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Abstract
Microarray	technology	has	become	an	emerging	trend	in	the	domain	of	genetic	research	in	which	many	researchers	employ	to	study	and	investigate	the	levels	of	genes’	expression
in	a	given	organism.	Microarray	experiments	have	lots	of	application	areas	in	the	health	sector	such	as	diseases	prediction	and	diagnosis,	cancer	study	and	soon.	The	enormous
quantity	of	raw	gene	expression	data	usually	results	in	analytical	and	computational	complexities	which	include	feature	selection	and	classification	of	the	datasets	into	the	correct
class	or	group.	To	achieve	satisfactory	cancer	classification	accuracy	with	the	complete	set	of	genes	remains	a	great	challenge,	due	to	the	high	dimensions,	small	sample	size,	and
presence	of	noise	in	gene	expression	data.	Feature	reduction	is	critical	and	sensitive	in	the	classification	task.	Therefore,	this	paper	presents	a	comprehensive	survey	of	studies	on
microarray	cancer	classification	with	a	focus	on	feature	selection	methods.	In	this	paper,	the	taxonomy	of	the	various	feature	selection	methods	used	for	microarray	cancer
classification	and	open	research	issues	have	been	extensively	discussed.
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Microarray technology has become an emerging trend in the domain of genetic research in which many re- 

searchers employ to study and investigate the levels of genes’ expression in a given organism. Microarray exper- 

iments have lots of application areas in the health sector such as diseases prediction and diagnosis, cancer study 

and soon. The enormous quantity of raw gene expression data usually results in analytical and computational 

complexities which include feature selection and classification of the datasets into the correct class or group. To 

achieve satisfactory cancer classification accuracy with the complete set of genes remains a great challenge, due 

to the high dimensions, small sample size, and presence of noise in gene expression data. Feature reduction is 

critical and sensitive in the classification task. Therefore, this paper presents a comprehensive survey of studies 

on microarray cancer classification with a focus on feature selection methods. In this paper, the taxonomy of the 

various feature selection methods used for microarray cancer classification and open research issues have been 

extensively discussed. 
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. Introduction 

Cancer seldom referred to as malignant neoplasm, is one of the com-

lex diseases that occur as a result of some cells manifesting certain traits

f unrestrained development and perhaps later invades other sections of

he body ( American Cancer Society, 2017 ). According to the WHO Fact

heet, about 14 million new incidences of cancer was recorded in 2012,

hich is one of the prominent causes of morbidity and mortality glob-

lly ( WHO, 2018 ). In the next 2 decades, the anticipated new cases are

ikely to rise to about 70%. Globally, virtually 1 out of 6 deaths reported

s as a result of cancer disease. About 8.8 million deaths documented in

015 which place cancer as the second prominent cause of death in the

orld ( WHO, 2018 ). 

However, the Cancer mortality rate can be cut down if diagnosed and

reated early. Medical data mining is one of the branches of data mining

hat help in analysing, extracting, transforming, interpreting and visual-

zing medical records stored in repositories. Medical data mining is not

nly interesting but also challenging, because diagnosis and prediction

f diseases are not the issues of accuracy alone but it also a matter of life

nd death. A wrong classification or prediction can be disastrous to the

ife of patients and their relatives. Hence, medical data mining is con-

idered sometimes as an expert system that employs machine learning

o make decisions that help experts to easily and quickly diagnose and

redict diseases ( Doreswamy & UmmeSalma, 2016 ). 
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Microarray data are mostly employed in cancer researches where an

arly diagnosis of cancer disease is very important in determining the

ature of treatment and its survivability ( Selvaraj & Natarajan, 2011 ).

icroarray Technology (MT) assists biologists in examining the activity

f ten thousand of genes in a single experiment and gets important in-

ormation about the cell’s functionality. This specific information can be

xploited for the diagnosis of many diseases such as Alzheimer’s disease

 Panigrahi & Singh, 2013 ), diabetes diseases and cancer diseases ( Hira &

illies, 2015 ; Alomari et al., 2017 ). The gene expression data can be pro-

uced from this technology, which is highly germane for cancer classifi-

ation and prediction. Though, gene expression data were characterized

y high dimensionality data which are irrelevant, redundant, and noisy

enes that are of no importance to the diagnosis of diseases. A large

umber of genes (features) versus the small size of sample and presence

f redundancy in data expression are the major reasons that usually re-

ult into poor diagnosis and classification, in machine learning and data

ining approaches employed in the field of medicine ( Veerabhadrappa

 Rangarajan, 2010 ; Bennet, Ganaprakasam & Kumar, 2015 ). In recent

imes, researchers had employed computational intelligence algorithms

o investigate the most informative genes that contribute to cancer di-

gnosis ( Alomari et al., 2017 ). 

