

specific subset of features / genes based on our classifier is achieved by training and 

testing the subset against that particular classification model. This approach can, 

therefore, be said to have been tailored to the particular learning machine, i.e. for a 

particular classification algorithm that was trained and tested to be correct [86][87]. 

 

Advantage [81-87] 

 It always chooses an almost perfect subset.  

 This method's error rate is less compared to other methods.  

 

Disadvantage [81-87] 

 The risk of over-fitting is higher than filtering techniques.  

 Compared to other methods it is very computationally intensive.  

 This is intended for the specific learning machine on which it was tested. 

 

In the wrapper technology, the wrapper algorithm is applied to the data set for gene 

expression. The algorithm chooses a random gene subset. Selection is based on an 
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algorithm that studies the values of different instances against all attributes by either 

rejecting irrelevant instances one by one (backward elimination) or selecting important 

instances one by one (forward selection). Now a holding set is kept aside for validation 

purposes from the original dataset [82][85-87]. The selected subset is tested on our 

classifier machine, where the selected gene subset is divided into train and test set and 

then validated with the score set. Most of the time the score is computed by the number 

of misclassifications. This means that the lesser the score, the superior the subset. The 

subset and the resulting score are stored for further reference so that the subset is not 

selected again. This is a continuous process in which a subset with a lower score is 

stored as a better subset again. Now that the search method in the wrapper algorithm is 

no longer possible, the process ends and the subset with the lowest score is selected. 

 

To reduce the cost of computational complexity, Maryam Yassi et al. [70] provided a 

method for reducing the size and classification of the genetic data sets. The algorithm 

proposed works in various stages. So as to enhance the steadiness of the function 

selection process, the various function ranking methodologies are first merged and then 

combined with the wrapper. The classification process is finally applied using SVM. 

Sebastián Maldonado, Richard Weber [71] introduced an innovative feature selection 

wrapper algorithm using different SVM kernel functions. The proposed process is 

centered on a sequential reverse selection in which the number of faults is used to 

validate the subset and remove the feature from each iteration. Roberto Ruiz et al. [88] 

presented the gene subset with the appropriate gene for the classification task with a 

new heuristic. The gene is selected from the ranked list using the statistical method and 

added to the final subset. Aiguo Wanga et al. [89] suggested the construction of a 

classifier distance matrix in order to ease the time convolution of wrapper-based subset 

selection (FSS). The proposed method periodically updates the matrix to calculate the 

relevance criteria of each feature. The author has embedded the classifier k-Nearest 

Neighbor (k-NN) with a subset selection based on Wrapper. 

 

With the end goal to enhance the execution of SVM in gene subset selection, Nele 

Verbiest et al. [90] stressed the techniques of wrapper training. Accordingly, the 

candidate subsets of training sessions are evaluated with the accuracy of SVM training. 

Kima Chanju et al. [86] proposed an efficient wrapper based on a Paired t-Test that can 
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be utilized to select the features from large - scale microarray data. The proposed 

method comprises two phases, the decrease phase, which selects highly relevant 

features and the increase phase, adding weakly relevant features. The method's 

performance can be great thanks to the precision obtained from naive Bayes classifiers. 

 

Embedded Method of Feature Selection 

Embedded methods, which include variable selection techniques for the training 

procedure, can be substantially more proficient in few regards: they better utilize the 

accessible data without partitioning the training data into a validation and training set; 

they arrive at a solution quicker by evading the recycling of an indicator for each 

variable subset from scratch. The embedded approaches differ in the interaction 

between gene selection and learning with other methods of gene selection [91]. Filtering 

techniques do not include learning. Wrapper strategies utilize a learning machine to 

quantify the quality of gene subsets without consolidating the information of the 

particular classification structure or regression function. Unlike filter and wrapper 

approaches, the learning part and the gene selection part cannot be alienated into 

embedded methods, the classifier structure or the learning machine considered plays a 

key role [92]. Therefore, an optimum subset of genes is included in the classification 

structure. Embedded techniques will, in general, have a higher capacity than filter 

processes and are along these lines more appropriate. With fewer numbers of training 

data, filter techniques perform better and embedded methods, as the training point 

increases in number [93-94]. 

 

Advantage [91-94] 

 Computationally less intensive than methods of wrapping.  

 The interaction with the classification model is included.  

 They use the available data better if they do not need to divide the training data into 

a validation and training set.  

 They attain an answer quicker by eluding the retraining of a predictor for each 

variable subset examined from scratch.  

 

Disadvantage [91-94] 

 Specific to a learning machine. 
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 Over-fitting problem compared to filters. 

 

An important strategy for dealing with classification complexity can be solved by a mix 

of experts (MoE) who work with a common set of classifiers with expertise in various 

regions. Billy Peralta and Alvaro Soto [93] provided a regularized MoE variant that 

integrates an embedded process for the selection of local features using L1 

regularization. Meihong Zhu et al. [94] submitted a feature selection criterion that can 

be used up with the multiple criteria linear programming classification using an 

embedded backward feature selection procedure. 

 

Hybrid Method of Feature Selection 

A hybrid method can be used to combine a number of types of the same or different 

traditional gene selection approaches. It can be a filter-wrapper, filter-filter or wrapper 

filter in which the gene subset obtained from one method is used to enter another 

selection algorithm [95]. In most cases, a filter is used as the selection criterion for the 

initial gene subset, as we discussed earlier that a filter is sometimes used to reduce the 

space (number of characteristics) or irrelevant gene reduction. This is followed by a 

more complicated selection algorithm such as a fixed classifier wrapper. In other cases, 

the gene subset obtained from the first selection algorithm applies other data mining 

techniques such as different network forms, GAs, memetic algorithms, gene expression 

programming, association rule mining, and others. In other cases, neither a filter nor a 

wrapper approach was used, but instead, two or more of the above mentioned data 

mining techniques formed a hybrid approach for the selection of features [96]. The 

approaches mentioned above are theoretical when it comes to the selection of genes. 

But these were widely used for the selection of features and some even for the selection 

of features on data sets for gene expression [97]. 

 

Fatemeh Sharbaf Vafaee et al. [98] recommended a gene selection technique in 

microarray data that includes the primary filter method, whereby initial genes and time 

complexity are reduced by using the Fisher criterion. It is then used and optimized with 

ant colony optimization to improve the classification precision wrapper approach with 

cellular learning automates. Hui-Huang and al. [99] introduced a hybrid function 

selection method for the combination of filters and wrapper methods. The candidate 
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features are first selected by filtering method from the original set of features and then 

further refined by wrappers. 

 

2.3.2 Gene Selection Sampling Strategies 

The reduction of data is an essential issue in data mining. Some of the popular reasons 

for data reduction are discussed here; (i) numerous data mining and decision support 

systems cannot hold a dataset bigger than a specific limit (for example, memory size), 

(ii) the time spent mining an enormous dataset can be excessively costly, regardless of 

whether the data size itself is not a system constraint and (iii) the maintenance and 

management of large data volumes can be very expensive. When a powerful 

computationally rigorous procedure has been applied to a sub - sample of the data, it has 

been found that it can actually provide better accuracy than a less complicated one using 

the whole database. Techniques for data reduction [100] include simple tabulation, 

aggregation or more sophisticated techniques such as sampling, PCA and factor 

analysis, etc. The data reduction is possible with many names, e.g. editing, condensing, 

filtering, diluting etc. depending on the data reduction objective. Depending on the 

purpose of the reduction [101] there are two different options. The first is to decrease 

the number of instances, the second is to pick up a subset of features from those 

available. The main objective is, therefore, to introduce, analyze and test various 

sampling strategies aimed at reducing the number of cases. 

 

Yunming Ye et al. [102] suggested a stratified sampling process to select a high-

dimensional data feature. The method is based on stratifying the functions into two 

groups with strong informative characteristics and weak informative characteristics. The 

feature is then randomly selected proportionally from each group. Ariana Broumand et 

al. [103] introduced a method for renouncing random sampling and prior knowledge is 

useful in determining the specific sample class from each sampling step. Mostly the 

class with the lowermost expected classification error is chosen for sampling with the 

new sample point added. In order to solve this problem, classification performance can 

be reduced due to the presence of composite structures in data distribution such as an in-

class imbalance in high-dimensional data. Peng Cao et al. [104] proposed a hybrid 

method for combining probabilistic sampling with a variety of random subspace 
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ensembles. The main genes can be identified by extracting important samples that can 

be classified by neural networking either SVM or back-propagation. Austin H. Chen et 

al. [105] recommended an approach called a vector sampling support technique to 

improve the accuracy of classification. 

 

Piyush kumar A. Mundra and Jagath C. Rajapakse [106] extended the simultaneous 

selection of samples and genes by adding a backward removal method. In this case, a 

modified logistic regression loss function is utilized at each iteration to choose the 

significant sample. Recovery of the association rule from a large database is a tedious 

task in which sampling is used as an efficient tool to decrease the set of data. For more 

information on the sampling approach, V. V. Umarani and Dr. M. Punithavalli [107] 

gave an overview of the existing sampling-based mining rules of the association. 

2.3.3 Statistical and Information based Gene Selection 

The analysis of microarray data sets in various works have produced good classification 

accuracy and determination of the disease and the treatment options. Some of the work 

on gene selection strategies was discussed here. In literature, we have studied many 

methods for the prediction and diagnosis of cancer in gene selection [108-110]. Saeys et 

al. [80] provided an overview of the techniques of selecting features. A parameter is 

entered to find the TNoM (threshold number of misclassification) gene selection score. 

The meaning of each gene can be represented by the P-value of the TNoM score. T-test 

and ANOVA are used here as gene selection measures. The modified Bayesian 

approaches [108] were also used to select genes regardless of their Gaussian 

assumptions. The clustering technique can also be used for data on gene expression 

[111], which helps to reduce data dimensionality before classification. A two-step 

technique was introduced by Wong and Hsu [112], in which the first step deals with the 

sub-gene ranking and the second step includes the classification. Li and Shu [113] 

suggested a nonlinear dimensionality reduction kernel technique with SVM for the 

classification of GED. Horng et al. [114] suggested a system of experts used by the 

decision tree to categorize GED and gene selection. 
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The classification of GED assumes a substantial role in the diagnosis and prediction of 

diseases, but the gene dimension is incompatible with the sample dimension. It finds 

that not all genes are used for efficient sample classification. A strong feature selection 

technique is therefore essential to recognize the significant genes that can be used to 

efficiently classify the samples. Looking into the informative gene selection goal B. 

Chandra and Manish Gupta [115] introduced a feature selection method that is 

statistically defined as an effective range of features for each class called effective gene 

selection based on range. This approach can be used in the classification of genes and in 

the identification of the most significant genes liable for diseases. The adequacy of the 

proposed methodology was compared to many methods of gene selection, namely 

Relief-F, t-Statistics, mRMR, information gain and v2-Statistics. 

 

Microarray Discriminate data analysis has been studied to assist in the diagnosis of 

diseases, as numerous genes in the gene set are insignificant or repeated for a certain 

problem. The only way to pre-process the original gene set is by selecting genes. 

Biologists say that gene selection aids in understanding the functions of related genes. 

Genes are generally considered as features, which means that the problem of gene 

selection can be solved as a problem of feature selection. The mutual information 

method is a specific type of function selection method that represents the relevance of 

two random variables. However, it is very difficult to compute with high-dimensional 

data with this approach. The study focuses on many existing works based on low-

dimensional fixing problems. In the case of high-dimensional cases that only support 

the binary variant, mutual information is used for function selection. Ruichu Cai et al. 

[116] proposed an effective gene selection procedure based on related information 

which in turn is based on genes selected on the approximate measurement of mutual 

information calculated between the class and the genes selected. In order to enhance the 

efficiency of this algorithm, an effective cutting strategy is introduced. The genes are 

usually interdependent in the gene group, where one gene cannot function without 

another gene. 

 

To improve classification accuracy, Xin Sun et al. [117] suggested a novel filter based 

selection evaluation dependent on the theory of information. The proposed DR analysis 

method is a comprehensive addition of the mRMR method in which the significance of 
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every gene is modified with each cycle in which an interdependent gene is chosen from 

the chosen subset. The significance value of the residual genes is modified and the 

relevance between the recently selected gene and the residual gene is recalculated. 

 

C.O. Sakar et al. [118] presented a decent outline of the approach to mRMR. This 

strategy centers around the way that good gene cannot achieve good classification 

precision as a group. Therefore, the redundancy between them should be condensed to 

improve classification accuracy. This methodology is developed on the theory of 

information. They projected an enriched approach to mRMR called the canonical 

kernel. 

 

In microarray GED concerning the classification of diseases, the features that contain 

the maximum information are to be found. Entropy is used as an appropriate metric for 

the motivation of relevant gene selection (identification of people with maximum 

information). Genes with differing expressions in two different classes are known as 

differentially expressed genes. The degree of differentially expressed genes is known as 

the relevance of mutual information. Mutual class information is considered zero if the 

expression of a gene has been distributed arbitrarily or uniformly in different classes. 

The gene should have a large amount of mutual information if it is expressed strictly 

differently in different classes. Monalisa Mandal and Anirban Mukhopadhya [119] 

suggested that the existing mRMR approach be improved. The functions are selected 

here on the basis of maximizing the significance among the function and the class and 

then reducing the redundancies among the function and the additional functionality. The 

most relevant feature is then selected for the output set and an alternative solution set is 

formed, which includes the remaining features constructed on the two selection 

principles. Few features that meet both conditions are subsequently selected in the last 

set. The number of functions in the last set shall be supplied by the user. 

 

Yibing Chen et al. [120] have presented two phases of function selection. The first 

phase includes the distance Bhattacharyya, which separates non-instructive genes to 

produce a lesser set of instructive genes, while the second phase includes the distance of 

the kernel as a strategy for measuring class separation, which is a floating sequential 

exploration technique. They have used this to a Colon Cancer dataset with SVM 
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classifier and accomplished valuable outcomes. In order to establish the relationship or 

to draw any conclusions about the genes, it is necessary to measure the appropriate 

distance followed by the classification, since the microarray data is packed with a large 

amount of data. The Pearson correlation and the Euclidean distance are two measures 

used to determine the global similarity of genes, mainly for the distance between genes 

and their biological order. While calculating the similarity of all gene expressions from 

different cases, they are not assigned the same weight and the expression differs from 

one type to another. Genes with a higher dynamic range dominate the lower dynamic 

range in most cases.  

 

Hausdorff distance was used by Selwyn Piramuthu [122] for the selection of features, 

which is the unit of resemblance between two metric space features. The distance 

among the characteristics of two dissimilar classes is calculated. A decision tree is then 

built by distance in ascending order. The tree halts with a stop criterion and the 

characteristics are then guided to the selected subset. The standard of the tree is assessed 

using the classification of unseen examples. In their study, Hui-Huang Hsu and Ming-

Da Lu [123] used two dissimilar methods to select features, i.e. Euclidean distance and 

Pearson correlation are both statistical measurements. 

2.3.4 Hybridized, Univariate and Multivariate Gene Selection 

Approach 

The main challenge in handling data sets with an enormous amount of features with 

relatively few patterns is the curse of dimensionality, which can lead to the problem 

when building a model with increased computing complexity over time. The model can 

have a negative effect while predicting the accuracy [123] due to the presence of 

extraneous and redundant data in the data set. To solve this problem, the selection of 

features is used. In order to enhance performance and evade problem selection, the 

relevant and redundant features [124] are removed. To locate the ideal subset of 

features, the selection process requires a search strategy that ensures that the quality of 

the subsets is assessed. To discover the optimum subset of features is an NP-hard 

problem because it requires a thorough search of possible combinations of features 

[124-125]. In order to deal with this problem, the first search was carried out. Some 
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other approaches have also been used to identify irrelevant and redundant genes that can 

be removed from high-dimensional data sets as a substitute for a thorough search over 

the function sub-set. Filter, wrapper, embedded and hybrid methods [123-125] are 

common feature selection techniques. 

 

In the filter model without any learning algorithm, features with the highest rank are 

classified. The filter prototypical can be classified as univariate and multivariate 

methodologies [125]. The statistical measurements were used by the univariate filter to 

calculate the significance of each feature. To this end, many methods such as 

information gain (IG), Gini index, Gain-ratio, Symmetrical Uncertainty (SU), Fisher-

score, Chi-square test, Laplacian score, Relief and term variance have been proposed in 

the literature. Univariate filters are independent of any learning algorithm, which makes 

them computer-efficient. However, it can determine the relevant feature but does not 

identify the redundant feature. In addition, both theoretical and experiential studies 

indicate that redundant features should be removed [126] because it affects the predictor 

model's accuracy and calculation time. In contrast, the multivariate filter model was 

utilized to resolve the problem by avoiding function dependency. Some multivariate 

filter methods have been discussed in the literature, such as mRMR, Random sub-space 

method, etc. On the basis of relevance and redundancy analysis, the selection of 

relevance-redundancy functions [121] is developed as a multivariate function selection 

process. 

 

The wrapper model is a redundant search procedure in which the outcomes of the 

learning methodology are utilized for the search procedure in each iteration. The 

training of the learning algorithm includes the function selection process in the 

embedded method. Guyon et al. [95] used SVM for the ranking of features to determine 

the significance of a feature by its weight. The Naïve Bayes classifier uses the 

probability distribution to detect the relevance of each feature. El Alami [127] 

introduced an embedded method based on the ANN classification. The hybrid model 

has the benefits of both the filter and the wrapper model. Leung and Hung [128] 

introduced a hybrid gene selection technique in which the initial subset can be selected 

using different filter-based methods and then multiple wrapper-based methods with 

different classifiers can be used to produce the final list of features. The hybrid model 
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can work with mutual information and optimization of the Ant Colony (ACO), mutual 

information and GA, and information gain and sequential floating search [111]. The 

hybrid model uses the reduced function subset in its second step in order to diminish the 

computational complexity. Sina Tabaki and Parham Moradi [129] proposed unattended 

and multivariate methods of filter selection by analyzing the significance and 

repetitiveness of features. 

 

By Dina A Salem and al. [130], an amalgamation of two gene selections is proposed to 

help resolve the problem of high dimensionality. The first classification and the second 

classification were applied to two public microarray data sets, from which 100 genes 

were used rather than the original number of genes (7129) and the best result was 

obtained without errors. Naseripars et al. [131] used a sample domain filtering and 

resampling combination to refine the sample domain and the two subsets of features. 

The results of the proposed method show that it works better than the GA-Wrapper 

method, the GA-classifier method and the SU-GA Wrapper methods. Janecek et al. 

[132] have demonstrated the relationship between function selection and data 

classification with PCA. To improve the diversity of the classifier ensemble, Assareh et 

al. [133] suggested a random hybrid subspace fusion model. Pengi Yang and Zili Zhang 

[134] proposed the hybridization of GA with decision tree and GA with neural networks 

used to select optimal gene sets with the highest level of precision. Hui-Huang Hsu et 

al. [99] introduced a hybrid feature selection technique with a combination of filters and 

wrappers. The filter approach used the theorem of information to analyze the 

relationship between feature and class and to remove redundant features. SU was used 

with IG to find features with less information in another filter approach. 

 

Behrouz Dadaneh, Zamani et al. [135] proposed the selection of probabilistic features 

using ACO, which is not supervised. The proposed model seeks an iterative process for 

the optimal function subset. The F-score measurement was used by Xie and Wang [46] 

to rank the features and Peng et al. [137] used a random sampling method to select the 

ranked features. To reduce the search space solution, Bonilla-Huerta et al. [138] used 

the ranking method. Kabir et al. [139] used feature gain information to change the ant‟s 

position in the ACO algorithm. By Khushaba et al. [140], the application of differential 

development with rapid convergence was investigated. Al-Ani et al. [141] suggested a 
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new technique for dealing with real value vectors based on wheels. This proposal used 

an upper limit to limit the number of solution features. The suggestion that helps solve 

the problem of function selection was presented by Satapathy and Naik [142]. The 

results of both studies were influenced by the efficiency of the selection of a small 

number of functions. Apolloni et al. [143] used a rank-based method to generate a 

binary version of DE's initial population. Javier Apolloni et al. [144] introduced two 

new, simple and efficient BDE-X rank and BDE-X rank hybrid function selection 

algorithms. Both algorithms combine a wrapper function selection technique based on a 

binary evolution algorithm with a filter function selection method technique on the rank. 

2.3.5 Ranking based Gene Selection Approach 

In the field of gene selection, SVM-RFE has an important role, as iteratively eliminates 

less significant genes by considering the weights of the support vectors. Various 

methods produce different results because of the scarcity of microarray data. In this 

section, some of the proposed methods that include SVM-RFE were discussed. In order 

to enhance gene selection capabilities and reduce computer costs, two approaches can 

be identified, such as (a) SVM-RFE weight redefinition [145], (b) SVM-RFE results 

with several gene exclusion policies. Because of the previously known cardinality of the 

concluding gene set [146], the variants of SVM-RFE gene selection can lead to a 

problem of subset bias. Therefore, in order to overcome the limits of SVM-RFE, E. 

Tapia et al. [147] proposed a method for designing SVM-RFE consensus rules that can 

be steered by an appropriate study of SVM-RFE‟s individual and ensemble behaviour. 

Kai-Bo Duan et al. [148] Feature selection method proposed using SVM-RFE-like 

backward elimination. The ranking score can be calculated using statistical analysis in 

the proposed approach. A similarity assessment based on Gene Ontology (GO) was 

used to validate the selected subset. Granular SVM is a granular computer - based 

learning framework that includes the statistical theory of learning and granular theory of 

computing. 

 

GSVM-RFE can be used to eliminate the redundant gene separately at different stages 

and to select in balance positive associated genes and negative associated genes. In 

multiclass SVM-RFE, the selection of optimal product form features can be obtained 
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using a Gaussian kernel using a multiclass fuzzy SVM model. Jorge M. Arevalillo and 

Hilario Navarro [149] proposed a method for the selection of highly predictive genes 

with a minimum level of redundancy. Classification and regression models can be used 

to evaluate predictive accuracy. The main challenge in the field of data classification for 

gene expression is the lesser number of samples compared with the higher number of 

genes. To overcome this issue, researchers have discussed several feature selection 

techniques in the literature to decrease the number of genes. Current studies include the 

use of semantic similarities among genes in GO to increase the selection of functions. 

Christopher E. Gillies et al. [150] developed a new simulation that generates binary 

class data sets with differentially articulated genes amongst two classes. 

2.3.6 Meta-heuristic Gene Selection Approach 

Microarray data includes extraneous and repetitive genes; partial gene selection 

approaches can achieve good gene subset qualities, unfortunately, it takes longer. 

Several heuristic optimization approaches have been introduced to address this. The 

traditional classification method shows poor accuracy due to higher dimensionality and 

lesser sample size, the structure and gene selection have been used with gene expression 

so as to take care of this issue. GA has been assigned to microarray gene expression in 

combination with classifiers such as NN, Bayesian networks and SVMs [58]. The 

procedure of picking the least subset of informative genes that can be predicted by a 

classification model for the relative class is called gene selection. The problem of 

selecting the optimal feature was shown as NP-hard. The answer to this issue is 

therefore to use heuristic methodologies such as a natural evolutionary algorithm. The 

Artificial Bee Colony (ABC) approach was utilized to find the optimum solution to 

problems with numerical optimization. 

 

The algorithm is constructed on the performance of honey bees in search of food of high 

quality. ABC method‟s performance has been equalled to other evolutionary approaches 

such as differential evolution (DE), GA, evolution strategies, particle swarm 

optimization (PSO) and particle swarm-inspired evolutionary algorithms. The ABC 

approach received a lot of attention due to its simplicity and was utilized to solve many 

optimization problems. To predict the informative gene, Hala M. Alshamlan et al. [61] 
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used the ABC algorithm and proposed a new hybrid gene selection algorithm and 

named it as Genetic Bee Colony (GBC), selecting the most predictive and informative 

cancer classification genes. In comparison to mRMR-ABC, mRMR-GA and mRMR-

PSO, GBC shows better results. Compared to the wrapper gene selection method, 

evolutionary approaches such as PSO, GA and ABC are naturally more precise [151] 

because they are able to find optimal and nearly optimal solutions. They consider 

simultaneously numerous interacting features rather than one feature at a time while 

searching for the solution space [58]. 

 

The selection of feature / gene selection is defined as the procedure of detecting a 

smaller subset of features containing the most distinctive information from the existing 

feature set to enhance the classification results. Due to its inferior computational 

complexity and superior generalization capacity, filtering methods are flexible while 

working with different classifiers. Comparing the filter method, the wrapper methods 

are closely linked to a classifier and consider the classification error rate as the 

estimation criterion. The embedded methods can include decision tree approach C4.5 

and forest random. Partial Least Squares (PLS) is a technology for non-parametric, 

multivariate statistical analysis. This can be widely used to reduce dimensionality and to 

analyze high-dimensional data. 

 

By calculating the projection value of individual features, PLS can classify all features 

and pick the top ranked feature [152]. So as to achieve a greater quality subset of 

functions, researchers have proposed a combination of RFE and PLS. Aiguo Wang et al. 

[153] Using Simulated Annealing and square root, a recursive feature elimination 

algorithm (PLSRFE) was explored to reduce the time complexity of the feature 

selection technique. Carlos J et al. [154] wrote about the issue of evading over-fitting 

and attaining supreme accurateness by joining the algorithm for selecting attributes and 

classification. Stjepan Oreski and Goran Oreski [155] presented a new heuristic hybrid 

technique incorporating GA with NN (HGA-NN) to detect an optimal subset of genes 

with better classification precision. Current classification algorithms fail to balance 

fitting and generalization while inferring models from training data, to address this 

problem Huy Nguyen Anh Pham and Evangelos Triantaphyllou [156] suggested a 

convexity-based method (a meta-heuristic technique) by effectively balancing model 
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data fitting and generalization behaviours and equating them with several traditional 

classification techniques. The high-dimensional nature of the microarray data with a 

smaller number of samples suffers from a malignancy of dimension. 

 

To address this problem, Sina Tabakhi et al. [157] suggested an uncontrolled gene 

selection technique (MGSACO) that integrates the ACO approach into the filter method 

by diminishing gene repetitiveness and maximizing gene significance. 

2.4 Problem Definition 

As per the Literature review, here are the few research problems which can be 

addressed in the future. 

 

Microarray experiment data contains noise and is not very reliable. Therefore, we must 

use sophisticated noise omission and data normalization techniques before analyzing the 

data. 

 

Another major challenge is to develop a distinct classifier that is best suited to classify 

all types of a dataset for gene expression into a significant number of classes.  

 

Microarray data is affected by the size curse, a smaller number of samples and the level 

of insignificant and noisy genes. These make the test sample classification task very 

challenging.  

 

Successful techniques for selecting features will help to correctly classify different types 

of cancer and other datasets and thus lead to a better understanding of genetic signatures 

in cancers and other diseases and improve treatment strategy. Therefore, the future need 

is to develop a technique for identifying the utmost predictive and instructive genes for 

gene expression data classification. 
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CHAPTER – 3 

Research Methodology 

3.1 Objectives 

Microarray technology based gene expression analysis is among the most recent 

research topics in bioinformatics at present. The experimental part of this technology is 

already mature. Compared with this, the exploration of automatic analysis methods is 

still at its early stage. In this research, we study several machine learning (artificial 

intelligence based) approaches to solving several typical gene expression analysis 

problems. 

 

The fundamental objectives of this research are: 

 

 To explore the state of the art of Microarrays Technology and Gene Expression 

analysis techniques. 

 To study and analyse various artificial intelligence techniques for Gene 

Expression analysis. 

 Identify and study of various techniques of gene selection for classification 

problems. 

 To develop hybrid gene selection algorithm using artificial intelligence 

techniques to solve classification problems. 

 To apply hybrid gene selection algorithm using public datasets and validate the 

result. 
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3.2 Artificial Bee Colony (ABC) 

Artificial Bee Colony (ABC) optimization algorithm is among the most well-known and 

commonly used swarm based intelligence techniques introduced in 2005 by Dervis 

Karaboga for optimizing numerical problems. Since then, ABC was rigorously studied 

and updated/modified by many researchers and scholars to apply in various fields of 

science, engineering and management to resolve very compound issues. This method is 

very easy to understand and implement and has very few control parameters. In current 

years, many new algorithms are derived based on a natural phenomenon like artificial 

bee colony methodology and are used to determine clarifications of many real world 

problems [158].  

 

Swarm Intelligence based algorithms are gaining popularity day by day as they have the 

capability of solving difficult problems in the areas of science, engineering and 

management. These methods are motivated by certain natural phenomenon known as 

Nature Inspired Algorithms (NIAs). The NIAs simulates the smart conduct of social 

creatures like bees, birds, ants, termites, fish, etc. It is evident that nature imparts us in 

what way to solve complex and compound issues with the diverse degree of intricacy, 

efficiently and effectively. NIAs propelled by different characteristic particular 

actualities and we can characterize NIAs as per their basis of inspiration. Utmost critical 

kinds of NIA are: Physical Approaches, Evolutionary Algorithms, Immune Techniques, 

Neural Methods, Probabilistic Algorithms, Stochastic Approaches and Swarm 

Algorithms [159].  

3.2.1. ABC ALGORITHM  

The ABC methodology is simple, rapid and population based meta-heuristic nature 

inspired search optimization strategy. The ABC algorithm has two clashing however 

fascinating exercises: The initial one is a procedure of adjustment, which engages 

investigating the multiple search space, and the next step is a procedure of choice, 

which guarantees the utilization of the prior knowledge. It is here and there seen that 

ABC quits moving toward global optimum in spite of the way that the populace has not 

united to a confined local optimum [161]. It can be seen from experiments that ABC is 
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good at exploration but are not at its best in terms of exploitation [160]. Consequently, it 

is immensely necessary to build up another methodology which can make use of 

improved solutions in its neighbourhood and furthermore ready to investigate the 

exploration space for less fitting solutions with the end goal to have the proper 

synchronization between exploration and exploitation exercises of the ABC. 

 

The ABC meta-heuristic algorithm is inspired through the impulsive food source 

searching conduct of the honey bees. Honey bee insect is among the best spontaneous 

creations of nature; it shows collective intelligent behaviour at the similar time as 

probing and searching the food source. The honey bee can retain the characteristic 

environment, can gather and circulate the data and can choose as indicated by these 

perceptions. According to the adjustments in the environment, the honey bee refreshes 

its position, allot the duties progressively and go on further by methods for ecological 

information. This stunning behaviour of honey bees spurs specialists and researchers to 

copy the astute sustenance scavenging conduct of the honey bees. 

3.2.2 Stages of ABC Algorithm  

The ABC methodology has 3 significant stages [158]:  

 Employed Bees: Engage the employed honey bees to pursuit and find fresh food 

source having more nectar and evaluate its fitness. 

 Onlooker Bees: Based on the information shared by employed honey bees, onlooker 

honey bees pick the food origins and compute roughly their nature of nectar. 

 Scout Bees: Find the unemployed honey bees and make utilize of them on hopeful 

food origins for the tenacity of exploitation. 

 

Initialization 

The ABC technique imitates the amazing food scavenging conduct of actual honey bees 

and has three crucial parameters: first of it is a populace that is measured as a total of 

food bases, the next parameter is a limit i.e. the number of attempts after which a food 

origin is forbidden and third parameter is the maximum number of iterations after which 

an algorithm will stop. Accordingly to Dervis Karaboga [158], to achieve the finest 

outcomes for ABC, the number of employed honey bees and onlooker honey bees must 
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be taken equal that is half of the underlying populace. It is recommended that the 

preliminary population must be uniformly distributed for better results. Every food 

origin is indicated by an N-dimensional vector Fi (i = 1, 2 ... N) and all food origins are 

assigned initial value with the help of Equation – 3.1 [160]:  

Fij=Fmin j + rand(0,1) * (Fmaxj - Fminj)                  (3.1) 

Where, Fminj and Fmaxj are the highest and lowest value of a variable Fi respectively and 

rand(0,1) is a range function that arbitrarily generates a number in the range [0,1] 

The circumstance of current arrangements invigorated with the help of the data of a 

person's understanding and the propriety of the as of late settled arrangements 

 

Employed Bee Stage  

The second and vital stage of the ABC algorithm is employed bee stage. Its obligation is 

to discover new nourishment source including more nectar inside the area of the food 

source and retain it. The circumstance of existing solutions refreshed with the assistance 

of the information of an individual‟s understanding and the correctness of the lately 

recognized solutions. Prevailing food origins supplanted with the imaginative food 

origin having the better estimation of fitness. The position of i
th

 nominee of j
th

 

dimension updates are done by Equation – 3.2 [160]:  

Nij = Fij + Φ (Fij-Fkj)                     (3.2) 

Here Φ (Fij-Fkj) is known as step size. Here, j and k are two randomly designated indices 

and k ∈ {1, 2, ..., SN}, j ∈ {1, 2, ...,Z} and k ≠ i make sure that step size will have some 

noteworthy enhancement.  

 

Onlooker Bee Stage  

The third important stage of the ABC method is the onlooker honey bee stage. In this 

stage, all employed honey bee share data about the nature of nourishment origins 

through onlooker honey bees in the type of appropriateness (fitness). Every food origin 

is adjudged considering its likelihood of selection. There are different strategies to 

calculate the likelihood; for the most part it is determined in terms of appropriateness. 

The onlooker profoundly chooses appropriate solution. The appropriateness of each 

food origin is identified by its function value using Equation – 3.3 [160]: 
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if (function_value  >  0) 

Fitness  =                         1       (3.3) 

                           2 × FunctionValue + 1 

else 

Fitness  = 1 + fabs (                 1                   ) 

                                           Function Value 

 

Equation – 3.4 calculates the fitness value for each food source and selection of 

probability of each food source is identified by that value [160] 

Pij     =       ƒiti          (3.4) 

              
SN 

                   
  ∑  ƒiti 

               i=1 

 

Scout Bee Stage  

The last stage of ABC methodology is a scout honey bee stage in which certain new 

food origins are investigated instead of dismissed food origins because of low value. In 

the event that when the location of a specific food source isn't refreshed for a limit (i.e. 

number of iterations), that food origin is relinquished and another phase known as scout 

honey bees stage begins. The honey bees that are associated amidst the abandoned 

source of food convert into a scout honey bee and the food origin is substituted by the 

dynamically picked origin of food inside the investigation space. New food sources 

produced using Equation – 3.5 [160]. 

 

Fij= Fmin j + rand(0,1) * (Fmaxj  -  Fminj)                (3.5) 

As deliberated in earlier four stages, it can be inferred that the ABC method has three 

crucial parameters. Those parameters are the maximum number of cycles or iterations, 

the limit (breaking point) and SN (number of food origins) [162]. The ABC algorithm 

steps are presented in Figure – 3.1. 
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Figure 3.1 :  Pseudocode of the ABC algorithm 

(Source: https://www.researchgate.net/figure/Pseudocode-of-the-ABC-algorithm_fig1_270122491) 

 

Applications of ABC Algorithm 

Since its beginning, the ABC algorithm has turned out to be very prevalent and usable 

as it has fewer number of control variables; it is powerful and simple to apply. It is 

effectively applied to the real world and complex issues from various application areas 

by numerous researchers and scientists. Applications of ABC algorithms recorded by 

[163] with subject area of use. It has application in the stream of computer science, 

mechanical engineering, electrical engineering and electronics engineering. Artificial 

bee colony algorithm is applied for feature selection [164], multicast routing [165], 

single machine scheduling [166], balancing in assembly line [167], designing of 

controller [168] and to find solution of travelling salesman problem [169]. List of uses 

of ABC algorithm are interminable, there are pretty much every stream including 

science, engineering and management where ABC technique is being used with need 

over other focused optimization algorithm. 
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ABC for Feature Selection 

In contrast to optimization problems, wherein the potential answers to the issue will be 

symbolized through vectors with actual values, the candidate solutions to the feature 

selection issue are denoted by bit vectors.  

 

Each food origin is related with a bit vector of size F, in which F is the total quantity of 

characteristics (features). The location (position) in the vector compares to the quantity 

of attributes to be assessed. If the corresponding position‟s value is 1, then it indicates 

that the characteristic is a fragment of the subset to be evaluated. Conversely, 

characteristic is not part of the subset to be assessed, if the value is 0. 

 

Moreover, every food origin stores its quality (fitness), that is given by means of the 

exactness of the classifier utilizing the characteristic subset demonstrated by the way of 

the bit vector.  

 

The working of feature selection using ABC is represented in Figure – 3.2. Each stage is 

defined as under: 

1. Generate food sources: F food sources are initially generated, where F is the total 

number of features. 

2. Calculate fitness: Feature of a food source is given as an input to a classifier and 

accuracy is computed. Here, accuracy is considered as fitness. 

3. Search for Neighbours: Employee bees here, visits each and every food source and 

explores their neighbours. 