Numerous studies have revealed that most genes present in DNA (De-

xyribonucleic Acid) Microarray datasets are not pertinent in the accu-

ate diagnosis of different diseases ( Alomari et al., 2017 ; Saqib, Qamar,
om (T.O. Oladele), adewole.ks@unilorin.edu.ng (K.S. Adewole). 

vember 2020 

unications Co., Ltd. This is an open access article under the CC BY-NC-ND 

https://doi.org/10.1016/j.ijcce.2020.11.001
http://www.ScienceDirect.com
http://www.elsevier.com/locate/ijcce
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ijcce.2020.11.001&domain=pdf
mailto:hambali@fuwukari.edu.ng
mailto:tinuoladele@gmail.com
mailto:adewole.ks@unilorin.edu.ng
https://doi.org/10.1016/j.ijcce.2020.11.001
http://creativecommons.org/licenses/by-nc-nd/4.0/


M.A. Hambali, T.O. Oladele and K.S. Adewole International Journal of Cognitive Computing in Engineering 1 (2020) 78–97 

K  

g  

2  

t  

e  

s  

G

 

a  

i  

a  

r  

M  

m  

r  

c  

f  

p

 

c  

l  

T  

a  

f  

fi  

w  

a  

s  

c  

e  

s  

a  

s  

o  

f  

a  

m  

p  

c  

L  

t  

C  

o  

a  

e  

o  

W  

s  

2  

l  

p  

t  

L  

a  

i  

c  

r  

t  

c  

i  

t  

r  

n  

e  

t  

d

 

S  

a  

c  

f  

a  

S

2

 

c  

f  

d  

b  

a  

r

 

l  

t  

c  

(  

a  

o  

B  

T  

f  

V  

t  

s  

M  

o  

(

2

 

i  

D  

k  

t  

t  

b  

l  

a  

p  

t  

o  

g  

s  

e  

g  

b  

d  

w  

s  

t  

b  

(

 

i  

h  

s  

a  
han & Aslam, 2020 ; Saeid, Nossair & Saleh, 2020 ; Hambali & Gbola-

ade, 2016 ; Hambali, Saheed, Oladele & Gbolagade, 2019 ; Liang et al.,

018 ). To circumvent the problem of the ‘curse of dimensionality’, fea-

ure selection (which is sometimes called gene selection) is the technique

mployed to seek the most informative genes that can augment diagno-

is and predictive accuracy of diseases ( Alomari et al., 2017 ; Hambali &

bolagade, 2016 ; Hambali, Saheed, Oladele & Gbolagade, 2019 ). 

Therefore, dimensionality reduction is one of the exciting research

reas in the domain of data mining, pattern recognition, machine learn-

ng, and statistics. The main drive of dimensionality reduction is to

ugment the classification accuracy performance of classification algo-

ithm through the removal of redundancy and irrelevant features in the

icroarray dataset. Dimensionality reduction can be accomplished in

any ways. But, the choice of selecting the appropriate dimensionality

eduction method is determined by the domain application and the pe-

uliarity of the dataset. Feature selection methods are categorized into

our (4) approaches, namely; filter, wrapper, embedded and hybrid ap-

roaches ( Veerabhadrappa & Rangarajan, 2010 ). 

Selection of features in filter algorithms is done by using individual

haracteristic features. Wrapper approaches employ a certain machine

earning algorithm or evolutionary approaches to select subset features.

he filter methods are characterized with very fast computation and low

ccuracy while wrapper approaches tend to have better accuracy per-

ormance with less computation rate. In a domain with large datasets,

lter-based methods have been established to be the best choice than

rapper method due to their speed. A mutual drawback of the two

pproaches is that they both ignore the interaction between the clas-

ifier and the dependence among features, and this result to diverse

lassification accuracy when features selected are subjected to differ-

nt classification algorithms. While embedded approaches, make use of

pecific learning algorithms. Embedded methods have the superiority

dvantage of interacting with the classification algorithm; while at the

ame time have lower computational cost compared to wrapper meth-

ds ( Veerabhadrappa & Rangarajan, 2010 ). Although, there is a lot of

eature selection approaches in the literature aim to select informative

nd relevance features that will augment classification rate and mini-

ize computation cost but few of these studies actually survey the com-

rehensive approaches employed. Though the majority of the reviews

entred on a particular feature selection approach ( Liang et al., 2018 ;

azar et al., 2012 ; Zhang, Nie, Li & Wei, 2019 ), or application of fea-

ure selection in the medical field in general ( Remeseiro López & Bolon

anedo, 2019 ). None of them provided a comprehensive state-of-the-art

f all available approaches with their taxonomy in the previous studies,

ddressed challenges issue related to microarray data and microarray

xperiments. For instance, Ref. ( Lazar et al., 2012 ) presented a survey

n filter techniques for microarray genes analysis. Ref. ( Zhang, Nie, Li &

ei, 2019 ) presented a survey on feature selection and feature-level fu-

ion strategies but the focus is not on microarray data. Ref. ( Liang et al.,

018 ) presented a compressively a review on matched-pairs feature se-

ection for gene expression microarray data. Ref. ( Hira & Gillies, 2015 )

rovided a brief review of existing popular feature extraction and fea-

ure selection techniques that are widely in used. Also, Ref. ( Remeseiro

ópez & Bolon Canedo, 2019 ) presented a review of the feature selection

pproaches designed for and applied to medical field problems, which

nclude biomedical signal processing, medical imaging and DNA mi-

roarray data analysis. Therefore, the most closely related work to this

eview is the study presented by Bolón-canedo et al. (2014) , however,

heir review only addressed the classification of feature selection, mi-

roarray datasets and their sources, and related challenges. This work

s a comprehensive review covering over 150 articles from the litera-

ure. The objective of this work is to highlight the challenges and issues

elated to microarray cancer datasets, the existing feature selection tech-

iques employed for feature selection, a brief description of microarray

xperiment and identify the limitation of the existing approaches. Also,

his paper further identifies the crucial areas for future study in this

omain. 
T  

79 
The remaining part of this paper is structured as follows:

ection 2 briefly discusses the introduction to Microarray technology

nd its data; followed by Section 3 , which focuses on the analysis of Mi-

roarray data. Section 4 presents the taxonomy of the methods used for

eature selection in this domain. Section 5 briefly reviews recent hybrid

pproach. Open research issues were discussed in Section 6 and finally,

ection 7 concludes the paper. 

. Microarray technology 

The advent of Microarray technology has brought about innovative

hanges into the biological fields. It is regarded as a motivating advent

or valuable researches. It has allowed concurrent examination of hun-

reds to thousands of gene activities at the same time. Though most of

iologists and researchers from other fields find hitches while mining

nd working with this type of data, likewise Microarray experimental

esults are stored in diverse and multiple databases. 

Microarray technology first appeared in the research arena in the

ate 1980s ( Rafii, Hassani & Kbir, 2017 ). Augenlicht et al. (1987) were

he first researchers to describe DNA Microarrays, where about 4000 of

omplementary DNA (cDNA) sequences were spotted on nitrocellulose

 Augenlicht, Taylor, Anderson & Lipkin, 1991 ). Microarray has provided

 robust opportunity for the biologists to examine and measure hundreds

f thousands of gene expressions simultaneously ( Remeseiro López &

olon Canedo, 2019 ; Rafii, Hassani & Kbir, 2017 ; Chen et al., 2012 ).

he Microarray technology has inspired a new line of research in bioin-

ormatics, medical fields and machine learning ( Hira & Gillies, 2015 ;

entimiglia & Petralia, 2013 ). DNA Microarrays are typically referred

o as DNA chips or biochips that contain a sequence of microscopic DNA

pots mounted on a solid surface. The biologists are making uses of DNA

icroarrays as a platform to examine the expression levels of thousands

f genes simultaneously, or the numerous parts of the genes genotype

 Rafii, Hassani & Kbir, 2017 ). 

.1. DNA microarray 

Cells consist of a core part called a nucleus, and in this nucleus, there

s DNA that contains encoded ‘‘program’’ for upcoming generations.

NA comprises of coding and non-coding components. The coding parts

nown to be genes, stipulate the protein structures which perform the vi-

al job in every organism. Proteins are generated in genes in two phases:

he first stage is the transcription of DNA into mRNA and then followed

y mRNA being translated into proteins. The development of molecu-

ar genetics technologies, for example, DNA Microarrays, has provided

 platform to successfully view the functionality of the cells and with

otential to examine the expression of tens of thousands of genes simul-

aneously ( Bolón-Canedo et al., 2014 ). Fig. 1 shows the generic process

f obtaining the gene expression profiles from a DNA Microarray. These

ene expression data can serve as inputs to large-scale data analysis,

uch as, to improve understanding and classifying the genes into dis-

ased or normal cells. Gene expression is the process of portraying how

enotype metamorphosis into phenotype by examining the total num-

er of transcribed mRNA in a genomic system. There are lots of stan-

ardized approaches for recognizing the variation in gene expression

hich include the differential display, Microarray hybridization, RNA-

eq sequencing, Serial Analysis of Gene Expression (SAGE), subtrac-

ive hybridization. Detailed information about all these approaches can

e found in Acunzo, Romano, Wernicke and Croce (2015) , Hammond

2015) , de, Monobe and da Silva (2016) . 

Fig. 1 depicts the procedure for acquiring microarray data which

nvolves a collection of sample tissues from both cancerous and healthy

uman tissues, isolate mRNA from samples using either a column or a

olvent such as phenol-chloroform. After that, the cDNA label is created

nd then hybridized by combining both tissues on a Microarray plate.

he last stage is the detection of the relative intensities of fluorescence
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Fig. 1. Generic procedure for acquiring the gene expression data ( Bolón-Canedo et al., 2014 ). 
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Fig. 2. Steps involved in microarray experiment. 
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Table 1 

Microarray data matrix format. 

G 1 G 2 … G M 

S 1 x 11 x 12 x 1M 

S 2 x 21 X 22 x 2M 

. 

. 

. 

S N x N1 x N2 x NM 
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d  
nder Microarray scanner to view the results and also save the data in

orm of an array for future use. 

.2. Microarray experiment 

Microarray experiment is the hybridization reaction that involves

he comparison of relative cellular mRNA acquired from two tissue sam-

les. The hybridization reaction takes place when RNA molecules or the

ingle-stranded DNA join to integrate into double-stranded complexes.

he importance of gene expression Microarray experiments is to investi-

ate and examine the differential gene expression between groups, that

s, class comparison, or by classification studies, that is, class prediction

nd class discovery ( Rafii, Hassani & Kbir, 2017 ). 