4. Calculate fitness of Neighbours: Neighbour‟s features found in step 3 is checked for 

accuracy using a classifier and results are stored as neighbour‟s fitness 

5. Compare fitness of neighbour with existing food source: If the fitness of neighbour 

is superior to fitness of food source under examination, then neighbour food source 

is taken as a new food source and information is shared among other bees. LIMIT 

variable plays an important role, if its value exceeds then food source is abandoned. 

6. Onlooker bees: In this step, an onlooker bee become employed bees and executes 

stage 3. 

7. Best food source: Once all onlooker bees are searching for food source, best fitness 

value is identified and stored. 
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8. Scout bees: Last step is to find all the rejected food sources and create new scout 

bees with new food source [170]. 

 

Figure 3.2 : Flow diagram of ABC feature selection method 

(Source : https://www.researchgate.net/publication/269589023_ 

Data_feature_selection_based_on_Artificial_Bee_Colony_algorithm) 
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3.3 Genetic Algorithm (GA) 

Genetic algorithm (GA) is a search heuristic evolutionary algorithm that is motivated by 

Charles Darwin‟s theory of natural evolution and principles of natural selection and 

genetics [171-173]. Mutation, crossover and selection operators which are bio-inspired 

are used to produce great quality solutions for optimization and search issues. 

 

Let‟s us get begin with basic genetic algorithm and its related phrasing. GA changes 

result variables of a search issue into fixed-length strings of letters in order of clear 

cardinality. The strings considered as a candidate solutions to the search issue are 

alluded to as chromosomes, the letter sets are alluded to as genes and the alleles are the 

estimations of genes. For instance, in traveling salesman issue, a route is represented by 

a chromosome, and a city may be symbolized by a genes. In contrast with conventional 

optimization methods, GA works with coding of variables, instead of the variables 

themselves.  

 

To develop great and useful solutions and to execute natural choice, we need a way to 

differentiate great solutions from worse solutions. The way could be a target function 

that is a numerical model or a PC replication, or it tends to be a subjective function 

where humans pick best solutions over more regrettable ones. As it were, the fitness 

measure must recognize a candidate solution‟s near fitness, which will hence be utilized 

by the GA to screen the development of good solutions.  

 

Another vital thought of GA is the idea of populace. In contrast to conventional search 

strategies, genetic algorithm relies upon a populace of candidate solutions. One of the 

essential factors that influences the versatility and execution of genetic methodology is 

the population measure, which is commonly a user characterized parameter. For 

instance, little populace sizes may prompt untimely convergence and deliver 

substandard solutions. Then again, substantial populace sizes prompt unnecessary 

expense of valuable time of computation.  
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When the problem is programmed in a chromosomal way and a fitness measure for 

recognizing great solutions from not great ones has been picked, we can begin to 

develop solutions for the search problem utilizing the accompanying advances: 

 

1. Initialization:  First step is to create starting candidate solutions‟ population in the 

search area randomly. This should be possible by thinking about area explicit learning 

or by joining other data. 

2.  Evaluation: Fitness estimations of the candidate solutions are estimated and assessed 

once the populace is introduced or a posterity populace is made.  

3.  Selection:  It is the procedure in which superior fitness esteems are considered and 

idea of survival-of-the-fittest is coupled on candidate solutions. The primary objective 

of choosing is to pick superior solutions to bad ones, and numerous selection methods 

have been suggested to achieve this objective, comprising roulette-wheel selection, 

ranking selection, stochastic universal selection and tournament selection etc. 

4. Recombination: It consolidates typically best parts of at least two parental results to 

create new, possibly superior results (i.e. offspring). There are numerous methods for 

achieving this, however generally crossover concept is used over here, and competent 

execution is dependent on a suitably structured recombination mechanism. The 

offspring or new solutions under recombination won't be like a specific parent and will 

rather join parental qualities in an exceptional way [174]. 

5. Mutation: While recombination deals with at least two parental chromosomes or 

solutions, mutation locally however arbitrarily changes a solution. Also, there are 

numerous variants of mutation however it more often than not includes at least one 

varieties being made to a person's characteristic or qualities. In other terms, mutation 

executes an arbitrary stroll in the locality of a candidate solution. 

6. Replacement: The new solution or the offspring populace which is made by selection, 

recombination, and mutation replaces the first population. Numerous substitution 

methods such as elitist replacement, steady-state replacement and generation-wise 

replacement techniques are utilized in GA. 

7. Rerun steps 2–6 until better solution is obtained or a terminating condition is met. 
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Pseudocode of the GA algorithm is visualized in Figure – 3.3. 

 

Figure 3.3 : Pseudocode for GA Algorithm 

(Source : https://www.researchgate.net/figure/Generic-pseudocode-of-a-genetic-

algorithm_fig7_258505194) 

 

GA for Feature Selection 

There are quite a few approaches that exist for feature selection using GA. The most 

common and main methods that have been used widely by researchers and scholars are 

Binary Vector Optimization (BVO) Method and m-ary vector. In BVO [175], the 

procedure is to locate an ideal paired vector in which each piece compares to a feature. 

A „1‟ recommends that the feature is chosen and '0' proposes that the feature is dropped. 

The principle target of this strategy is to locate the parallel vector with minimal quantity 

of 1‟s to such an extent that the classifier execution is boosted. This paradigm is 

regularly changed to decrease the dimensionality of the element vector in the meantime 

[176].  

 

The second and more sophisticated procedure [177] utilizes m-ary vector to allot 

weights to features rather than suddenly reducing or incorporating them as in the case of 

binary. This gives superior search goals in the space which is multidimensional [178]. 

To enhance the outcomes, neighbourhood upgrades were utilized at times where low 

performing features were supplanted by high performing features [176]. Fitness 

functions are application dependent. 
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For feature determination, the individuals are subsets of indicators that are encoded as 

twofold; a feature is either included or not in the subset. The fitness values are some 

proportion of model execution, for example, the RMSE or characterization precision. 

One issue with utilizing GA for feature determination is that the streamlining procedure 

can be extremely forceful and there is potential for the GA to over fit to the predictors 

[179]. 

3.4 Ant Colony Optimization (ACO) 

An algorithm that is meta-heuristic which is motivated from the explorative behaviour 

of ants is Ant Colony Optimization or in short known as ACO. Ants are very good at 

finding the shortest route from their source to the food source and other way round, 

regardless of being visually impaired and less intelligent. This is because of the concept 

of pheromone as scientists have found out because of which they can connect and 

interchange routing information between each other. These traces help ants find the 

shortest possible routes. 

 

Ants select the ways, in light of on a possibility that is corresponding to the quantity of 

the pheromones stayed on the ways. The way is considered fittest if the pheromone 

trails are more grounded. This technique has certain fascinating capabilities, for 

example, constructive feedback, conveyed computation, and a positive greedy heuristic, 

which have pulled in the analysts and researchers [180]. Constructive feedback conveys 

speed to discover great solutions. Other than that, distributed calculation prevents the 

technique from untimely and early convergence. Lastly, the greedy heuristic encourages 

in finding alluring solutions in initial steps of the search. These are the attributes which 

have made the Ant Colony Algorithm vigorous, versatile and reasonable. 

 

The term metaheuristic is a Greek word and is a combination of two words meta and 

heuristic. Meta means “beyond” or “Upper level” and Heuristic derives from the verb 

heuriskein which means “to find”. The new heuristic has the subsequent necessary 

characteristics: 

 Versatile: The term versatile means that this algorithm can be applied to similar 

varieties of the given problem. For instance, ACO can be applied to Traveling 
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salesman problem (TSP) and its similar extension Asymmetric Traveling Salesman 

problem (ATSP). 

 Robust: It can also be used with further optimization problems such as Quadratic 

Assignment Problem (QAP) and the Job-shop Scheduling Problem (JSP) with only 

marginal changes.  

 Population based approach: It takes into consideration exploitation of positive 

response as a search mechanism and also makes the system responsive to collateral 

implementations. 

 

One of the basic known systems is Ant system, which is the first known system of ACO 

based class of algorithms. This algorithm is naturally inspired by the trail leaving and 

knowing behaviour of natural ants. The crucial peculiarity of ACO approach is the 

amalgamation of prior information about the factors of a favourable solution with 

posterior information about the factors of formerly achieved decent solutions. Another 

main idea, which is roughly stimulated by the behaviour of natural ants, is of a 

concurrent or parallel search on local problem data and on an active memory 

arrangement comprising information on the quality of formerly achieved results.  

 

When ants search for food source and moves from source to destination, they leave a 

chemical known as pheromone, to mark these routes. This marking of routes helps the 

other following ants to find the path of their members as they sense pheromone and 

selects paths having higher concentration of pheromone. 

 

The algorithm is primarily based on adaptively adjusting the pheromone on routes at 

each node and is revealed in Figure 3.4. Choice of this node is guided by a means of a 

possibility-based totally selection approach. The ants are driven by an opportunity rule 

to select their solution to the issue, referred to as a trip. The probability rule among two 

nodes j, referred to as Pseudo- Random-Proportional Action Choice Rule, and it is 

dependent on on two factors: the heuristic and meta-heuristic and it is presented in 

Equation – 3.6. 

pij  =        [τij]
α
 [ ηij]

β      
   (3.6) 

            ∑  [τij]
α
 [ ηij]

β 

                 h∈s 



Research Methodology 

 

Page 66 of 132 

 

 

Where, τ and η represents pheromone and inverse of the distance between the two nodes 

respectively.  

Each ant adapts the situation in two dissimilar ways: 

i) Local trail update: The amount of pheromone is modified on the edge as the ant 

moves between nodes by the following Equation – 3.7: 

τij(t) =(1-ρ). τij(t-1) + ρ. τ0        (3.7) 

 

Where, ρ is evaporation constant and τ0 is the original value of pheromone trails and 

can be computed as given in Equation – 3.8: 

τ0 = (n / Ln)-1          (3.8) 

 

Where, n represents the number of nodes and Ln denotes the total distance covered 

among the total nodes. 

 

ii) Global trail update: When all ants have traversed all the nodes and is able to 

determine the shortest path, it alters the edges in its path by the subsequent Equation – 

3.9: 

τij(t) =(1-ρ). τij(t-1) +   ρ        (3.9) 

L
+
 

 

Where, L+ denotes the length of the shortest and best path produced by one of the ants. 
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Figure 3.4 : Pseudocode for ACO 

(https://www.researchgate.net/figure/Pseudocode-of-Ant-Colony-Optimization-ACO_fig2_237013254) 

 

ACO for Feature Selection 

The feature selection job can be restructured into an ACO appropriate problem. Usually, 

ACO necessitates a issue to be denoted as a graph. Here, nodes represent features and 

an edge between the nodes represents choice of the next feature. Graph traversal by an 

ant where least number of nodes is visited and which fulfils the traversal stopping 

criteria is considered to be the optimal feature subset.  
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Figure 3.5 : ACO representation for Feature Selection [179] 

 

Figure - 3.5 clarifies this basic idea. An ant is presently at node a and has to make 

decision of which feature to add besides to its route (dashed lines). It picks feature b 

next dependent on the changeover rule, then c and afterward d. Upon reaching at d, the 

present subset {a; b; c; d} is resolved to fulfil the traversal ceasing paradigm (e.g. a 

reasonably high classification precision has been accomplished with this subset). The 

ant ends its traversal and yields this element subset as a possibility for data reduction 

[179]. 

 

Equation – 3.10 denotes probability of an ant at feature i willing to travel to feature j at 

time t: 

pij
k

 (t)       =                 [τij (t)]
α
 .[ ηij]

β 
                 if j ∈ Ji

K
 

    
                     ∑

 
l∈Ji

k 
 [τil (t)]

α
 .[ ηij]

β                                    
(3.10)

 

                                   

                                                 0                                     else 

 

Where k denotes the quantity of ants, η ij is the empirical interest of picking feature j 

when at feature i (η ij is discretionary yet regularly required for accomplishing a high 

algorithm performance [176], J 
k
i is the arrangement of neighbour nodes of node i which 

is yet to be visited by the ant k. α > 0, β > 0 are two variables that decide the overall 
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significance of the pheromone value and empirical information (the value of α ,β is 

identified experimentally) and τ ij (t) is the measure of simulated pheromone on edge 

(i,j). 

 

The general procedure of ACO feature choice can be found in figure 3.6. The procedure 

starts by producing various ants, k, which is then put arbitrarily on the diagram (i.e. 

every ant begins with one arbitrary feature). On the other hand, the number of ants to 

put on the diagram might be fixed equivalent to the number of features inside the 

information; every ant begins path development at an alternate feature. From these 

underlying locations, they cross edges probabilistically till the point when a traversal 

halting model is fulfilled. The subsequent subsets are accumulated and afterward 

assessed. On the off chance that an ideal subset has been found or the calculation has 

implemented a specific number of times, at that point the procedure ends and yields the 

finest feature subset experienced. In the event where none of the conditions holds, the 

pheromone is refreshed, another set of ants are made and the procedure emphasizes yet 

again. 

 

The pheromone on every edge is modified as stated by the subsequent formula: 

τij(t +1 ) = (1-ρ) . τij (t) + ρ.∆ τij(t)                                      (3.11) 

Where: 

n 

∆ τij(t) = ∑ (γ‟(S
k
)/| S

k
 |)                           (3.12) 

h∈s 

 

Δτ ij (t) is 0 if edge is not traversed, otherwise the above formula holds. The value 0 ≤ ρ 

≤1 is decline constant utilized to pretend the disappearance of the pheromone, S
k
 is the 

feature subset identified by an ant k. The pheromone is altered keeping in consideration 

together the degree of the "goodness" of the ant's feature subset γ ′ and the subset size 

itself. From the above rule, all ants update the pheromone.  
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Figure 3.6 : Process Flow Diagram of ACO based feature selection [179] 
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3.5 Proposed Feature Selection Algorithm 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.7 : Basic flow model of proposed hybrid feature selection algorithm 

 

Categorization of gene manifestation includes gene selection and to design an 

appropriate classifier. However, as we know gene expression datasets are redundant, 

noisy, error prone and irrelevant, it makes classification task complicated, as misleading 

attributes can comprise erroneous correlations. An efficient and consistent gene 

selection method is required for sample classification so as to expand classification 

exactness and to evade complexity. The task of selecting a gene is known as feature 

selection in terms of artificial intelligence. 

 

Feature selection has data with class labels and it tries to find out which features finest 

differentiate between the labelled classes. Here, the genes are considered to be the 

features that define the functionality of the cell. The main aim is to achieve maximum 

classification exactness with selecting minimum subset of features and to reject the 

features having minimal or no effect on the classification performance. This subset of 

selected features can be then utilized to categorize unfamiliar data. Thus, feature 
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selection can be seen as a very basic and standard step prior to classification problem 

[61,200]. As far as theory goes, feature selection issues are NP-hard. It is next to 

impossible to perform a deep search as computational time and useful resource cost 

could be simply high. 

 

In this segment, we developed the planned hybrid feature selection algorithm AAG 

[ABC, ACO, GA] for the determination of prominent genes from microarray gene 

expression profiles. AAG is a novel hybrid meta-heuristic algorithm dependent on a 

naturally stimulated algorithm: ABC, ACO and GA. The goal of our planned technique 

is to choose the more instructive and predictive genes so as to enhance the exactness of 

the naïve bayes classifier. The objective of any meta-heuristic technique is to locate the 

optimum feasible solution. Suitable equilibrium between exploitation and exploration is 

essential to achieve this goal. 

 

But, it has been observed that the ABC may additionally now and again quit continuing 

towards the global ideal despite the fact that the population has never again converged 

to a local optimum [161]. Studies [160,161,162] shows that the solution search equation 

of ABC algorithm is decent at exploration but inadequate at exploitation. For the 

population dependent techniques the exploration and the exploitation capabilities are 

together essential features. The exploration ability alludes to the capability to examine 

the different unidentified areas to discover the global optimum in solution area, while 

the exploitation capability alludes to the capability to apply the information of the 

preceding appropriate solutions to locate higher solutions. The exploration capability 

and the exploitation capability repudiate to one another, with the goal that two 

capabilities should be properly adjusted to accomplish precise performance on 

optimization problems. 

 

In the initial ABC algorithm as discussed in the previous paragraph, the exploration 

procedure to locate another solution in optimization search space is great, yet the 

solution exploitation is poor and an extensive computational time is required to merge 

and identify the ideal solution. While, ACO (local search and pheromone) and GA 

(crossover and mutation), has good exploitation operations but unfortunately both the 

algorithms (ACO and GA) does not have the capability to proficiently explore the 
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optimization search space (Kıran and Gündüz, 2012; Jatoth and Rajasekhar, 2010; 

Milan, 2013). That is why the GA suffers from the pre-convergence issue and reaches 

the local optima too quickly and ACO takes uncertain time to convergence.  

 

Therefore, with the end goal to accomplish well-adjusted exploitation and exploration, 

understand the benefits of naturally stimulated meta-heuristic development techniques, 

and to eradicate their drawbacks, for example, pre-convergence and time of 

computation, our suggested AAG algorithm utilizes hybrid technique. In our algorithm, 

we coordinate ACO and GA functionalities with the ABC algorithm, developing an 

improved hybrid feature selection algorithm for controlled optimization.  

 

In our proposed AAG algorithm, we have made subtle changes which are as follows: 

 

 Solution received by the neighbourhood operator in employed and onlooker bee 

stage is applied with local search. 

 Incorporated concept of pheromone in employed and onlooker bee stage, which is 

one of the significant part of ACO. 

 In employed bee phase, introduced communication activity in which progressive 

honey bees communicate with one another to share their outcomes. 

 In onlooker bee phase, uniform cross over operation is added to enhance 

information sharing capabilities from employee bees. 

 In AAG technique, number of scout bees is increased to two to enhance movement 

speed. Also applied mutation operators to improve local search, enhance the 

procedure of substituting consumed solution and achieve equilibrium between 

exploration and exploitation. 

 

Our proposed algorithm is distributed into two major phases:  

1. Data Pre-processing  

2. Feature Selection 

a. Initialization phase 

b. Employed bee phase 

c. Onlooker bee phase 

d. Scout bee phase.  
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In the accompanying subsections, we will define each stage and find out best 

informative and predictive genes for classification using publicly available microarray 

datasets. 

3.5.1 Phase – 1: Data Pre-processing 

It is incompetent to adopt evolutionary algorithms directly to the high-dimensional 

microarray datasets as it consists of a set of several thousand of genes. Moreover, it is 

challenging and infeasible for a classifier to be prepared correctly. Elective techniques 

ought to be effectively utilized to come out of this challenge. Subsequently, as an initial 

step, pre-processing is used to filter noisy, repetitive genes and to diminish time of 

computation and resource cost of our proposed algorithm. 

 

Pre-processing is an essential step to make the gene expression data appropriate for our 

algorithm and to benefit the algorithm run quicker. The pre-processing step consists of 

Normalization and Gene filter stages. 

 

Normalization : As, gene expression data includes several thousand of genes with the 

values in an expanded range, Normalizing the data safeguards the dissemination of 

equivalent weight to every variable by the fitness measure. Without standardization, the 

variable with the highest value will dictate the fitness measure [181]. Consequently, 

normalization diminishes the training mistake, in this way demonstrating the precision 

for the classification issue [182]. The gene expression level values for every gene 

among all samples are standardized at this step in the range of 0 to 1 using the standard 

procedure which is shown in Equation – 3.13 below. 

 

M = Low + [High – Low  *  (NValue – Min_Val / Max_Val – Min_Val)]  (3.13)

  

Where, M is the normalized expression level, Low and High is set to 0 and 1 

respectively, Max_Val and Min_Val is the maximum and minimum initial value 

respectively and NValue is the value to be normalized. So, after normalization, for all 

genes, Max_Val will be 1 and / Max_Val will be 0. 
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Gene Filter 

Gene expressions records are traditionally multi-dimensional considering the intrinsic 

biological intricacy such networks exist in. The big range of genes reasons incredible 

computational difficulty in wrapper strategies while trying to find noteworthy genes. 

Prior to applying new search strategies it is much judicious to decrease gene subset 

space through pre-choosing a reduced range of informative genes primarily depends on 

a few filtering conditions. Numerous filter out strategies had been projected in the 

studies which may be utilized for data pre-processing. These consist of sign-to-Noise 

Ratio(SNR) and information gain (IG) [183,184], t-test[185], 

Bayesian community [186],  Non-parametric analysis of variance (ANOVA) set of rules 

by Kruskal-Wallis [187–189], F-test [190,191], BW ratio [198], Euclidean Distance 

[199,200], mRMR (Peng et al., 2005) and so on. After the pre-filter phase, we get a 

positioning of the genes dependent on the implemented statistical techniques. As a 

result of the idea of gene expression statistics the selected statistical methodology must 

have the option to manage with high dimensional small pattern sized records. Consistent 

with the idea of the records traits two sorts of filtering techniques exist, namely, 

parametric and non-parametric. Amongst many options available, Kruskal Wallis [187-

189] and F-test [190,191] are employed in my view to rank the genes. 

 

Gene Pre-selection 

Gene Pre-selection In the next phase the top classified genes enter. Once the genes are 

classified as stated by the statistical technique used, the number of genes to recommend 

should be calculated for the following step. There may be two ways at this stage to 

decide the number of genes. The number of genes chosen from the classified genes can 

be determined or optimized during cross-validation training. For all data sets, EPSO 

[192] empirically identified and used a fixed number (500). A number of other literary 

works utilized this technique to preselect genes [193,194,195,196,197]. Using the 

Wilcoxon Summary Test, 40 best genes with the maximum scores were selected as the 

raw gene subset. Yu et al. [194] detailed information was presented on the top ten 

marker genes. Using KWRST, Primarily Wang et al. [195] nominated top 300 genes. 

Zhou et al. choose the 1000 top genes based on the fisher‟s ratio [197]. The problem 

with this approach, however, is that various sets of data vary in size. Therefore, a fixed 

value might not be ideal for all data sets. One cannot determine a value which is good 
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for all the data sets. In our research, we have therefore chosen 5-35 top - class genes. 

Therefore, the number of genes chosen depends on the size of the original data set.  

3.5.2 Phase – 2 : Feature Selection 

Initialization Phase 

At the initialization phase, the AAG algorithm creates an arbitrary solution or original 

size population PS, where PS indicates the population size or total number of food 

origins. Pheromone for all the genes is initialized to tmax.  

 

Each solution in the algorithm is signified as a cluster of genes indices and is indicated 

as Pij, where i denotes a specific result (i=1,2, . . . PS), and each result is a Z-

dimensional array (j=1,2,3, . . .Z), where Z signifies the informative genes number to be 

improved in each result. Each cell Pij signifies the equivalent gene index. In gene 

selection problem, each result (i.e., subset of selected genes) is related with the fitness 

value, which is the classification accurateness using the Naïve Bayes classifier. The 

measure of nectar in a food origin relates to the fitness estimation of the related solution 

in the ABC approach. The number of solutions in the populace is equivalent to the 

number of employed bees or onlooker bees. Each cell Pij is arbitrarily originated using 

the Equation – 3.1, which is already discussed (Xiang and An, 2013).  

 

Optimization value must be determined dependent on the fitness function when new 

gene index is recognized. In our algorithm, the fitness value fiti is identified according 

to the solution classification exactness utilizing the Naive Bayes classifier. In the event 

that the new fitness value is superior to the fitness value prior acquired, at that point the 

bee leaves the current solution (food source), and moves to the enhanced one; else it 

holds the existing solution. After introduction of the arbitrary solution (population), the 

ABC algorithm starts looking for the ideal solution. In the AAG algorithm, every cycle 

of the search comprises of the other three stages until the condition is met or it touches 

the extreme number of iterations. Then, the best predictive and informative gene subset 

that has the maximum fitness solution is reverted, which in our algorithm, is indicated 

as Informative Bee referred to as IBee. 
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Employed Bee Phase 

In this part, firstly, employee bees are sent to search for food position and evaluate their 

fitness using Naïve Bayes classifier. Now, to define a novel food position the 

neighbourhood concept is used to the existing food position. In this way, the employee 

bees looking nearby the solutions (food position) at Pi will scan for superior gene 

records at the novel position Ni. The new gene index is recognized by the subsequent 

equation (Xiang and An, 2013):  

 

Nij = Pij + Rij(Pij − Pkj)         (3.14)  

 

Where, Ni = [Ni1, Ni2. . ., Nin] represents new food source in terms of new gene indices, 

Pi = [Pi1, Pi2, . . . Pin] is the current food source, k(k ≠ j) is a accurate arbitrary number in 

[1, PS], and the PS is the number of solutions (artificial bees). Rij is an arbitrary number 

homogeneously distributed in [−1, 1]. The random Pij numbers are nominated from the 

microarray gene dataset using Equation – 3.1. 

 

Once the new food position is identified using neighbourhood operator, local search 

with the probability of PLS is applied to novel food source to achieve a superior source 

by exploitation. Then the selection is applied between found neighbour and food 

position obtained by local search based on fitness value calculated for the same. The 

selected food position is then updated as a new food position and is communicated 

among other bees [201]. 

 

Onlooker Bee Phase 

In reality, the onlooker bees find the area of the food origin (solution) by watching the 

waggle move of the employee honey bees. In this algorithm, location of a food origin is 

chosen as stated by the highest fitness value of the food source by onlooker bees. Now, 

to determine a novel food location the neighbourhood operator is applied to the food 

source of the selected bees. Then again local search with the likelihood of PLS is 

applied to exploit the food source. In this phase, the crossover operation, which is a core 

concept of Genetic Algorithm (GA) is utilize for data distribution among employee and 

onlooker bees in the search space (hive). In this algorithm, we introduce a uniform 

crossover operation for an onlooker bee‟s determination of a neighbour. Also, the 
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Informative bee and the arbitrarily chosen neighbour solution acquired by Equation – 

3.14, which is the neighbour of the employee bee nominated by its fitness value (the 

employee bee‟s fitness rating), are eligible to a uniform crossover operation [201].  

 

The working of Uniform crossover is to treat every gene independently and settle on an 

arbitrary decision with respect to which parent it ought to inherit from - Eiben and 

Smith, 2003. This is executed by arbitrarily creating a bit string having a similar length 

as the parents. CP, which is Crossover Probability Rate, is fixed to 0.6, which works as 

a controlled variable and is not changeable since it is not very subtle to variations. 

 

If the arbitrary string value is under the CPR, Offspring1 proceeds with the gene index 

of parent1 and Offspring2 proceeds with the gene index of parent2. Otherwise 

Offspring1 proceeds with the gene index of Parent2 and Offspring 2 proceeds with the 

gene index of Parent1. The best offspring produced by this operation is then considered 

to be the proposed solution. It should be noted that a new solution and a random 

solution are generated from the current solution in the onlooker stage (exploitation) of 

the initial ABC algorithm so that the novel solution is within the huge search area, 

capitalize on diversity. Though, only points or solutions close to the top fitness solution 

(Informative Bee) can be found in our algorithm as new solutions. So we decrease 

diversity, as predictable, by decreasing the area in which the newly created solution is 

found. 

 

Scout Bee Phase 

According to initial ABC technique, once the fitness value of a bee does not improve 

for predefined number of cycles (Limit), then it deserts its food source and converts into 

a scout bee. Likewise, it is accepted that just one food origin can be depleted in every 

iteration and just a single employee bee can turn into a scout bee. By rigorously 

studying the ABC approach (Nebojsa and Milan, 2012), we saw an inadequacy amid the 

solution search procedure. After a substantial number of cycles, when the best solution 

is nearly discovered, scout bees, which accomplish the exploration procedure, are never 

again helpful. This issue can be solved by improved modification of the exploration and 

exploitation adjustments (Zhu and Kwong, 2010). So as to accomplish equilibrium 

among the exploitation and exploration capability of the ABC approach and to enhance 
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its neighbourhood search and exploitation ability, in our suggested algorithm, we 

improved the scout honey bee movement in the original ABC approach by putting on 

few changes. First, we have removed a restriction such as only one food source can be 

exhausted in each iteration as discussed earlier. Secondly, we expanded the number of 

scout honey bee from one to two to enhance the movement speed by improving their 

placement rate [61]. And lastly, we implemented GA‟s mutation operators through the 

course of substituting the depleted solution to enhance the exploitation procedure at the 

later phases of the algorithm. 

 

In the second scout honey bee, we search for an area around the utmost fitness solution 

created up until this point, which is indicated as the IBee. In this way, every parameter 

in IBee (gene index) is changed with little likelihood according to Equation – 3.15. The 

Mutation Probability Rate (MP) is fixed at 0.01, which is likewise a control variable in 

our suggested algorithm and is not customizable since the technique is not very subtle to 

its variations. The mutation process is accomplished just if the arbitrary variable is 

below the MP value.  

 

SBij = IBij+Rij * (RandomBij - IBij)        (3.15)  

 

where IB is the finest solution, i is the i
th

 solution index, and the mutation procedure is 

done to all genes j in the i
th

 index, where j is in the range of [1 and Z], RandomBij is a 

arbitrarily chosen solution achieved using Equation – 3.14, and Rij is a arbitrary number 

homogeneously distributed in [−1, 1]. 

 

Algorithm Steps 

Algorithm steps of our proposed hybrid feature selection algorithm AAG is as under:  

Step – 1 : Pre-processing of Microarrays gene expression dataset. 

Step – 2 : Generate initial solution. 

Step – 3 : Produce a new solution by using neighbourhood function. 

Step – 4 : Apply local search for a solution obtained in step 3. 

Step – 5 : Calculate fitness between new solution obtained in step 3 and solution 

obtained from step 4. 
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Step – 6 : Communicate results to others and update the initial solution with best 

solution found in terms of fitness and lay pheromone. 

Step – 7 : Search neighbours of best solution found in step 6 and apply local search. 

Step – 8 : Calculate fitness between best solution found in step 6 and local search 

solution found in step 7. 

Step – 9 : Apply uniform crossover between solution found in step 6 and step 7. 

Step – 10 : Calculate fitness of solutions found from step 9 and update the best solution. 

Step – 11 : Generate a new solution randomly. 

Step – 12 : Apply mutation between best solution and new solution generated in step 11. 

Step – 13 : Update the best solution. 

Step – 14 : Release memory and pheromone. 

Step  – 15 : Repeat step 3 to step 13 until termination condition is met or best solution is 

found. 

 

Pseudocode of the AAG algorithm 

The Pseudocode for the proposed hybrid AAG algorithm is represented below. 

 

Input : Microarrays gene expression datasets 

Initial Parameters : As discussed in Table 4.2 

 

Phase – 1 : Pre-Processing 

 Pre-Processing Microarray Gene Expression data using Normalization and Gene 

filter methods 

 

Phase – 2 : Feature Selection 

Initialization 

Generate initial solution of population by using below equation, 

Pij=Pmin j + rand(0,1) * (Pmaxj - Pminj) 

Initialize all the genes with tmax 

Repeat 

Employee bee phase 

For every employee bee do 

Produce a new solution using the neighbourhood operator 



Research Methodology 

 

Page 81 of 132 

 

EN = Neighbour(Pij) 

Apply local search with probability PLS 

EN‟ = LSearch(EN) 

If FitnessValue(EN‟)  > FitnessValue(EN) then 

Pij=EN‟ 

 End 

  Communicate(Pij) 

  Update(Pij) 

  Laypheromone 

End 

Determine Informative Bee (IB) with highest Fitness Value 

 

Onlooker Bee phase 

For each onlooker bee do 

Choose an employee bee as indicated by its Fitness of employee bee say IBij 

Select new random neighbour solution using neighbourhood operator 

 ON=Neighbour(IBij) 

Apply local search with probability PLS 

ON‟=LSearch(ON) 

If Fitnessvalue(ON‟) > Fitnessvalue(IBij) then 

IBij=ON‟ 

  End 

Uniform Crossover 

 For every feature j in solution 

  Select arbitrarily bit RB in a range of [0,1] 

  If (RB > 0.6)  

OS1ij =IBij 

OS2ij =ON‟ 

Else 

OS1ij = ON‟ 

OS2ij = IBij 

End 

End 
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If FitnessValue(OS1ij) > FitnessValue(OS2ij) then 

Pij=OS1ij 

Else 

Pij=OS2ij 

End 

Update(Pij) 

Laypheromone 

End 

Determine Informative Bee (IB) with highest Fitness value 

 

Scout bee phase 

Setting abandonment bee LIMIT L by 5 

Find abandonment bee 

First Scout bee 

If threshold > L then 

Rearrange abandonment counter of bee 

Produce a novel result for employee bee arbitrarily using Equation–4.1 

End 

 

Second Scout bee 

If threshold > L then 

Rearrange abandonment counter of bee 

Mutation 

Produce a novel result by mutating an Informative Bee IBij 

SBij = IBij + Rij * (RandomBij - IBij) 

Update (Pij, SBij) 

Laypheromone; 

 End 

 Dissolve pheromone  

Until the termination criteria is met 

Output : Return the most Predictive and Informative Genes 
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Implementation of AAG algorithm 

For better understanding of the pseudocode discussed earlier, we have presented code 

snippets of initial solution generation (Figure 3.8) and uniform cross over operation 

(Figure 3.9).  

 

 

Figure 3.8 : Implementation of generating initial solution of population 

 

Figure 3.9 : Uniform crossover operation 
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3.6 Classification 

Once the most predictive and informative genes are selected using our proposed hybrid 

feature selection (AAG) algorithm, we input those selected genes into a classifier to get 

the accurate results.  

 

Microarray GED analysis is among the most significant OMICS research wings for 

bioinformatics.  Analysis of large gene expression datasets has attracted attention of 

research community in last few years. There are two major objectives of microarray 

studies. First is to distinguish molecular markers associated with known classes and 

second is to find new classes. To realize these goals in pattern recognition (Duda et al., 

2000), two different methods have been suggested: Supervised method and 

Unsupervised method. 

 

Supervised method of analysis is predominantly used to identify the variances at the 

molecular level among the identified classes and to diagnose or forecast the class of the 

novel sample. This technique is also known as classification. Some of the commonly 

used techniques for classification are K-nearest neighbour classifier, Bayesian classifier, 

Artificial Neural Networks (ANN) and Support Vector Machines (SVM). In 

unsupervised method, data is organized without any knowledge of external 

classification information. Here the data is organized into different groups such that 

samples within the group are similar and differs from samples in the other group in 

some sense. It can be used for discovering new classes within a given data. This 

technique is also known as clustering. Few of the most commonly used clustering 

techniques are Hierarchical clustering, K-means clustering and self-organizing maps. 

 

Classification is a supervised learning approach for division of multivariate data into 

various sources of populaces. It has been playing substantial role in bioinformatics by 

class prediction or pattern identification from molecular OMICS datasets. In 

classification learning approach, objects are assigned to different classes based on some 

prior knowledge. Dependent on the application, objects can be images, gene expression 

profile, waveforms forming signals or any other type of units that needs to be classified. 

Formally, the problem can be specified as: Considering training data represented in 
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terms of description of objects along with its class label, determine a mapping which 

maps an object X to its classification label C. 

 

For instance, if the issue is of cancer classification then X can be gene expression and C 

is either class label "Cancerous patient" or "Non-Cancerous patient". Then mapping 

function f, which can determine class label of an object X is given by: 

f: X -> C 

 

Data classification involves the following two major steps: 

(a) Learning: This is the learning step or training step, where a classification algorithm 

assembles the classifier by analyzing a given training dataset comprising of samples 

with related class labels. A sample S is denoted by a z-dimensional feature vector 

S=[S1,S2,…,Sz]
t
. It is presumed that each sample fits to a predetermined class, given by 

class label Ck, k = 1, 2 ... m. As the class name of each training sample is given, this 

phase is also called as supervised learning. Samples used for training are denoted as 

training samples and are nominated from the dataset under analysis. Usually, the 

learned model is symbolized in terms of classification rules, decision rules or 

mathematical function. 

 

(b) Classification: In this phase, the above built model is utilized to determine the class 

label of a given new object. First the predictive precision of the model is evaluated. 

Precision of a classifier alluded to the capacity of the classifier to effectively foresee the 

class name of new data. There are different ways of finding the predictive accuracy of 

the model. The most commonly used technique is the holdout method (Duda et al., 

2000). In this method, the given dataset is arbitrarily partitioned into two independent 

sets: a training dataset and a test dataset. The training set is utilized to build model and 

accuracy is estimated using test set. Another technique used to determine predictive 

accuracy is k-fold cross validation. This method is generally used when the number of 

samples is less. In k-fold cross validation, the underlying data are arbitrarily divided 

into k fundamentally unrelated subsets S1, S2,…,Sk every one of approximately same 

size. Training of data and testing of data is performed k times. In i
th

 cycle, partition Si is 

utilized for testing and remaining (k-1) segments are utilized for training. 
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Leave-one-out is an exceptional case of k-fold cross validation where k is considered as 

the given number of samples. On the off chance that the exactness of the model is 

viewed as worthy, the model can be utilized to group future data samples or objects for 

which the class mark isn't known. 