There are basically four stages that are involved in measuring the

ene expressions in Microarray experiment as shown in Fig. 2 . The first

tage is referred to as preparation and labeling of samples, where RNA

xtraction is done from a specific tissue, and the labelling depends on the

elected technology. The second phase is hybridization. It is the stage

here the probes and labels of DNA or RNA targeted for heteroduplexes;

hey are base-paired on the surface of glass through Watson-Crick. De-

ection of hybridization can be done optically, electrochemically or by

mploying mass sensitive devices ( Rafii, Hassani & Kbir, 2017 ). Wash-

ng is the third stage where excess solution from hybridization array is

liminated. It is a stage where non-specifically cRNA bound are removed

rom the microarray surface in order to reduce the effect of the sensi-

ivity and background level of the whole microarray. The final phase is

he image acquisition stage where the hybridized image of the array is

roduced. 

.3. Microarray data 

The data generated by Microarray experiments are arranged and kept

s large matrices ( M ×N ). Each Microarray data matrix comprises of the

amples illustrated in rows and the genes (features) in the columns as

hown in Table 1 . 

Microarray data is of the form of M by N matrix and is very huge.

here M is rows and it indicates the samples, N is columns and it in-

icates the genes and every single cell has a certain value of gene ex-
80 
ression in a sample ( Kong, Yu, Minion & Rajan, 2011 ). x ij denotes the

xpression level of the gene j and the condition or sample i . Where j

anges between 1 and M , and i from 1 to N. 

. Microarray data analysis 

Biomedicine field has gained popularity in machine learning in the

ast few decades mainly as a result of the enormous amount of data avail-

ble for extraction from genetic tissues. Especially with the advent of

NA Microarray datasets has paved way to the development of a novel

nd active area of research in machine learning and bioinformatics. For

he purpose of machine learning, Microarray data is usually considered

s structured data that are characterized with few samples (most of the

ime it is less than 100) but has numerous features (in the order of thou-

ands). Dealing with this nature of data that has just a few samples with

 large number of features pose serious challenges for researchers in the

eld of machine learning; because of the likelihood of "false positives",

hich may occur perchance at the time of building the model for pre-

iction or during the selection of relevant features (genes) ( Remeseiro

ópez & Bolon Canedo, 2019 ). It has been established from the literature

hat very few genes from these enormous number of genes available in

 DNA Microarray are pertinent for classification purpose. In this situ-

tion, feature selection is crucial in removing redundant and irrelevant

eatures, and also to assist experts to uncover fundamental connections

etween gene expression and a particular disease. 

Therefore, it is necessary to reduce the dataset of those genes to re-

uce the cost of identifying the best genes that can distinguish between
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he cell classes (normal or abnormal cells). There are two famous tech-

iques for in-depth Microarray data analysis: clustering and classifica-

ion ( Mutch et al., 2001 ). Clustering is an unsupervised technique of

lassifying data into clusters of genes or samples with related patterns

r characteristics. Classification is a supervised technique that learns

rom examples. Provided with a set of pre-classified samples, the clas-

ifier learns to assign unknown sample cases to one of the predefined

lasses ( Selvaraj & Natarajan, 2011 ). 

.1. Cluster analysis 

Clustering is among the famous methods employed in the Microarray

ata analysis. It is employed to seek co-regulated and functionality of

elated groups ( Svrakic et al., 2003 ). Clustering is generally useful in the

nstances when the whole sets of an organism’s genes are not available.

luster techniques can be categorized into three common types such as

ierarchical clustering, k-means clustering, and self-organizing maps.

ierarchical clustering is a popularly employed unsupervised technique

hat models clusters of genes with identical patterns of expression ( Eisen,

pellman, Brown & Botstein, 1998 ). Its process is performed in iteration

here genes that are highly correlated in terms of the extent of their

xpression are grouped together. It is a way of modelling cluster hierar-

hically. Genes are represented as leaves of tree branches in the dendro-

ram. In general, hierarchical clustering is usually modeled in two ways;

hat is agglomerative and divisive. Agglomerative uses a bottom-up ap-

roach where each individual that has a similar pattern are clustered

ogether and different pairs of clusters are amalgamated as one moves

p the hierarchy. Divisive employs top to down approach that is, all pat-

erns (Datasets) start in a single cluster and splits are done recursively

s one traverse down the hierarchy ( Eisen, Spellman, Brown & Botstein,

998 ). 

K-means clustering is a machine learning algorithm that clusters

atasets into groups of similar observations without the need of hav-

ng prior knowledge of the relationships that exist in the data ( Tavazoie

t al., 1999 ). It is a clustering technique that is very easy to accomplish

nd is commonly employed in biometrics and medical imaging applica-

ions. Euclidean properties of the vector space are usually applied in the

-means clustering algorithm. The vector space is initially partitioned

nto K parts, then the algorithm computes the focal positions in each of

he subspaces and modifies the partition in order to assign each vector

nto the cluster that is closest to the midpoint. This iteration is recur-

ing until either the partitioning is steady or the numbers of specified

terations are reached ( Brazma & Vilo, 2000 ). 

The third category of the cluster is the Self-Organizing Map (SOM)

hich is a neural network-based non-hierarchical clustering approach.