 

Many classification methods are proposed by research community in machine learning, 

data mining and pattern recognition (Duda et al., 2000). Some of the commonly used 

classification methods are Bayesian classifier, Artificial Neural Networks (ANN), K-

nearest neighbour (KNN) and Support Vector Machine (SVM). However, we have used 

Bayesian classifier in our experiments. A brief description of this technique is given 

below: 

 

Bayesian Classifier 

The Bayesian classifier is based on the Bayes decision theory principle, which gives a 

fundamental strategy to taking care of the issue of statistical classification when the 

likelihood of pattern dissemination is known. Probabilistic approach is used in Bayesian 

classification to assign a sample to the class label. Let C describe “z” classes [c1, c2, c3... 

cz] and Xd is a sample defined by the d-feature vector, i.e. Xd=[x1, x2....., xd]
t
. The 

Bayesian classifier calculates the conditional probability posterior p(ci|Xd) by means of 

the Bayes rule and is given as: 

 

p(ci|Xd)   =     p(Xd|ci)p(ci)               for i=  1,2,…….z    (3.16) 

                            p(xd) 

 

Using training data p(Xd|ci)p(ci) and p(Xd) are calculated. According to Bayesian theory, 

a class label for which the subsequent probability that is maximum is predicted for a 

given Xd observation and returns class probability ci, when, 

 

p(ci|Xd) > p(cj|Xd)      for all j≠i       (3.17) 

 

The denominator term is common in posterior probability of each class. Therefore, 

efficient representation of the above equation can be represented as: 
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gi(Xd) > gj(Xd)                      for all j≠i      (3.18) 

 

Where, gi(Xd)=p(Xd|ci)p(ci) 

 

Mostly, the distribution of the probabilities of given training data set is generally 

unknown. The probability distribution, in such cases, is estimated using parametric or 

non-parametric methods. In parametric approach, some form of underlying distribution 

is supposed and estimation of its parameters is carried out with the help of the 

maximum probability or Bayesian estimate. The distribution of probabilities, either 

Gaussian or normal is amongst the most frequently found probability density functions 

(PDF) out of the most frequent PDFs. The main reason for its popularity is its computer 

traceability. It models a large number of cases appropriately. One of the most famous 

statistical theorems is the central theorem of limitation. It states that if an arbitrary 

variable is the result of a summary of the number of independent arbitrary variables, its 

PDF approaches the function of Gaussian as the number of terms tends to infinity. In 

practice, the most common assumption taken is, distribution of the sum of random 

variables is in Gaussian or normal PDF for a sufficiently large number of summary 

terms. The general multivariate normal probability density of d-dimensional sample Xd 

for a given class label Ci is given by: 

 

p(Xd|ci)  =           1              exp(- ½ (Xd-µd)
t
∑d

-1
(Xd-µd))    (3.19) 

                   (2π)
d/2 

|∑d|
1/2

 

 

where, µd is a vector mean. When p(Xd|ci)  follows multivariate normal distribution, the 

discriminant function is given by:  

 

gi(Xd)=ln p(Xd|ci) + ln p(ci)        (3.20) 

 

Using Equation – 3.19 and 3.20, we can have 

 

gi(Xd)= - ½ (Xd-µd)
t
∑j

-1
(Xd-µi) + ln p(ci) + bi      (3.21) 

 

where    bi = - d/2 ln(2π) – ½ ln |∑i| 
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Expanding Equation – 3.21, we get 

 

gi(Xd)= - ½ Xd
t
 ∑i

-1
 Xd + ½ Xd

t
 ∑i

-1
 µi - ½ µi

 t
 ∑i

-1
 µi + ½ µi

 t
 ∑i

-1
X+ ln p(ci) + bi (3.22) 

 

This is a non-linear quadratic form and the classifier is called quadratic discriminant 

classifier (QDC). If covariance matrix is assumed same for all the classes then gi(Xd) takes 

following form of Equation – 3.23 

 

gi(Xd)=wi
t 
Xd + wio       (3.23) 

 

Here gi(Xd) is a linear function of Xd. This classifier is known as linear discriminant 

classifier (LDC). 

 

Classification Results 

Classification accuracy of naïve bayes classifier with the colon dataset is presented in 

Figure 3.10 and Figure 3.11. As we can see in Figure 3.10, classification accuracy 

obtained with colon dataset without applying AAG algorithm and when including all 

the gene features (2000) is 80.95%. 

 

Figure 3.10 : Classification accuracy of Naïve Bayes classifier with 62 samples of Colon dataset 
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Figure 3.11 : Classification accuracy after applying AAG algorithm with Naïve bayes classifier 

After applying AAG algorithm to colon dataset, algorithm returned most selective and 

informative genes (34) and when given as an input to naïve bayes classifier, it resulted 

into 100% classification accuracy as shown in Figure 3.11. Thus, it shows our proposed 

feature selection algorithm gives better classification accuracy. 
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CHAPTER – 4 

Results and Discussion 

4.1 Experimental Setup and Model Evaluation 

In this research, empirical evaluation of the performance of proposed hybrid algorithm 

AAG [ABC, ACO, GA] for gene selection upon seven popular standard datasets is 

done. The algorithm was independently executed multiple times (at least 10 times) on 

the recently described seven datasets to discover a subset of genes having measurably 

important conclusions. Every last one of these executions algorithm performed 20 

cycles/iterations. For the Naïve Bayes classifier, a set of packages, libraries and classes 

provided by the Java and Python have been used for training the data, validation and 

testing of the data.  

 

The Proposed technique has been equated with existing and more often used 

gene/feature selection methodologies such as ABC, ACO, GA, GBC and m-ABC [61] 

using Naïve Bayesian [Duda et al. 2000] classifiers. 

4.1.1 Dataset Description 

A microarray gene expression dataset is usually visualized as an N×M matrix, where N, 

which is the row, represents samples to experiment and M, which is the column, 

represents the number of genes which are part of the experiments. Each cell is the 

expression level of a particular gene in certain experimentation in the N×M matrix.  

 

In our research, we have evaluated complete performance of our hybrid gene selection 

algorithm using prevalent binary and multi-class microarray gene expression datasets, 

which we obtained from various public datasets such as downloaded from GEO 

Omnibus, http://www.gems-system.org and http://csse.szu.edu.cn/staff/zhuzx/ 

Datasets.html [201]. In bioinformatics field, these datasets have been generally used as 
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a standard for the execution of gene selection techniques. The standard binary-class 

microarray datasets are  Colon (Alon etal., 1999), Leukemia (Golub etal., 1999), (Alon 

etal., 1999), Lung (Zexuan Zhu etal.,2007) and Diabetes. Whereas, SRBCT (Khan etal., 

2001), 9_Tumors [203] and Hepatitis are the multi-class microarray datasets.  

 

In Table 4.1, a complete explanation of these standard microarray gene expression 

datasets considering the number of samples, number of genes, and the number of classes 

are represented.  

Table 4.1 : Attributes of Microarray datasets 

Datasets No. of Samples No. of Genes No. of Classes 

Colon 62 2000 2 

Leukemia 72 7129 2 

9_Tumors 60 5726 9 

Lung Cancer 181 12533 2 

SRBCT 83 2308 4 

Diabetes 12 48107 2 

Hepatitis 30 54675 5 

 

 

The first and foremost microarray dataset of 62 samples was considered from normal 

and cancerous colon tissues which were binary in nature. Out of that, 22 samples were 

healthy samples and 40 samples were from tumours parts of the colons of the same 

patients (Alon et al. 1999). The second data was acquired from malignancy patients 

with two distinct sorts of leukemia : acute myeloid leukemia (AML) and acute 

lymphoblastic leukemia (ALL). The entire dataset comprises 25 AML and 47 ALL 

specimens (Golub et al, 1999). Lung cancer microarray dataset was taken as the third 

binary class (Zexuan Zhu e tal. 2007), which includes 181 lung specimens. Each sample 

consists of 12533 genes. Lastly, Diabetes microarray dataset contains 30 samples spread 

across 54675 genes. 

 

Multi-class microarray datasets: In our research, the small round blue cell tumours 

(SRBCTs), which comprises of 4 dissimilar childhood tumours were utilized, named so 

due of their comparative appearance on routine histology, which makes accurate clinical 
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diagnosis extremely fascinating. Be that as it may, an exact determination is 

fundamental on the grounds that the treatment choices, reactions to treatment, and 

forecasts fluctuate broadly relying upon the detection. The SRBCT data comprise 29 

Ewing‟s sarcoma (EWS) samples, 11 Burkitt‟s lymphoma (BL) specimens, 18 

neuroblastoma (NB) samples and 25 rhabdomyosarcoma (RMS) specimens (Khan et al., 

2001). The other multi-class data was of 9_Tumors dataset, which comprises of 9 

classes. It contains 60 samples consisting of 5726. And our third multi-class microarray 

dataset consists of Hepatitis with 5 classes with 54674 genes and 30 samples. Figure 4.1 

shows Colon dataset sample used in the experiments, the last column shows the class 

label where 1 is considered as normal cell and 0 is considered as cancerous cell. 

 

 

Figure 4.1 : Colon Dataset Sample 
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4.1.2 Initial Parameters Setting 

Table 4.2 : Hybrid feature selection algorithm basic control parameters 

Parameters Description Values 

PS Population Size 30 

MaxIter Maximum number of iterations/cycles 20 

MaxGen At the most number of generations 100 

Limit (L) Iterations to determine food source is not improved 5 

CP Probability of Crossover 0.85 

MP Probability of Mutation 0.05 

PLS Probability of local search in employed and 

onlooker bee stage 

0.1 - 0.9 

PhMax Maximum pheromone value 5 

PhMin Minimum pheromone value 0 

Co Probability of communication operator 0.4 

 

Table 4.2 shows the standard control variables for the hybrid feature selection technique 

that was used in this research experiment. The first control variable is PS, which is the 

population size with an initial value of 30. The next control variable is MaxIter, i.e. the 

maximum number of iterations, which was also used as ending criteria and was 

assigned a value of 20 as an acceptable value. The third control variable is the 

maximum number of generations - MaxGen that equals to 100.  

 

The fourth control variable is the Limit (L), which signifies the utmost number of cycles 

permitted when the food origin is not enhanced (exhausted). If the food origin surpasses 

this limit, it will be nominated by the scout bee. An initial value of 5 cycles is used for 

this variable. Fifth and sixth control variables considered are Crossover probability – CP 

and Mutation Probability – MP with the values of 0.85 and 0.05 respectively. These 

control parameters are not sensitive to their changes in our proposed algorithm. PLS – 

The Probability of local search performed in employed and onlooker bee stage value is 

kept in a range of 0.1 – 0.9, although the ideal value is 0.5, which is the seventh control 

parameter.  
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Eighth and ninth control parameters taken are maximum pheromone (PhMax) and 

minimum pheromone (PhMin) values considered for experiments are 5 and 0 

respectively. The last control parameter is Co - Probability for performing 

communication operator is set to 0.4, which is considered to be satisfactory. 

 

In our research, we have compared the performance of suggested hybrid feature 

selection technique with other benchmarks bio-inspired and well-known algorithms, 

including ABC, ACO, GA and hybrid approaches such as GBC and m-ABC. Our 

performance comparison was based on basically two parameters: First, classification 

accurateness and second, number of predictive and selective genes used for 

classification. Classification correctness is computed using the expression shown below 

as Equation – 4.1: 

 

CA = CS / GN   *   100        (4.1) 

 

Where, GN refers to the overall total number of samples in the underlying gene 

expression dataset and CS alludes to accurately classified samples. 

 

Due to the effectiveness of Naïve Bayes classification technique to classify accurately 

and swiftly high-dimensional datasets, we have used it as our classification method to 

estimate the classification correctness of the predictive and selective genes. Moreover, 

to validate the classification accuracy results obtained from our proposed algorithm, we 

have applied leave-one-out cross-validation (LOOCV) method [61]. It is considered as 

more the LOOCV classification accuracy, better is the gene subset. 

4.2 Results and Performance Analysis 

In this portion, the results achieved from our algorithm are analysed and are presented 

in a suitable format. 

 

The results obtained from using different gene expression datasets and numbers of 

selected genes are presented from Table 4.3 to Table 4.11, in which, 4 datasets are 

binary-class microarray datasets and 3 are multi-class microarrays datasets. Table 4.10 



Results and Discussion 

Page 95 of 132 

 

summarizes the best results obtained from our proposed algorithm using different 

datasets. Table 4.11 compares the results obtained from our work with average results 

of bio-inspired algorithms such as ABC, ACO, GA, m-ABC and GBC. 

 

Table 4.3: Classification results of the AAG algorithm with Naïve Bayes classifier for Colon dataset 

No. of Selected Genes Traced Results Accuracy(%) 

10 92.04 

15 93.62 

20 95.74 

34 100 

 

As shown in Table 4.3, the Colon dataset with 62 samples and 2000 genes is used with 

our proposed algorithm and classification accuracy is computed using the Naïve Bayes 

classifier. As we can see, the numbers of selected genes are 10, 15, 20 and 34 and 

classification accuracy is 92.04%, 93.62%, 95.74% and 100% respectively. As more 

numbers of genes are selected, the accuracy increases and our algorithm achieved 100% 

accuracy at 34 selected genes.  

 

 

Figure 4.2 : Graphical representation of AAG algorithm performance with Colon dataset 
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Table 4.4: Classification outcomes of the AAG algorithm with Naïve Bayes classifier for Leukemia 

dataset 

No. of Selected Genes Traced Results Accuracy(%) 

6 100 

10 98.89 

20 96.23 

 

Table 4.4 presents the Leukemia dataset, which consists of 72 samples and 7129 genes, 

which is used with our proposed algorithm and classification accuracy is computed. As 

we can see, our algorithm achieved 100% accuracy with 6 selected genes, however, we 

tried to apply our algorithm on more number of genes selected and found out that 

classification correctness decreases and number of selected genes increases and it drops 

down to 96.23% with 20 selected genes.  

 

 

Figure 4.3 : Graphical representation of AAG algorithm performance with Leukemia 

dataset 
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Table 4.5: Classification outcomes of the AAG algorithm with Naïve Bayes classifier for Lung 

dataset 

No. of Selected Genes Traced Results Accuracy(%) 

5 96.13 

8 97.82 

10 98.38 

 

Lung dataset with 181 instances and 12533 features are taken into consideration and the 

results obtained are displayed in Table 4.5. The best classification accuracy achieved by 

using our proposed algorithm with this dataset is 98.38% with 10 selective genes. 

Results gradually increase when selected genes are taken more than 5 and the result 

remains stable at 10 selected genes. 

 

 

Figure 4.4 : Visual representation of AAG algorithm performance with Lung dataset 
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Table 4.6: Classification outcomes of the AAG algorithm with Naïve Bayes classifier for SRBCT 

dataset 

No. of Selected Genes Traced Results Accuracy(%) 

3 89.47 

5 97.35 

10 99.83 

 

Table 4.6 presents results of multi-class microarrays dataset SRBCT, which has 4 

classes, 83 samples and 2308 genes. AAG algorithm almost achieves 100% accuracy 

with 10 selected genes; however, accuracy is not that good when the number of selected 

genes is 3. Classification accurateness is 97.35% with 5 selected genes, which is 

acceptable and is at par with other gene selection algorithms. 

 

 

 

Figure 4.5 : Visual representation of AAG algorithm performance with SRBCT dataset 
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Table 4.7: Classification outcomes of AAG algorithm with Naïve Bayes classifier for 9_Tumors 

dataset 

No. of Selected Genes Traced Results Accuracy(%) 

10 90.28 

15 92.32 

20 92.87 

 

Another multi-class gene expression dataset 9_Tumors is used to check the execution of 

our suggested algorithm. It has 9 classes, 60 instances and 5726 features. Our algorithm 

was relatively slow in the beginning but has shown fair results with 10, 15 and 20 

selected genes with accuracy being 90.28%, 92.32% and 92.87% respectively which is 

shown in Table 4.7. 

 

 

Figure 4.6 : Selected Genes v/s Accuracy (%) for 9_Tumours dataset 
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Table 4.8: Classification outcomes of the AAG algorithm with Naïve Bayes classifier for Diabetes 

dataset 

No. of Selected Genes Traced Results Accuracy(%) 

2 82.88 

4 85.31 

6 91.38 

 

So far, we have discussed results based on cancer microarray datasets and our algorithm 

classifies results accurately and efficiently. We have also tried different datasets such as 

Diabetes and Hepatitis other than cancer datasets.  

 

Table 4.8 represent and discuss results obtained using diabetes microarray dataset which 

is a binary-class dataset with 12 samples and 48107 genes. Results obtained are 82.88%, 

85.31% and 91.38% with 2, 4 and 6 selected genes respectively. 

 

 

 

Figure 4.7 : Selected Genes v/s Accuracy (%) for Diabetes dataset 

 



Results and Discussion 

Page 101 of 132 

 

Table 4.9: Classification results of the AAG algorithm with Naïve Bayes classifier for Hepatitis 

dataset 

No. of Selected Genes Traced Results Accuracy(%) 

3 76.56 

5 80.63 

10 83.25 

 

Final dataset, which we have considered in our research work, is of Hepatitis, which is a 

multi-class microarray dataset. It has 5 classes, 30 instances and 54675 features. 

Classification accuracy achieved is 83.25% with 10 selected genes and it is the highest 

achieved by our proposed algorithm. As shown in Table 4.9, when the number of 

selected genes is 3 and 5, accuracy is 76.56% and 80.63% respectively. 

 

 

 

Figure 4.8 : Graphical representation of AAG algorithm performance with Hepatitis 

dataset 
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Table 4.10: Results of the proposed AAG algorithm with Naïve Bayes classifier for different 

datasets 

Datasets TRA % (No. of selected genes) 

Colon 100 (34) 

Leukemia 100 (6) 

Lung 98.38(10) 

SRBCT 99.43 (10) 

9_Tumors 92.87 (20) 

Diabetes 91.38 (6) 

Hepatitis 83.25 (10) 

 

Table 4.10 summarizes best results achieved across all the datasets used and we can see 

classification accuracy is in the range of 80% to 100%, which is good and acceptable as 

a research study says that if classification accuracy is more than 75%, it is termed as 

good classification accuracy. Hence by applying our proposed gene selection algorithm, 

we have enhanced the classification accuracy and it is well over 75%. 

 

 

Figure 4.9 : Graphical Analysis of AAG Algorithm performance v/s Different datasets 
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Table 4.11 : Comparison of the classification accuracy (TRA) of the AAG algorithm with other 

existing algorithms using Naïve Bayes as a classifier for microarray datasets.  