OMs work in the same manner as K-means clustering ( Tamayo et al.,

999 ). 

.2. Classification 

Classification is a supervised learning approach, sometimes referred

o as class prediction or discriminant analysis. When given a set of a

re-classified dataset, for instance, cancer dataset with different classes

uch as normal and diseased cells or Acute myeloid Leukemia (AML)

nd Acute Lymphoblastic Leukemia (ALL). A classifier will seek for rules

hat will enable it to assign unknown samples supply to any of the

bove classes (or diagnose the diseased cell) ( Quackenbush, 2001 ). In

he classification task, there is a need for sufficient numbers of samples

o allow the algorithm to be able to use a particular sample as train-

ng dataset and other fresh independent samples are used to test the

lgorithm which will serve as the test set. There are lots of classifica-

ion algorithms available in the literature, such as Artificial Neural Net-

orks, Decision Trees, K Nearest Neighbors (KNN), Weighted voting,

upport vector machines (SVM) and many others. One of the interest-

ng areas of classification approach is in the clinical diagnostic appli-

ation which predicts and classifies disease types and subtypes. Preva-
81 
ent examples include diagnosis of leukemia into ALL or AML ( Golub

t al., 1999 ), brain tumor diagnosis ( Wang et al., 2003 ) and lymphoma

 Kim et al., 2005 ) and breast cancer diagnosis ( Hambali & Gbolagade,

016 ). 

.3. Big data and deep learning 

The enormous quantity of data continuously produced by Bioinfor-

atics is a vital challenge for the machine learning techniques ( Basgall

t al., 2019 ; Rendón et al., 2020 ). This occurrence is not limited to the

mount of information, but at the same time by the swiftness of data

ransmission and the diversity of data; that is, the big data physiog-

omies ( Fernández, del Río, Chawla & Herrera, 2017 ; Elshawi, Sakr,

alia & Trunfio, 2018 ). Deep learning techniques are gaining more at-

ention as alternative approaches, to efficiently analyze a large vol-

me of information obtained from the applications of big data. The

pproaches usually yield a better analysis result than typical machine

earning techniques ( Rendón et al., 2020 ; Guo et al., 2016 ; Reyes-Nava

t al., 2018 ). Deep learning employs supervised and/or unsupervised

earning algorithms to model high-level abstractions in data, to learn

rom multiple levels of abstractions. It applies hierarchical illustrations

f data for classification. Deep learning approaches have been adopted

n many domains, such as computer vision, pattern recognition, speech

ecognition and natural language processing. As a result of the expo-

ential growth of data in these domains, deep learning expedients ac-

urately prediction of the huge amount of data. Recently, researchers

ave designed efficient and scalable parallel approaches for training

eep models ( Hinton et al., 2012 ). Deep learning has been employed

n many fields for decision making, semantic indexing and information

etrieval ( Kashyap et al., 2014 ). 

The major difference between deep learning architectures and ma-

hine learning is the number of hidden layers. Usually, machine learning

esigns consist of 3 layers, that is, input layer, hidden layer and output

ayer; while deep learning has more than 3 layers, with the presence

f more than one single hidden layer. The network architecture is cat-

gorized as deep learning when it has more than 3 layers in its design

 Shekar & Dagnew, 2020 ; Viloria, Bonerge, Lezama & Mercado-caruzo,

020 ). 

In the domain of Bioinformatics, deep learning has started attract-

ng the attention of researchers for diseases classification ( LeCun, Ben-

io & Hinton, 2015 ); for example, in the classification of microarrays

ene-expression data ( Hira & Gillies, 2015 ; Cleofas-Sánchez, Sánchez &

arcía, 2019 ; Geman et al., 2016 ). Classical applications problems that

equired deep neural networks approach usually have a high number

f samples and dimensionality ( Chen, Qian, Shi & Pan, 2017 ; Maqlin,

hamburaj, Mammen & Manipadam, 2015 ). Though in microarray can-

er datasets, the number of instances are few, and the dimensionality

s very high, which pose challenges for this scenario. In some circum-

tances, the cancer classes are imbalanced, where one class is greatly

nderrepresented related to the others ( Alejo et al., 2016 ; Reyes-Nava

t al., 2019 ). 

The deep learning architectures are majorly artificial neural net-

orks of multiple non-linear layers and numerous kinds have been pro-

osed base on the input data characteristics and research objectives.

eonwoo et al. ( Min, Lee & Yoon, 2017 ) categorized deep learning

rchitectures into four types: convolutional neural networks (CNNs)

 LeCun, Bengio & Hinton, 2015 ; Lawrence, Giles, Tsoi & Back, 1997 ;

rizhevsky, Sutskever & Hinton, 2012 ), emergent architectures ( Lena,

agata & Baldi, 2012 ; Graves & Schmidhuber, 2009 ; Hadsell et al., 2009 ;

asci, Meier, Cire ş an & Schmidhuber, 2011 ), deep neural networks

DNNs) ( Svozil, Kvasnicka & Pospichal, 1997 ; Vincent, Larochelle, Ben-

io & Manzagol, 2008 ; Vincent et al., 2010 ; Hinton, Osindero & Teh,

006 ; Hinton & Salakhutdinov, 2006 ) and recurrent neural networks

RNNs) ( Williams & Zipser, 1989 ; Bengio, Simard & Frasconi, 1994 ;

ochreiter & Schmidhuber, 1997 ; Felix, Schmidhuber & Cummins,

000 ). Most of the authors adopted ‘DNNs’ to have encompasses all
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eep learning architectures ( LeCun, Bengio & Hinton, 2015 ; Goodfellow,

engio, Courville & Bengio, 2016 ); though some researchers used ‘DNNs’

o refer specifically to a multilayer perceptron (MLP) ( Rendón et al.,

020 ; Svozil, Kvasnicka & Pospichal, 1997 ; Guillen, Ebalunode & Learn-

ng, 2016 ), deep belief networks (DBNs) ( Hinton, Osindero & Teh,

006 ; Hinton & Salakhutdinov, 2006 ), and stacked auto-encoder (SAE)

 Vincent, Larochelle, Bengio & Manzagol, 2008 ; Vincent et al., 2010 ),

hich use perceptrons ( Minsky & Papert, 1969 ), restricted Boltzmann

achines (RBMs) ( Hinton & Sejnowski, 1986 ; Hinton, 2012 ) and auto-

ncoders (AEs) ( Fukushima, 1975 ) as the building components of neu-

al networks, respectively. CNNs are architectures most thrived specif-

cally in image recognition and comprises of convolution layers, pool-

ng layers and non-linear layers. RNNs are developed to apply sequen-

ial information of input data with cyclic connections among build-

ng components like perceptrons, gated recurrent units (GRUs) ( Cho

t al., 2014 ) or long short-term memory units (LSTMs) ( Hochreiter

 Schmidhuber, 1997 ; Felix, Schmidhuber & Cummins, 2000 ). Fur-

hermore, common emergent deep learning architectures include deep

patio-temporal neural networks (DST-NNs) ( Lena, Nagata & Baldi,

012 ), convolutional auto-encoders (CAEs) ( Hadsell et al., 2009 ; Masci,

eier, Cire ş an & Schmidhuber, 2011 ) multidimensional recurrent neu-

al networks (MD-RNNs) ( Graves & Schmidhuber, 2009 ). Much sophis-

icated deep learning largely depends on the technology employed to

mplement them. The most common libraries used for this approach in-

lude Caffe, Theano, Tensorflow ( Abadi et al., 2016 ), PyLearn2, H2O

 Aiello et al., 2016 ) and the Apache Spark working platform ( Zaharia

t al., 2016 ). 

Ref. ( Chen, Qian, Shi & Pan, 2017 ) used multiple Recurrent Neu-

al Networks (RNN) for the classification of breast cancer patients into

enign and malignant. The proposed model comprises of four RNN to

xcerpt the characteristics of patients and the last RNN for the final

lassification. Ref. ( Abdel-Zaher & Eldeib, 2016 ) proposed an automatic

iagnosis system for breast cancer detection. The system is used deep

elief network (DBN) for the training of the system and followed by

 back-propagation neuronal network. Ref. ( Reyes-Nava et al., 2019 )

roposed a Deep Learning Multi-Layer Perceptron (DL-MLP) for classifi-

ation of gene-expression microarray datasets which characterized with

he presence of class imbalance. Also, Ref. ( Viloria, Bonerge, Lezama &

ercado-caruzo, 2020 ) studied the behavior of the MLP DL classifier ap-

lied on high dimensional, low pattern, and high-class imbalance gene

xpression microarray datasets. 

. Microarray cancer feature selection techniques 

Many classification algorithms were initially not designed to handle

uge volumes of irrelevant features; merging them with feature selection

FS) methods have become inevitable in several applications ( Guyon &

lisseeff, 2003 ; Yu & Liu, 2004 ). 

The major focus of feature selection (FS) is to select a subset of fea-

ures from the input data, and that subset can successfully describe

he input data. Feature selection can also diminish negative impacts

rom irrelevant or noise features ( Zhang, Nie, Li & Wei, 2019 ; Brown,

ocock, Zhao & Luján, 2012 ; Bolón-Canedo, Sánchez-Maroño & Alonso-

etanzos, 2015 ; García, Luengo & Herrera, 2016 ; Zhou, Hu, Li & Wu,

017 ). No extra information can be obtained from redundant features

xcept that it creates noise for the classification algorithm. In a nut-

hell, few unique features can provide crucial information that can be

chieved by using the whole dataset as input, which can serve as class

epresentative. Therefore, by discarding the redundant features, the vol-

me of data can be reduced to enhance the performance of the classi-

cation algorithm. In some instances, some features did not have any

orrelation with the classes at all. They are just pure noise and hence, in-

roduce bias to the classification algorithm and weaken its performance.

y employing FS techniques, it provides insight into the feature selec-

ion process and therefore improves the classification accuracy ( Zhang,

ie, Li & Wei, 2019 ). 
82 
In summary, the goals of FS are multifarious; the vital ones include

he following: 

a) It prevents overfitting and therefore, enhance model performance, 

b) It brings about the faster processing and reduce the model cost-

effectively and 

c) It helps in gaining deeper knowledge into the core processes that

generate the data. 