(Numbers in enclosures signify the numbers of selected genes) 

Dataset 

Name 
ABC ACO GA GBC m-ABC [AAG] 

Colon 95.16 (20) 91.5 (8) 
93.55 

(12) 

95.64 

(20) 
94.17(20) 100 (34) 

Leukemia 95.83 (20) 100 (9) 100  (6) 96.43 (5) 92.82 (5) 100 (6) 

Lung 97.91 (8) 80.00(20) 
86.79 

(20) 

99.50 

(8)* 
98.95(8)* 98.38 (10) 

SRBCT 92.77 (6) 84.14(20) 
87.89 

(20) 
96.38 (6) 91.56(6) 99.43 (10) 

9_Tumors 91.67 (57) 85 (266) 85 (275) -------- -------- 92.87 (20) 

Diabetes 90.08 (6)* 89.82 (6)* 
78.69 

(4)* 
-------- -------- 91.38 (6) 

Hepatitis 
81.26 

(11)* 
77.45 (13)* ------- -------- -------- 83.25 (10) 

 

* Indicates, dataset in consideration were from either different source or with different 

sample and feature size. 

 

Table 4.11 shows the assessment of our work with other existing works presented in the 

literature for the datasets Colon, Leukemia, Lung, SRBCT, 9_Tumors, Diabetes and 

Hepatitis. From this table, it is very clear that obtained accuracy by our proposed 

algorithm AAG performed better or at part with almost all datasets and in most cases 

the results are accurate with the least selected genes. 

 

As we can see, with the colon dataset, AAG achieves 100% with 34 selected genes 

compared to ABC, ACO and GA which achieves 95.16%, 91.5% and 93.55% with 20, 8 

and 12 selected genes respectively. Hybrid algorithms such as GBC and m-ABC shows 

better average results compared to bio-inspired algorithms. GBC achieves 95.64%, 

while m-ABC achieves 94.17% with selected genes at 20 each.  
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Using Leukemia dataset, ACO and GA achieves 100% accuracy with 9 and 6 selected 

genes; in comparison AAG achieves 100% accuracy with 6 selected genes. As far as 

GBC and m-ABC are considered, the average accuracy achieved was 96.43 and 92.82 

with 5 selected genes. However, the performance of ACO and GA with 20 selected 

genes is unknown from the previous pieces of literature.  

 

Considering the Lung dataset, the proposed technique selected 10 genes and achieves 

98.38% classification accurateness, while ACO and GA selected greater number of 

genes and achieved lesser classification correctness. In contrast, GBC and m-ABC 

achieved higher results with 99.5% and 98.95% respectively. 

 

For SRBCT gene expression dataset, ABC, ACO and GA achieved 92.77%, 84.14% 

and 87.89% classification accuracy respectively and selected genes are 6, 20 and 20 in 

the same order. In contrast AAG selects 10 genes and achieves 99.43% accuracy. GBC 

and m-ABC selects fewer numbers of genes that are 6 in their experiments and achieves 

96.38% and 91.56% accuracy. 

 

Proposed algorithm AAG selected 20 genes and achieved 92.87% classification 

accuracy with 9_Tumors dataset. ACO and GA were able to achieve 85% classification 

accurateness with the higher number of selected genes 266 and 275 respectively.  

 

Considering Diabetes dataset, 91.38% classification accuracy was achieved by selecting 

6 predictive genes, while ABC, ACO and GA resulted in a 90.08%, 89.82% and 78.69% 

classification accuracy respectively.  

 

Lastly, for Hepatitis dataset, proposed algorithm AAG achieves 83.25% classification 

accuracy with 10 selected genes, which is better than ABC and ACO which have shown 

81.26% and 77.45% classification accuracy respectively. 
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4.3 Summary 

 

Figure 4.10 : Comparison chart of AAG algorithm with existing algorithms 

 

So, to review, for binary and multi-class microarray gene expression datasets, the 

proposed technique gives relatively high classification accurateness with a lesser 

number of selected genes. Moreover, the methods which tend to select fewer genes than 

our proposed algorithm; their classification accurateness is less than that of our 

proposed algorithm AAG. Lastly, our algorithm performs consistently well across all 

types of datasets including cancer, diabetes and hepatitis. As visualized in Figure 4.10, 

AAG algorithm accuracy is better or at par with other bio-inspired algorithms.
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CHAPTER – 5 

Conclusion and Future Scope 

5.1 Conclusion 

In this work, we have suggested a new hybrid feature selection algorithm [AAG] and 

considered Naive Bayes as our classification technique. It very well may be utilized to 

tackle a classification problem that deals with high dimensional datasets, particularly 

microarray gene expression profiles. In our suggested technique, we have combined 

strengths of ABC, GA and ACO to enhance and stabilize the exploration and 

exploitation capabilities of the algorithm.  

 

We have made several changes in the novel ABC technique to overcome its limitations. 

To start with, we pre-handled the microarray gene expression dataset to diminish the 

dimensionality, time of computation and cost of the algorithm.  Then, we applied a local 

search to the solution found by neighbourhood function in the employed and onlooker 

phase. Presently, so as to benefit by information sharing about the situation of food 

origin (solutions) specified by the employee honey bees, we enhanced the ABC method 

by adding to it an idea of pheromone from ACO and uniform crossover operation from 

GA as another progression in the onlooker phase. In this way, we expanded the number 

of scout honey bees to two from one scout honey bee, which is the case in the original 

ABC methodology to enhance the movement speed. Lastly, so as to accomplish a 

balance among the exploitation and exploration capabilities of our proposed method and 

to enhance its local search and exploitation abilities, we embraced mutation operators 

from the GA during the substitution procedure in the depleted solution at the scout 

honey bee stage. 

 

Substantial experimentations were conducted utilizing different binary and multi-class 

microarray datasets. The outcomes showed that the suggested hybrid feature selection 

technique is stable with almost all the datasets and is at par or outdoes the formerly 
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reported outcomes. In the future, experimental results on more real and standard 

datasets can be performed to check and expand this suggested algorithm. Moreover, the 

proposed algorithm can be generalized to solve various other optimization problems. 

5.2 Future Scope 

 In this research work, we have considered cancerous datasets, diabetic dataset and 

the hepatitis dataset and found reasonably good results. However, there is a scope to 

try our proposed algorithm [AAG] in various other datasets including and not 

limited to H1N1, TB etc. 

 As we can see in the results, diabetic dataset and hepatitis dataset achieves accuracy 

results around 80%. To enhance these results, few parameter tuning can be tried out 

and validate results. 

 To apply this algorithm to solve other optimization problems. 



 

Page 108 of 132 

 

List of References 

1. Surti A. Z., Sharma P., 2018, “Intelligent Techniques for Gene Expression 

Datasets”, International Journal of Emerging Technology and Advanced 

Engineering (IJETAE-2018), ISSN: 2250-2459.  

 

2. Gregory P S., Pablo T., 2003, “Microarray Data Mining: Facing the Challenges”, 

ACM SIGKDD Explorations Newsletter, Vol. 5, Issue 2, Page No. 1-5. 

 

3. Bioinformatics [Internet], 2013, http://www.roseindia.net/bioinformatics/definition_ 

of_bioinformatics.shtml. 

 

4. Dan E. Krane, Michael L. Raymer, 2003, “Fundamental Concepts of 

Bioinformatics”, Pearson Education, Page No.1 -30.  

 

5. Sudarshan Selvaraja, 2008, “Microarray Data Analysis Tool (MAT)”, M.Sc Thesis, 

The University of Akron. 

 

6. Mount WD, 2004, “Bioinformatics: Sequence and Genome Analysis”, 2nd New 

York: Cold Spring Harbor Laboratory Press, Page No. 692. 

 

7. Bioinformatics [Internet], 2016, “https://en.wikipedia.org/wiki/Bioinformatics. 

Accessed”. 

 

8. Vijaya S, Radha R., 2015, “Text Mining in Biosciences - A Review”, International 

Journal of Scientific & Engineering Research, Page No. 6-769–776. 

 

9. K. Raza, 2010, “Application of Data Mining in Bioinformatics”, Indian Journal of 

Computer Science and Engineering. 

 



List of References 

Page 109 of 132 

 

10. Shah VA, Rathod DN, Basuri T, Modi VS, Parmar IJ, 2015, “Applications of 

Bioinformatics in Pharmaceutical Product Designing:  A Review”, World Journal of 

Pharmacy and Pharmaceutical Sciences, Page No. 4:477–493. 

 

11. Ma‟ayan A., 2011, “Introduction to Network Analysis in Systems Biology”, Science 

Signaling, Page No. 4. 

 

12. Soualmia LF, Lecroq T., 2015, “Bioinformatics Methods and Tools to Advance 

Clinical Care”, Yearbook of medical informatics, Page No. 10:170–173. 

 

13. Altman RB, Miller KS., 2010, “Translational Bioinformatics Year in Review”, 

Journal of the American Medical Informatics Association,  Page  No. 18:358–366. 

 

14. Saxena A., Soni B.P., Gupta V., 2015, “A Chronological Review and Comparison 

of Four Evolutionary Based Algorithms”, European Journal of Advances in 

Engineering and Technology, Page No. 2:35–41. 

 

15. Ezziane Z., 2006, “Applications of Artificial Intelligence in Bioinformatics: A 

Review”, Expert Systems with Applications, Page No. 30:2–10. 

 

16. Upton A, Trelles O, Cornejo-García JA, Perkins JR, 2015, “Review: High-

Performance Computing to Detect Epistasis in Genome Scale Datasets”, Briefings 

in Bioinformatics, Page No. 1–12. 

 

17. Molecular Modelling [Internet], 2016, “https://en.wikipedia.org/wiki/Molecular_   

modelling. Accessed”. 

 

18. Protein Folding [Internet], 2016, “https://en.wikipedia.org/wiki/Protein_folding. 

Accessed”. 

 

19. Hesper B, Hogeweg P., 1970, “Bioinformatics: In work Concept”, Page No. 1:28–

29. 

 



List of References 

Page 110 of 132 

 

20. Hogeweg P. [Internet], 2011, “The Roots of Bioinformatics in Theoretical Biology”, 

PLoS Computational Biology - https://doi.org/10.1371/journal.pcbi.1002021 

 

21. Hogeweg P., 1978, “Simulating the Growth of Cellular Forms-Simulation”, Page 

No. 31:90–96. 

 

22. Sanger F, Tuppy H., 1951, “The Amino-Acid Sequence in the Phenylalanyl Chain 

of Insulin”, The Identification of lower peptides from partial hydrolysates-

Biochemical Journal, Page No. 49:463–481. 

 

23. Sanger F, Tuppy H., 1951, “The Amino-Acid Sequence in the Phenylalanyl Chain 

of Insulin”, The investigation of peptides from enzyme hydrolysates- Biochemical 

Journal”, Page No.  49:481–490. 

 

24. Wu CH, Yeh LS, Huang H, Arminski L, Castro-Alvear J, Chen Y, Hu Z, 

KourtesisP, Ledley RS, Suzek BE, Vinayaka CR, Zhang J, Barker WC, 2003, “The 

Protein Information Resource, Nucleic Acids Research”, Page No. 31:345–347. 

 

25. Protein Information Resources (PIR) [Internet], 2016, “http://pir.georgetown.edu. 

Accessed”. 

 

26. Dayhoff M, Eck R., 1967–1968, “Atlas of Protein Sequence and Structure Maryland 

(Silver Spring)”, National Biomedical Research Foundation”, Page No.  356. 

 

27. Eck RV, Dayhoff MO, 1966, “Evolution of the Structure of Ferredoxin Based on 

Living Relics of Primitive Amino Acid Sequences”, Science, Page No. 152:363–

366. 

 

28. Moody G., 2004, “Digital Code of Life: How Bioinformatics is Revolutionizing 

Science, Medicine and Business”, Chichester: Wiley, Page No.  400. 

 

29. Johnson G, Wu TT., 2000, “Kabat Database and its applications: 30 years after the 

first Variability Plot”, Nucleic Acids Research, Page No. 28:214–218. 

https://doi.org/10.1371/journal.pcbi.1002021


List of References 

Page 111 of 132 

 

30. Ibrahim Y. Abdurakhmonov, 2016, “Bioinformatics: Basics, Development, and 

Future”. Chapter – 1. 

 

31.  Rehana Ali and S.K.Joshi, 2005, “Introduction to Biotechnology”, Book, Chapter – 

1. 

 

32. Babu M. M., 2004, “An Introduction to Microarray Data Analysis”, Chapter – 11, P-

225-227. 

 

33. Govindarajan R, Duraiyan J, Kaliyappan K, Palanisamy M., 2012, “Microarray and 

its applications”. J Pharm Bioall Sci, 4, Suppl S2:310-2. 

 

34. DNA Microarrays Advantages and Disadvantages [Internet], 2010, “http://erohde. 

blogspot.in/2010/09/google-chrome-advantages-and.html”. 

 

35. Gardina et al., 2006, “Alternative Splicing and Differential Gene Expression in 

Colon Cancer Detected by a Whole Genome Exon Array”, BMC Bioinformatics. 

 

36. Castle J et al., 2003, “Genome-Wide Survey of Human Alternative Pre-mRNA 

Splicing with Exon Junction Microarrays”, NCBI resource. 

 

37. Kittichotirat W, Bumgarner RE, Asikainen S, Chen C, 2011, “Identification of the 

Pangenome and Its Components in 14 Distinct Aggregatibacter 

actinomycetemcomitans Strains by Comparative Genomic Analysis”, PLoS ONE 

6(7): e22420. 

 

38. Jiang et al., 2004, “Cluster Analysis for Gene Expression Data: A Survey”, IEEE 

Transactions on knowledge and data engineering, Vol. 16, Page No. 11. 

 

39. Aidong Zhang, 2006, “Advanced Analysis of Gene Expression Microarray Data”, 

World Scientific. 

 



List of References 

Page 112 of 132 

 

40. Robert J Lipshutz, Stephen P Fodor, Thomas R Gingeras, and David J Lockhart, 

1999, “High Density Synthetic Oligonucleotide Arrays”, Nature Genetics, 21(Suppl 

1), Page No. 20-24. 

 

41. Zhong Wang, Mark Gerstein, and Michael Snyder, 2009, “RNA-Seq: A 

Revolutionary Tool for Transcriptomics”, Nature Reviews Genetics, 10(1), Page 

No. 57-63. 

 

42. Benjamin M Bolstad, 2004, “Low-Level Analysis of High-Density Oligonucleotide 

Array Data: Background, Normalization and Summarization”, PhD thesis- 

University of California, Berkeley. 

 

43. Yoav Benjamini and Yosef Hochberg, 1995, “Controlling the False Discovery Rate: 

A Practical and Powerful Approach to Multiple Testing”, Journal of the Royal 

Statistical Society- Series B (Methodological), 57(1), Page No. 289. 

 

44. Jelle J Goeman and Peter Buhlmann., 2007, “Analyzing Gene Expression Data in 

Terms of Gene sets: Methodological Issues”, Bioinformatics (Oxford, England), 

23(8), Page No. 980-987. 

 

45. Purvesh Khatri, Marina Sirota, and Atul J Butte, 2012, “Ten years of Pathway 

Analysis: Current Approaches and Outstanding Challenges”, PLoS computational 

biology, 8(2): e1002375. 

 

46. Jae K. Lee, 2001, “Analysis Issues for Gene Expression Array Data”, Clinical 

Chemistry, Vol. 47 No. 8, ISSN : 1530-8561 

 

47. Andrzej Polanski, Marek Kimmel, 2007, “Bioinformatics”, Book, ISBN : 978-3-

540-69022-1. 

 

48. Azadeh Mohammadi, Mohammad Saraee, Mansoor Salehi, 2011, “Identification of 

Disease-Causing Genes using Microarray Data Mining and Gene Ontology”, BMC 

Medical Genomics. 



List of References 

Page 113 of 132 

 

 

49. Daxin Jiang Chun Tang Aidong Zhang, 2004, “Cluster Analysis for Gene 

Expression Data: A Survey”, IEEE Transactions on Knowledge and Data 

Engineering. 

 

50. Donna K. Slonim, Itai Yanai, 2009, “Getting Started in Gene Expression Microarray 

Analysis”, PLOS Computational Biology. 

 

51. Leung, Y. F., 2002, “Unravelling the Mystery of Microarray Data Analysis”, Trends 

in biotechnology, 20(9), Page No. 366-368. 

 

52. Raychaudhuri, S., Sutphin, P. D., Chang, J. T., & Altman, R. B., 2001, “Basic 

Microarray Analysis: Grouping and Feature Reduction”, Trends in Biotechnology, 

19(5), Page No. 189-193. 

 

53. Michiels, S., Kramar, A., & Koscielny, S., 2011, “Multidimensionality of 

Microarrays: Statistical Challenges and (im)possible Solutions”, Molecular 

oncology, 5(2), Page No. 190-196. 

 

54. Bolon-Canedo, Sanchez-Marono, N., Alonso-Betanzos, A. Benitez, J.M., & Herrera, 

F.,   2014, “A Review of Microarray Datasets and Applied Feature Selection 

Methods- Information Sciences”, 282, Page  No. 111-135. 

 

55. Founds, S. A., Dorman, J. S., & Conley, Y. P., 2008, “Microarray Technology 

Applied to the Complex Disorder of Preeclampsia”, Journal of Obstetric, 

Gynecologic & Neonatal Nursing, 37(2),  Page  No.  146-157. 

 

56. Ekins, S., Shimada, J., & Chang, C., 2006, “Application of Data Mining Approaches 

to Drug Delivery”, Advanced Drug delivery reviews, 58(12), Page  No.  1409-1430. 

 

57. T. Venkatesh, Dr. P. Tangaraj, Dr. S. Chitra, 2010, “Classification of Cancer Gene 

Expressions from Micro-Array Analysis”, International Conference on Innovative 

Computing Technologies (ICICT), Page No. 1-5. 



List of References 

Page 114 of 132 

 

 

58. Hala M. Alshamlan, Ghada H. Badr, and Yousef Alohali, 2013, “A Study of Cancer 

Microarray Gene Expression Profile: Objectives and Approaches”, Proceedings of 

the World Congress on Engineering, Vol. 2, WCE. 

 

59. J M Moosa, R Shakur, M Kaykobad, M S Rahman, 2015, “Gene Selection for 

Cancer Classification with the help of Bees”, IEEE International Conference on 

Bioinformatics and Biomedicine . 

 

60. Raza K., 2015, “Analysis of Microarray Data using Artificial Intelligence Based 

Techniques”, Handbook of Research on Computational Intelligence Applications in 

Bioinformatics, Page No. 216-239. 

 

61. Hala M. Alshamlan, Ghada H. Badr and Yousef A. Alohali, 2015, “Gene Bee 

Colony (GBC) Algorithm: A New Gene Selection Method for Microarray Cancer 

Classification”, Elsevier. 

 

62. Chen, C. K., 2012, “The Classification of Cancer Stage Microarray Data”, 

Computer methods and programs in biomedicine,  108(3),  Page  No. 1070-1077.  

 

63. Liu, K. H., Li, B., Wu, Q. Q., Zhang, J., Du, J. X., & Liu, G. Y., 2009, “Microarray 

Data Classification Based on Ensemble Independent Component Selection”, 

Computers in Biology and Medicine,  39(11),  Page  No. 953-960. 

 

64. Lee, C. P., Lin, W. S., Chen, Y. M., & Kuo, B. J., 2011, “Gene Selection and 

Sample Slassification on Microarray Data Based on Adaptive Genetic Algorithm/k-

Nearest Neighbor Method”, Expert Systems with Applications, 38(5), Page No.  

4661-4667. 

 

65. Quackenbush, J., 2001, “Computational Analysis of Microarray Data”, Nature 

reviews Genetics, 2(6), Page No. 418-427. 

 



List of References 

Page 115 of 132 

 

66. Zhou, X., & Tuck, D. P., 2007, “MSVM-RFE: Extensions of SVM-RFE for 

Multiclass Gene Selection on DNA Microarray Data”, Bioinformatics, 23(9), Page 

No. 1106-1114. 

 

67. K. Raza and A. N. Hasan, 2015, “A Comprehensive Evaluation of Machine 

Learning Techniques for Cancer Class Prediction Based on Microarray Data”, 

International Journal of Bioinformatics Research and Applications, Vol. 11, Page 

No. 5. 

 

68. D. Nam, S. Y. Kim, 2008, “Gene-Set Approach for Expression Pattern Analysis”, 

Briefings in Bioinformatics, 9 (3), Page No.  189–197. 

 

69. B. Bonev, F. Escolano, M. Cazorla, 2008, “Feature Selection, Mutual information, 

and the Classification of High-Dimensional Patterns”, Pattern Analysis and 

Applications, 11(3), Page No. 309–319. 

 

70. M. Yassi, M. H. Moattar, 2014, “Robust and Stable Feature Selection by Integrating 

Ranking Methods and Wrapper Technique in Genetic Data Classification”, 

Biochemical and Biophysical Research Communications, 446(4), Page No.  850–

856. 

 

71. S. Maldonado, R. Weber, 2009, “A Wrapper Method for Feature Selection Using 

Support Vector Machines”, Information Sciences, 179(13), Page No.  2208–2217. 

 

72. K. J. Kim, S. B. Cho,   2006, “Ensemble classifiers based on correlation analysis for 

DNA Microarray classification”, Neurocomputing, 70, Page No.187–199. 

 

73. S. B. Cho, H. H. Won, 2007, “Cancer Classification Using Ensemble of Neural 

Networks with Multiple Significant Gene Subsets”, Applied Intelligence, 26, Page 

No. 243–250. 

 



List of References 

Page 116 of 132 

 

74. P. E. Meyer, C. Schretter, G. Bontempi, 2008, “Information-Theoretic Feature 

Selection in Microarray Data Using Variable Complementarity”, IEEE Journal of 

Selected Topics in Signal Processing, 2(3), Page No.  261–274.  

 

75. H. Liu, L. Liu, H. Zhang, 2010, “Ensemble Gene Selection by Grouping for 

Microarray Data Classification”, Journal of Biomedical Informatics, 43(1), Page No.  

81–87. 

 

76. J. Ferreiraa, M. A. T. Figueiredo, 2014, “Incremental Filter and Wrapper 

Approaches for Feature Discretization”, Neurocomputing, 123, Page No.  60–74. 

 

77. D. Du, K. Li, X. Li, M. Fei, 2014, “A Novel Forward Gene Selection Algorithm for 

Microarray Data”, Neurocomputing, 133, Page No.  446–458. 

 

78. H. Chen, Y. Zhang , I. Gutman”, 2016, “A Kernel-Based Clustering Method for 

Gene Selection with Gene Expression Data”, Journal of Biomedical Informatics, 62,  

Page  No. 12–20. 

 

79. H. Pang, S. L. George, K. Hui, T. Tong, 2012, “Gene Selection Using Iterative 

Feature Elimination Random Forests for Survival Outcomes”, IEEE/ACM 

Transactions on Computational Biology and Bioinformatics, 9(5), Page No. 1422-

1431. 

 

80. Y. Saeys, I. Inza, P. Larranaga, 2007, “A Review of Feature Selection Techniques in 

Bioinformatics”, Bioinformatics, 23(19), Page No.  2507–2517. 

 

81. P. Yang, Y. H. Yang, B. B. Zhou, A. Y. Zomaya, 2010, “A Review of Ensemble 

Methods in Bioinformatics”, Current Bioinformatics,  5(4), Page No. 296–308. 

 

82. C. Lazar, J. Taminau, S. Meganck, D. Steenhoff, A. Coletta, C. Molter, V. de 

Schaetzen, R. Duque, H. Bersini, A. Nowé, 2012, “A Survey on Filter Techniques 

for Feature Selection  in Gene Expression Microarray Analysis”, IEEE/ACM 



List of References 

Page 117 of 132 

 

Transactions on Computational Biology and Bioinformatics,  9(4), Page No.  1106-

1119. 

 

83. R. Ruiz, J. C. Riquelme, J. S. Aguilar-Ruize, M. Garcia-Torres, 2012, “Fast Feature 

Selection Aimed at High-Dimensional Data via Hybrid-Sequential-Ranked 

Searches”, Expert Systems with Applications, 39(12), Page No. 11094-11102. 

 

84. S. W. Card, 2010, “Information Distance Based Fitness and Diversity Metrics”, 

Proceedings of the 12th Annual Conference Companion on Genetic and 

Evolutionary Computation, ACM, Portland, Oregon, USA, Page No. 1851–1854. 

 

85. J. Ferreira, M. A. T. Figueiredo, 2012, “Efficient Feature Selection Filters for High 

Dimensional Data”, Pattern Recognition Letters, 11(13), Page No. 1794-1804. 

 

86. C. Kima, H. Lia, S. Y. Shinb, K. B. Hwanga, 2013, “An Efficient and Effective 

Wrapper Based on Paired t-test for Learning Naive Bayes Classifiers from Large-

Scale Domains”, 4th International Conference on Computational Systems-Biology 

and Bioinformatics, Page  No. 102-112. 

 

87. Fernández de Viana , P. J. Abad , J. L. Álvarez , J. L. Arjona, 2016, “Applying Ant 

Colony Hybrid Metaheuristics to Wrapper Verification”, Expert Systems With 

Applications, 57, Page No. 62–75. 

 

88. R. Ruiz,, J. C. Riquelme, J. S. Aguilar-Ruiz, 2006, “Incremental Wrapper-Based 

Gene Selection from Microarray Data for Cancer Classification”,  Pattern 

Recognition, 39(12), Page No. 2383 – 2392. 

 

89. Wanga, N. An, G. Chen, L. Li, G. Alterovitz, 2015, “Accelerating Wrapper-Based 

Feature Selection  with K-nearest-neighbor”, Knowledge-Based Systems, 83, Page  

No. 81–91.  

 

90. N. Verbiest, J. Derrac, C. Cornelis, S. García,.F. Herrera, 2016, “Evolutionary 

Wrapper Approaches for Training Set Selection as Preprocessing Mechanism for 



List of References 

Page 118 of 132 

 

Support Vector Machines: Experimental Evaluation and Support Vector Analysis”, 

Applied Soft Computing, 38, Page No. 10–22. 

 

91. B. Geng, D. Tao, T. Xu, L. Yang, X. Hua, 2012, “Ensemble Manifold 

Regularization”, IEEE Transactions on Pattern Analysis and Machine Intelligence, 

34(6), Page No. 1227–1233. 

 

92. Khalili, 2010, “New Estimation and Feature Selection Methods in Mixture-of-

Experts Models”, “Canadian Journal of Statistics”, 38(4), Page No.  519–539. 

 

93. Peralta, A. Soto, 2014, “Embedded Local Feature Selection within Mixture of 

Experts”, Information Sciences, 269, Page No. 176–187. 

 

94. M. Zhu, J. Song, 2013, “An Embedded Backward Feature Selection Method for 

MCLP Classification Algorithm”, Procedia Computer Science, 17, Page No. 1047 – 

1054. 

 

95. Guyon, J. Weston, S. Barnhill, V. Vapnik, 2002, “Gene Selection for Cancer 

Classification Using Support Vector Machines”, Machine Learning, 46(1–3), Page 

No. 389–422. 

 

96. S. Shreem, S. Abdullah, M. Nazri, M. Alzaqebah, 2012, “Hybridizing Relief F, 

MRMR Filters and GA Wrapper Approaches for Gene Selection”, Journal of 

Theoretical and Applied Information Technology, 46 (2), Page No.  1034–1039. 

 

97. S. Miyano, S. Imoto, A. Sharma, 2012, “A top-r Feature Selection  Algorithm for 

Microarray Gene Expression Data”, IEEE/ACM Transactions on Computational 

Biology and Bioinformatics, 9 (3), Page No.  754–764. 

 

98. F. V. Sharbaf, S. Mosafer, M. H. Moattar, 2016, “A Hybrid Gene Selection 

Approach for Microarray Data Classification Using Cellular Learning Automata and 

Ant Colony Optimization”, Genomics, 107(6), Page No.  231–238. 

 



List of References 

Page 119 of 132 

 

99. H. H. Hsu, C. W. Hsieh, M. D. Lu, 2011, “Hybrid Feature Selection by Combining 

Filters and Wrappers”, Expert Systems with Applications, 38(7), Page No. 8144–

8150. 

 

100. L. A. Dalton, E. R. Dougherty, 2011, “Bayesian Minimum Mean-Square Error 

Estimation for Classification Error. Part II: Linear classification of Gaussian 

models”, IEEE Transactions on Signal Processing, 59(1), Page No. 130–144. 

 

101. L. A. Dalton, E. R. Dougherty, 2013, “Optimal Classifiers with Minimum Expected 

Error within a Bayesian Framework. Part I: Discrete and Gaussian models”, Pattern 

Recognition, 46(5), Page No. 1301–1314. 

 

102. Y. Ye, Q. Wu, J. Z. Huang, M. K. Ng, X. Li, 2013, “Stratified Sampling for Feature 

Subspace Selection in Random Forests for High Dimensional Data”, Pattern 

Recognition, 46(3), Page No. 769–787. 

 

103. Broumand, M. S. Esfahani, B. J. Yoon, E. R. Dougherty, 2015, “Discrete Optimal 

Bayesian Classification with Error-Conditioned Sequential Sampling”, Pattern 

Recognition, 48(11), Page No. 3766–3782. 

 

104. P. Cao, J. Yang, W. Li, D. Zhao, O. Zaiane, 2014, “Ensemble-Based Hybrid 

Probabilistic Sampling for Imbalanced Data Learning in Lung Nodule CAD”, 

Computerized Medical Imaging and Graphics,  38(3), Page No. 137– 150. 

 

105. H. Chen, C. H. Lin, 2011, “A Novel Support Vector Sampling Technique to 

Improve Classification Accuracy and to Identify Key Genes of Leukaemia and 

Prostate Cancers”, Expert Systems with Applications, 38(4), Page No.  3209–3219. 

 

106. P. K. A. Mundra, J. C. Rajapakse, 2016, “Gene and Sample Selection Using T-Score 

with Sample Selection”, Journal of Biomedical Informatics, 59, Page No. 31–41. 

 



List of References 

Page 120 of 132 

 

107. V. Umarani, M. Punithavalli, 2010, “Sampling based Association Rules Mining- A 

Recent Overview”, International Journal on Computer Science and Engineering, 

2(2), Page No. 314-318. 

 

108. R. J. Fox, M. W. Dimmic, 2006, “A Two-Sample Bayesian t-test for Microarray 

Data”, BMC Bioinformatics, 7(126), Page No. 1-11. 

 

109. K. Polat, S. Günes, 2009, “A New Feature Selection Method on Classification of 

Medical Datasets: Kernel F-score Feature Selection”, Expert Systems with 

Applications, 36, Page No.  10367–10373. 

 

110. M. Mohammadi, H.S. Noghabi, G.A. Hodtani, H.R. Mashhadi, 2016, “Robust and 

Stable Gene Selection via Maximum-Minimum Correntropy Criterion “, Genomics 

Vol.107, Page No. 83-87. 

 

111. B. Chandra, S. Shanker, S. Mishra, 2006, “A New Approach: Interrelated Two Way 

Clustering of Gene Expression Data”, Statistical Methodology, 3(1), Page No.  93–

10. 

 

112. T. T. Wong, C.H. Hsu, 2008, “Two-Stage Classification Methods for Microarray 

Data”, Expert Systems with Applications, 34(1), Page No.  375–83. 

 

113. X. Li, L. Shu, 2009, “Kernel Based Nonlinear Dimensionality Reduction for 

Microarray Gene Expression Data Analysis”, Expert Systems with Applications, 

36(4), Page No. 7644– 7650. 

 

114. J. T. Horng, L. C. Wu, B. J. Liu, J. L. Kuo, W. H. Kuo, J. J. Zhang, 2009, “An 

Expert System to Classify Microarray Gene Expression Data Using Gene Selection 

by Decision Tree, Expert Systems with Applications, 36(5), Page No. 9072–9081. 

 

115. B. Chandra, M. Gupta, 2011, “An Efficient Statistical Feature Selection Approach 

for Classification of Gene Expression Data”, Journal of Biomedical Informatics”, 

44, Page No. 529–535. 



List of References 

Page 121 of 132 

 

 

116. R. Cai, Z. Hao, X. Yang, W. Wen, 2009, “An Efficient Gene Selection Algorithm 

Based on Mutual Information”, Neurocomputing, 72, Page No.  991– 999. 

 

117. X. Sun, Y. Liu, D. Wei, M. Xu, H. Chen, J. Han, 2013, “Selection of Interdependent 

Genes via Dynamic Relevance Analysis for Cancer Diagnosis”, Journal of 

biomedical informatics, 46(2), Page No.  252-258. 

 

118. C. O. Sakar, O. Kursun, F. Gurgen, 2012, “A Feature Selection Method Based on 

Kernel Canonical Correlation Analysis and the Minimum Redundancy–Maximum 

Relevance Filter Method”, Expert Systems with Application”, 39(3), Page No.  

3432–3437. 

 

119. M. Mandal, A. Mukhopadhyay, 2013, “An Improved Minimum Redundancy 

Maximum Relevance Approach for Feature Selection in Gene Expression Data”, 

International Conference on Computational Intelligence: Modeling, Techniques and 

Applications,(CIMTA) 2013, Procedia Technology, 10, Page No. 20 – 27. 

 

120. Y. Chen, L. Zhang, J. Li, Y. Shi, 2011, “Domain Driven Two-phase Feature 

Selection  Method Based on Bhattacharyya Distance and Kernel Distance 

Measurements”, Web Intelligence and Intelligent Agent Technology (WI-IAT), 

2011 IEEE/WIC/ACM International Conference on, Volume: 3. 

 

121. Gheyas, L. S. Smith, 2016, “Feature Subset Selection in Large Dimensionality 

Domains”, Pattern Recognition, 43, Page No.  5–13. 

 

122. S. Piramuthu, 1999, “The Hausdorff Distance Measure for Feature Selection in 

Learning Applications”, Systems Sciences, HICSS-32: Proceedings of the 32nd 

Annual Hawaii International Conference, Volume: Track 6. 

 

123. H. H. Hsu, M. D. Lu, 2008, “Feature Selection for Cancer Classification on 

Microarray Expression Data”, Eighth International Conference on Intelligent 

Systems Design and Applications, IEEE, Page No. 153-158. 



List of References 

Page 122 of 132 

 

 

124.  A. J. Ferreira, M. A. T. Figueiredo, 2012, “An Unsupervised Approach to Feature 

Discretization and Delection”, Pattern Recognition, 45, Page No. 3048–3060. 

 

125. S. Tabakhi, P. Moradi, F. Akhlaghian, 2014, “An Unsupervised Feature Selection 

Algorithm Based on Ant Colony Optimization”, Engineering Applications of 

Artificial Intelligence, 32, Page No. 112–123. 

 

126. G. Wang, Q. Song, B. Xu, Y. Zhou, 2013, “Selecting feature subset for high 

dimensional data via the propositional FOIL rules”, Pattern Recognition, 46(1), 

Page No. 199–214. 

 

127. M. E. El Alami, 2009, “A Filter Model for Feature Subset Selection Based on 

Genetic Algorithm”, Knowledge Based System, 22, Page No. 356–362. 

 

128. Y. Leung, Y Hung, 2010, “A Multiple-Filter-Multiple-Wrapper Approach to Gene 

selection and Microarray data classification”, IEEE/ACM Transactions on 

Computational Biology and Bioinformatics, 7(1), Page No. 108–117. 

 

129. S. Tabakhi, P. Moradi, 2015, “Relevance–Redundancy Feature Selection Based on 

Ant Colony Optimization”, Pattern Recognition, 48, Page No. 2798–2811. 

 

130. D. A. Salem, R. A. A. A. Abul Seoud, H. A. Ali, 2011, “A New Gene selection 

Technique Based on Hybrid Method for Cancer Classification Using Microarray”, 

International Journal of Bioscience, Biochemistry and Bioinformatics, 1(4), Page 

No. 431-439. 

 

131. M. Naseriparsa, A. M. Bidgoli, T. Varaee, 2013, “A Hybrid Feature Selection 

Method to Improve Performance of a Group of Classification Algorithms”, 

International Journal of Computer Applications, 69(17). 

 



List of References 

Page 123 of 132 

 

132. G. K. Janecek, N. Gansterer, A. Demel, F. Ecker, 2008, “On the Relationship 

between Feature Selection and Classification Accuracy”, Journal of Machine 

Learning Research: Workshop and Conference Proceedings, 4, Page No. 90–105. 

 

133. Assareh, M. Moradi, L. Volkert, 2008, “A Hybrid Random Subspace Classifier 

Fusion Approach for Protein Mass Spectra Classification”, Evolutionary 

Computation, Machine Learning and Data Mining in Bioinformatics, Springer, 

Lecture Notes in Computer Science, 4973, Page No. 1–11. 