Nevertheless, the benefits of FS methods come with a trade-off. The

rocess of searching for the subset of relevant features brings about an

xtra layer of complexity in the processing task. There is need to seek the

est model parameters for the best feature subset rather than optimizing

he model’s parameters for the full feature subset since assurance for the

ptimization of parameters for the complete feature set that can equally

ead to the best feature subset is not granted ( Daelemans, Hoste, De

eulder & Naudts, 2003 ). 

Quite a lot of statistical approaches have been used to select the

enes for medical disease diagnosis, prognosis, and therapeutic targets

 Tu, Yu, Guo & Li, 2004 ). Apart from the statistical methods, in recent

imes, data mining and machine learning approaches have been widely

dopted in genomic data analysis ( Khan & Alam, 2012 ; Zahiri et al.,

013 ). For instance, Cho et al. (2004) proposed a modified kernel Fisher

iscriminant analysis (KFDA) for the analysis of the hereditary breast

ancer dataset. The KFDA classifier employed the mean-squared-error

s the gene selection criterion. 

Furthermore, numerous hybrid evolutionary algorithms are avail-

ble in the literature to improve the accuracy of the classification tech-

iques ( Huang & Chang, 2007 ; Tan, Fu, Zhang & Bourgeois, 2008 ; Tong

 Schierz, 2011 ). The goal of many evolutionary algorithms is to seek for

est features subset by adopting bio-inspired approaches such as parti-

le swarm optimization (PSO), Honey Bee, Firefly algorithms and so on.

hese types of algorithms show suitable performance improvement over

everal problems but require experts’ involvement to attain the desired

erformance outcome. 

FS methods differ from one another in the mode of integrating their

earch in the added space of feature subsets, in the model selection.

ene selection is a subclass of larger machine learning class of feature

election. There are two major ways of categorizing FS and the related

axonomy ( Zhang, Nie, Li & Wei, 2019 ) – Label status and Search strat-

gy as illustrated in Figure 3 . 

.1. Label status 

In this category, methods are categorized based on the samples’ fea-

ure labeled or not. The labeled samples offer hands-on information,

uch that relevant and informative features are selected to differentiate

amples from different classes through the supervised FS methods ( Nie,

uang, Cai & Ding, 2010 ). In label status category, FS technique can

e further divided into three groups, such as supervised methods ( Nie,

uang, Cai & Ding, 2010 ; Li et al., 2007 ; Zhao & Liu, 2007 ; Huang,

015 ; Zhang, Nie & Li, 2018 ), semi-supervised methods ( Zhao & Liu,

007 ; Xu, King, Lyu & Jin, 2010 ; Wang et al., 2017 ), and unsupervised

ethods ( Cai, Zhang & He, 2010 ; Yang et al., 2011 ; Liu, Rallo & Cohen,

011 ; Hu et al., 2017 ; He et al., 2017 ). In semi-supervised FS approach,

arts of the data are labeled while others are not labeled. 

Most of the famous semi-supervised FS methods make use of sim-

larity matrix construction, such that the selected features are based

n graph structure ( Zhao & Liu, 2007 ; Cheng, Zhou & Cheng, 2010 ).

ue to the nonappearance of labels that can help to guide the explo-

ation of informative genes, unsupervised FS make use of some tricky

pproaches ( Zhang, Nie, Li & Wei, 2019 ) to select the relevant features

rom the unlabeled dataset. In its simplest form, the FS procedure is

erformed by evaluating individual features and then ranks them using

heir correlation with class labels ( Zhang, Nie, Li & Wei, 2019 ). Though,

all (1999) has revealed that the best features subsets are those subsets
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Fig. 3. Taxonomy of feature selection methods for microarray cancer classification. 
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hose features did not correlate with one another. Therefore, it is de-

irable to evaluate and consider the features as a subset rather than the

ndividual. Liu et al. (2010) provided a summary of the subset feature

election procedure into three main phases: 

1 Search: Producing features subset to be evaluated. 

2 Evaluation: Evaluating the efficacy of the produced subset. 

3 Stop: Determining whether to continue the search or to halt the

search. 

To achieve the aim of feature selection, a lot of criteria have been

uggested to estimate the relevance of the feature ( Zhang, Nie, Li & Wei,

019 ; Zhao & Liu, 2007 ). 

.1.1. Supervised method 

Supervised FS methods are more related to the labeled data points.

onservative supervised approaches such as Fisher Score ( Duda, Hart &

tork, 2012 ) does the ranking of the features individually and it did not

onsider feature correlation. Linear discriminant analysis (LDA) ( Fisher,

936 ) was employed to select features by maximizing the ratio between

he ’between-class scatter and within-class scatter’. However, with the

mall sample size data, LDA encountered some challenges ( Fukunaga,

013 ). To solve this problem, maximum margin criterion (MMC) is used

n Li, Jiang & Zhang (2004) , which converts the computation of ratio of

races between the ’between-class scatter and within-class scatter’ into

he subtraction form. In summary, all supervised methods need appro-

riately labeled data to achieve the task of FS. But when the data for

raining are not sufficiently labeled, the performance of the method will

egenerate ( Luo et al., 2013 ). 