 

134. P. Yang, Z. Zhang, 2007, “Hybrid Methods to Select Informative Gene Sets in 

Microarray Data Classification”, Australian Conference on Artificial Intelligence, 

Berlin Heidelberg: Springer Verlag, Ed. M.A Orgun, J.Thornton, Page  No.  810-

814. 

 

135. B. Z. Dadaneh, H. Y. Markid, A. Zakerolhosseini, 2016, “Unsupervised 

Probabilistic Feature Selection Using Ant Colony Optimization”, Expert Systems 

with Applications, 53, Page No. 27-42. 

 

136. J. Xie, C. Wang, 2011, “Using Support Vector Machines with a Novel Hybrid 

Feature Selection Method for Diagnosis of Erythemato-Squamous Diseases”, Expert 

Systems with Applications, 38(5), Page No.  5809–5815. 

 

137. Y. Peng, Z. Wu, J. Jiang, 2010, “A Novel Feature Selection Approach for 

Biomedical Data Classification”, Journal of Biomedical Informatics, 43(1),  Page  

No. 15–23. 

 

138. E. Bonilla-Huerta, B. Duval, J. C. H. Hernández, J. K. Hao, R. Morales- Caporal, 

2012, “Hybrid Filter-Wrapper with a Specialized Random Multi-Parent Crossover 

Operator for Gene Selection and Classification Problems”, Bio- Inspired Computing 

and Applications, Springer,  6840, Page No. 453–461. 

 



List of References 

Page 124 of 132 

 

139. M. M. Kabir, M. Shahjahan, K. Murase, 2012, “A New Hybrid Ant Colony 

Optimization Algorithm for Feature Selection”, Expert Systems with Applications, 

39(3), Page No. 3747–3763. 

 

140. R. N. Khushaba, A. Al-Ani, A. Al-Jumaily, 2011, “Feature Subset Selection Using 

Differential Evolution and a Statistical Repair Mechanism”, Expert Systems with 

Applications, 38 (9), Page No. 11515–11526. 

 

141. Al-Ani, A. Alsukker, R. N. Khushaba, 2013, “Feature Subset Selection Using 

Differential Evolution and a Wheel Based Search Strategy”, Swarm and 

Evolutionary Computation, 9, Page No. 15–26. 

 

142. S. C. Satapathy, A. Naik, 2012,“Hybridization of Rough set and Differential 

Evolution Technique for Optimal Features Selection”, Proceedings of the 

International Conference on Information Systems Design and Intelligent 

Applications, Springer, Page No. 453–460. 

 

143. J. Apolloni, G. Leguizamón, E. Alba, 2012, “DE-SVMRank: a Differential 

Evolution Algorithm with a Rank-Based Feature Selection  Process for Microarray 

Data Classification”, Proceeding of the Del XVIII Congreso Argentino en Ciencias 

de la Computación (CACiC), Bahía Blanca, Bs. As. Argentina, Page No. 180–189. 

 

144. J. Apolloni, G. Leguizamón, E. Alba, 2016, “Two Hybrid Wrapper-Filter Feature 

Selection  Algorithms Applied to High-Dimensional Microarray Experiments”, 

Applied Soft Computing,  38, Page No.  922–932. 

 

145. P. K. A. Mundra, J. C. Rajapakse, 2010, “SVM-RFE With MRMR Filter for Gene 

Selection”, IEEE Transactions on Nanobioscienc, 9(1), Page No. 31–37.  

 

146. P. Somol, J. Novovicova, 2010, “Evaluating Stability and Comparing Output of 

Feature Selectors that Optimize Feature Subset Cardinality”, IEEE Transactions on 

Pattern Analysis and Machine Intelligence, 32(11), Page No. 1921-1939. 

 



List of References 

Page 125 of 132 

 

147. E. Tapia, P. Bulacio, L. Angelone, 2012, “Sparse and Stable Gene Selection with 

Consensus SVM-RFE”, Pattern Recognition Letters, 33, Page No. 164–172. 

 

148. K. B. Duan, J. C. Rajapakse, H. Wang, F. Azuaje, 2005, “Multiple SVM-RFE for 

Gene Selection in Cancer Classification with Expression Data”, IEEE Transactions 

on Nanobioscience, 4(3), Page No.  228-234. 

 

149. J. M. Arevalillo, H. Nava, 2013, “Exploring Correlations in Gene Expression 

Microarray Data for Maximum Predictive–Minimum Redundancy Biomarker 

Selection and Classification”, Computers in Biology and Medicine, 43, Page No. 

1437–1443. 

 

150. C. E. Gillies, M. R. Siadat, N. V. Patel , G. D. Wilson, 2013,“A Simulation to 

Snalyze Feature Selection  Methods Utilizing Gene Ontology for Gene Expression 

Classification”, Journal of Biomedical Informatics,  46,  Page  No.  1044–1059. 

 

151. H. M. Alshamlan, G. H. Badr, Y. A. Alohali, 2014, “The Performance of 

Bioinspired Evolutionary Gene Selection Methods for Cancer Classification Using 

Microarray Dataset”, International Journal of Bioscience, Biochemistry and 

Bioinformatics, 4(3), Page  No. 166–170. 

 

152. W. You, Z. Yang, G. Ji, 2014, “PLS-Based Recursive Feature Elimination for High- 

Dimensional Small Sample”, Knowledge Based System,  55, Page  No. 15– 28. 

 

153. Wang, N. A, G. Chen , L. Li, G. Alterovitz, 2015, “Improving PLS–RFE Based 

Gene Selection for Microarray Data Classification”, Computers in Biology and 

Medicine, 62, Page  No.  14–24. 

 

154. J. Alonso-González, Q. I. Moro-Sancho, A. Simon-Hurtado, R. Varela- Arrabal, 

2012, “Microarray Gene Expression Classification with few Genes: Criteria to 

Combine Attribute Selection and Classification Methods”, Expert Systems with 

Applications, 39, Page  No . 7270-7280. 

 



List of References 

Page 126 of 132 

 

155. S. Oreski, G. Oreski, 2014, “Genetic Algorithm-Based Heuristic for Feature 

Selection in Credit Risk Assessment”, Expert Systems with Applications, 41, Page 

No. 2052–2064. 

 

156. H. N. A. Pham, E. Triantaphyllou, 2011, “A Meta-Heuristic Approach for 

Improving the Accuracy in Some Classification Algorithms”, Computers & 

Operations Research, 38(1), Page No. 174–189. 

 

157. S. Tabakhi, A. Najafi, R. Ranjbar, P. Moradi, 2015, “Gene Selection for Microarray 

Data Classification Using a Novel Ant Colony Optimization”, Neurocomputing, 

168, Page No.  1024–1036. 

 

158. D Karaboga, 2005, “An Idea Based on Honey Bee Swarm for Numerical 

Optimization,” Techn. Rep. TR06, Erciyes Univ. Press, Erciyes. 

 

159. Brownlee, 2011, “Clever Algorithms: Nature-Inspired Programming Recipes”, 

Jason Brownlee.  

 

160. D. Karaboga and B. Akay, 2009, “A Comparative Study of Artificial Bee Colony 

Algorithm”, Applied Mathematics and Computation, 214(1), Page No. 108–132.  

 

161. JC Bansal, H Sharma and SS Jadon, 2013, “Artificial Bee Colony Algorithm: A 

Survey”, International Journal of Advanced Intelligence Paradigms, 5.1, Page No.  

123-159. 

 

162. S. Sharma et al, September 2016, “Artificial Bee Colony Algorithm: A Survey”, 

International Journal of Computer Applications, Volume 149 – No.4, ISSN: 0975 – 

8887. 

 

163. Mansouri, P., B. Asady, and N. Gupta, 2015, “The Bisection–Artificial Bee Colony 

Algorithm to solve Fixed point problems”, Applied Soft Computing, Page No. 143-

148.  

 



List of References 

Page 127 of 132 

 

164. Yavuz, Gürcan, and Doğan Aydin, 2016, “Angle Modulated Artificial Bee Colony 

Algorithms for Feature Selection”, Applied Computational Intelligence and Soft 

Computing.  

 

165. Marinakis, Yannis, Magdalene Marinaki, and Athanasios Migdalas, 2016, “A 

Hybrid Discrete Artificial Bee Colony Algorithm for the Multicast Routing 

Problem”, Applications of Evolutionary Computation. Springer International 

Publishing, Page No. 203-218.  

 

166. Yurtkuran, Alkın, and Erdal Emel, 2016, “A Discrete Artificial Bee Colony 

Algorithm for Single Machine Scheduling Problems”, International Journal of 

Production Research, Page No. 1-19.  

 

167. U. Saif et al, 2016, “Hybrid Pareto Artificial Bee Colony Algorithm for Assembly 

Line Balancing with Task Time Variations”, International Journal of Computer 

Integrated Manufacturing, Page No. 1-16.  

 

168. C. Caraveo, Fevrier Valdez, and Oscar Castillo, 2016, “Optimization of Fuzzy 

Controller Design Using a New Bee Colony Algorithm with Fuzzy Dynamic 

Parameter Adaptation”, Applied Soft Computing, Page No. 131-142.  

 

169. Shailesh Pandey and Sandeep Kumar, March 2013, “Enhanced Artificial Bee 

Colony Algorithm and Its Application to Travelling Salesman Problem”, HCTL 

Open International Journal of Technology Innovations and Research, Vol 2, Page 

No. 137-146, ISSN: 2321-1814, ISBN: 978-1-62776-111-6.  

 

170. Mauricio Schiezaro and Helio Pedrini, 2013, “Data Feature Selection Based on 

Artificial Bee Colony Algorithm”, EURASIP Journal on Image and Video 

Processing. 

 

171. Fraser, A. S., 1957, “Simulation of Genetic Systems by Automatic Digital 

Computers. II: Effects of Linkage on Rates under Selection, Austral. J. Biol. Sci.”, 

10, Page No. 492–499. 



List of References 

Page 128 of 132 

 

 

172. Bremermann, H. J., 1958, “The Evolution of Intelligence. The Nervous System as a 

Model of its Environment, Technical Report No. 1, Department of Mathematics, 

University of Washington, Seattle, WA”. 

 

173. Holland, J. H., 1975, “Adaptation in Natural and Artificial Systems, University of 

Michigan Press, Ann Arbor, MI”. 

 

174. Goldberg, D. E., 2002, “Design of Innovation: Lessons From and For Competent 

Genetic Algorithms”, Kluwer, Boston, MA. 

 

175. Siedlecki, W., Sklansky, J., 1989, “A Note on Genetic Algorithms for Large-Scale 

Feature Selection. Pattern Recognition Letters”, 10(5), Page No. 335–347. 

 

176. Yang, J., Honavar, V., 1998, “Feature Subset Selection Using a Genetic Algorithm”, 

IEEE Intelligent Systems, 13, Page No. 44–49. 

 

177. Punch, W.F., Goodman, E.D., Pei, L.C.S.M., Hovland, P., Enbody, R., 1993, 

“Further Research on Feature Selection and Classification Using Genetic 

Algorithms. In: Proc. Int. Conf. Genetic Algorithms”, Page No.  557–564. 

 

178. Raymer, M., Punch, W., Goodman, E., Kuhn, L., Jain, A.K., 2000, “Dimensionality 

Reduction Using Genetic Algorithms”, IEEE Transactions on Evolutionary 

Computing, 4, Page No. 164–171. 

 

179. H. R.  Kanan et al., 2007, “Feature Selection Using Ant Colony Optimization 

(ACO): A New Method and Comparative Study in the Application of Face 

Recognition System”, ICDM, Page No. 63-76. 

 

180. S. Katiyar et al, 2015, “Ant Colony Optimization : A Tutorial Review”,  National 

Conference on Advances in Power and Control. 

 



List of References 

Page 129 of 132 

 

181. Tahir MA, Bouridane A, Kurugollu F., 2007, “Simultaneous Feature Selection and 

Feature Weighting Using Hybrid Tabu Search K-nearest Neighbor Classifier”, 

Pattern Recognition Lett., 28(4),  Page  No. 438–46. 

 

182. Hsu CW, Chang CC, Lin CJ, et al, 2003, “A Practical Guide to Support Vector 

Classification”, Department of Computer Science, National Taiwan University. 

 

183. Golub TR, Slonim DK, Tamayo P, Huard C, Gaasenbeek M, Mesirov JP, Coller H, 

Loh ML, Downing JR, Caligiuri MA, et al., 1999, “Molecular Classification of 

Cancer: class Discovery and Class Prediction by Gene Expression Monitoring. 

Science”, 286(5439), Page No. 531–537. 

 

184. Wang Z., 2005, “Neuro-fuzzy Modeling for Microarray Cancer Gene Expression 

Data”, First year transfer report, University of Oxford. 

 

185. Press WH, Flannery BP, Teukolsky SA, Vetterling WT, 1990, “Numerical Recipes- 

Cambridge: Cambridge University Press”. 

 

186. Giallourakis C, Henson C, Reich M, Xie X, Mootha VK,  2005, “Disease Gene 

Discovery Through Integrative Genomics”, Annual Review of Genomics and 

Human Genetics,  6,   Page  No. 381–406. 

 

187. Kruskal WH, Wallis WA, 1952, “Use of Ranks in One-Criterion Variance 

Analysis”, J Am Stat Assoc, 47(260), Page No. 583–621. 

 

188. Corder GW, 2009, “Foreman DI. Nonparametric Statistics for Non-statisticians: a 

Step-by-step Approach: John Wiley & Sons”. 

 

189. Siegel S., 1956, “Nonparametric Statistics for the Behavioral Sciences”, New York, 

NY, US: McGraw-Hill, Page No.  312. 

 

190. Norton BJ, Strube MJ, 1985, “Guide for the Interpretation of One-way Analysis of 

Variance. Phys Therapy”, 65(12), Page No. 1888–1896. 



List of References 

Page 130 of 132 

 

 

191. Bishop CM., 1995, “Neural Networks for Pattern Recognition”, USA: Oxford 

university press. 

 

192. Mohamad MS, Omatu S, Deris S, Yoshioka M, Abdullah A, Ibrahim Z., 2013, “An 

Enhancement of Binary Particle Swarm Optimization for Gene Selection in 

Classifying Cancer Classes”, Algorithms Molecular Biology , 8(1), Page No. 1–11,  

ISSN:1748-7188. 

 

193. Li S, Wu X, Tan M., 2008, “Gene Selection Using Hybrid Particle Swarm 

Optimization and Genetic Algorithm”, Soft Computing, 12(11), Page No. 1039–

1048. 

 

194. Yu H, Gu G, Liu H, Shen J, Zhao J., 2009, “A Modified Ant Colony Optimization 

Algorithm for Tumor Marker Gene Selection”, Genomics Proteomics 

Bioinformatics, 7(4), Page No. 200–208. 

 

195. Wang SL, Li XL, Fang J., 2012, “Finding Minimum Gene Subsets with Heuristic 

Breadth-First Search Algorithm for Robust Tumor Classification”, BMC 

Bioinformatics, 13(1), Page No. 178. 

 

196.  Duncan WE., 2013, “Gene Set Based Ensemble Methods for Cancer 

Classification”, PhD thesis, The University of Tennessee Knoxville. 

 

197. Zhou X, Mao K., 2005, “LS Bound Based Gene Selection for DNA Microarray 

Data”, Bioinformatics, 21(8), Page No. 1559–1564. 

 

198. Dudoit S, Fridlyand J, 2002, “Speed TP-Comparison of Discrimination methods for 

the Classification of Tumors Using Gene Expression Data”, J Am Stat Assoc, 

97(457),  Page  No. 77–87. 

 

199. Cho SB, Won HH., 2003, “Machine Learning in DNA Microarray Analysis for 

Cancer Classification”, In: Proceedings of the First Asia-Pacific Bioinformatics 



List of References 

Page 131 of 132 

 

Conference on Bioinformatics , APBC ‟03, Volume 19. Darlinghurst, Australia, 

Page No. 189–98. 

 

200. Hu H, Li J, Wang H, Daggard G., 2006, “Combined Gene selection methods for 

Microarray data analysis”, In: Knowledge-Based Intelligent Information and 

Engineering Systems: 10th International Conference, KES 2006, Bournemouth, UK, 

2006. Proceedings, Part I. Berlin, Heidelberg: Springer Berlin Heidelberg, Page No. 

976–983. 

 

201. Zexuan Zhu, Y. S. Ong and M. Dash, 2007, “Markov Blanket-Embedded Genetic 

Algorithm for Gene Selection”, Pattern Recognition, Vol. 49, No. 11, Page No. 

3236-3248. 

 

202. K. Das et al, 2016, “Informative Gene Selection for Effective Classification of Gene 

Expression Datasets”, PhD Thesis, Shiksha o Anusandhan University. 

 

203. Staunton JE, Slonim DK, Coller HA, Tamayo P, Angelo MJ, Park J, Scherf U, Lee 

JK, Reinhold WO, Weinstein JN, et al., 2001, “Chemosensitivity Prediction by 

Transcriptional Profiling”, 98(19), Page No. 10787–10792.



 

Page 132 of 132 

 

List of Publications 

1. Akil Z. Surti, Dr. Priyanka Sharma, „Knowledge Discovery in Bioinformatics‟, Lulu 

Publication, NC, USA, 2019.  

 

2. Akil Surti, Falguni Ranadive, Priyanka Sharma, “Comparative Analysis of Machine 

Learning Classifiers on Bioinformatics and Clinical Datasets”, 6
th

 IEEE-2019 

International Conference on Computing for Sustainable Global Development, 13th – 

15th March, 2019. 

 

3. Akil Surti, Priyanka Sharma, “Intelligent Techniques for Gene Expression 

Datasets”, International Journal of Emerging Technology and Advanced 

Engineering, 2018, ISSN : 2250-2459. 

 

4. Akil Surti, Priyanka Sharma, “Impact of Microarray to Discover Knowledge Using 

R”, International Journal of Emerging Technologies and Applications in 

Engineering, Technology and Sciences, 2015, ISSN: 0974-3588. 

 

5. Akil Surti, Priyanka Sharma, “Recent methods used to infer Genetic Networks from 

Gene Expression Data”, Emerging Trends in Information & Communication 

Technology (NCETICT-2013). 

 

6. Akil Surti, Priyanka Sharma, “The Emergence of Microarray Technology in the 

field of Bioinformatics”, International Journal of Computer Science and 

Communication Engineering, 2013, ISSN : 2319 – 7080. 


	Cover Page and Annexures - withoutdate_24-10
	An Analysis of Microarrays Gene Expression for Classification and Mining of Biological Patterns