.1.2. Semi-supervised method 

In semi-supervised FS methods, Luo et al. (2018) and Han et al.

2014) worked on both labeled and unlabeled data. Consequently, semi-
83 
upervised approaches demonstrated the ability to select features from

nlabeled data, when provided with few numbers of labeled data. Graph

aplacian based semi-supervised techniques assumed that most data

amples lay on a low-dimensional manifold, such as semi-supervised

iscriminant Analysis (SDA) ( Cai, He & Han, 2007 ). In graph Lapla-

ian based approaches; unlabeled samples are harnessed through uses

f graph Laplacian matrix. For example, trace ratio criterion for feature

election (TRCFS) is one of the effective semi-supervised FS algorithms

o select informative features ( Liu, Nie, Wu & Chen, 2013 ). However,

emi-supervised FS techniques are typically less effective in handling

uge dataset due to the cost of computation time of the graph ( Chang,

ie, Yang & Huang, 2014 ). 

.1.3. Unsupervised method 

As a result of the missing label information that can help in guiding

he search for informative features in the data and the problem of getting

he actual label information, unsupervised FS is regarded as a challeng-

ng problem ( Zhang, Nie, Li & Wei, 2019 ; Dy & Brodley, 2004 ). Multiple

riteria were considered for the evaluation of feature relevance. One of

he famous criteria used is to select those features that retain the original

ata manifold structure. Another popularly employed criterion is to find

luster indicators through clustering algorithms and then follow a super-

ised approach of problem-solving. Unsupervised FS can be categorized

nto two different approaches. One of the techniques is to find cluster

ndicators which concurrently execute the supervised feature selection.

or instance, Yang et al. (2011) and Li et al. (2014) designed a combined

ramework that consists of nonnegative spectral clustering and struc-

ural learning to select features from unlabeled data. The second one is

he hierarchical form, which the first search for cluster indicators, then

xecuting feature selection, and lastly iterating two previous steps until

 certain criterion is satisfied. Zhao et al. (2011) proposed Similarity
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reserving Feature Selection (SPFS) for feature selection by conserving

ample similarity, which can handle feature redundancy successfully. 

Other examples of unsupervised FS methods include Nonnegative

iscriminative Feature Selection (NDFS), Embedded Unsupervised Fea-

ure Selection (EUFS) ( Wang, Tang & Liu, 2015 ), Multi-cluster feature

election (MCFS) ( Cai, Zhang & He, 2010 ), Joint Embedding Learning

nd Sparse Regression (JELSR) ( Hou et al., 2013 ) and Unsupervised Dis-

riminative Feature Selection (UDFS) ( Yang et al., 2011 ). 

In recent times, some investigations have appeared that leveraged

n both the learning mechanism and manifold structure. The typical

echniques include; PCA Score (PcaScor) ( Krzanowski, 1987 ), Laplacian

core (LapScor) ( He, Cai & Niyogi, 2006 ), Spectral Feature Selection

SPEC) ( Zhao & Liu, 2007 ), Minimum Redundancy Spectral Feature Se-

ection (MRSF) ( Zhao, Wang & Liu, 2010 ) and MCFS ( Cai, Zhang & He,

010 ). Generally, these approaches first employ numerous graphs to de-

ict the manifold structure. LapScor and SPEC then utilize other metrics

or the ranking of each feature. MCFS and MRSF, however, enhance the

rocess with sparse constraints in multi-output regression ( Hou et al.,

013 ). 

.2. Search strategy 

Based on the different searching strategies, FS can further be grouped

nto three approaches, that is, filter techniques, wrapper techniques, and

mbedded techniques ( Zhang, Nie, Li & Wei, 2019 ; Remeseiro López

 Bolon Canedo, 2019 ; Khan & Alam, 2012 ; Saeys, Inza & Larrañaga,

007 ). Filter techniques accomplish the FS task before classification or

lustering of the data and usually execute in a two-step approach. In

he first step, all the features are ranked based on defined criteria and

he second step involves the retaining of the top-ranking features. Filter

echniques evaluate the relevance of the feature genes by searching for

he inherent properties of the data. In some of the filter approaches, a

eature relevance score is estimated, and low-scoring features are dis-

egarded. Subsequently, the features with high rank are chosen ( Tan,

u, Zhang & Bourgeois, 2008 ; Pihur, Datta & Datta, 2008 ; Qi, Sun,

un & Pan, 2011 ). The famous Filter methods include ReliefF ( Kira &

endell, 1992 ; Raileanu & Stoffel, 2004 ), signal-to-noise ratio ( Golub

t al., 1999 ), receiver operating characteristics analysis ( Khodarev et al.,

003 ), information gain ( Raileanu & Stoffel, 2004 ; Peng, Long & Ding,

005 ), Laplacian score ( He, Cai & Niyogi, 2006 ), F-statistic ( Ding &

eng, 2005 ), mRMR ( Peng, Long & Ding, 2005 ), fuzzy logic for remov-

ng redundant features ( Huang & Chang, 2007 ), T-test feature ranking

or gene selection ( Zhou & Wang, 2007 ), consensus independent com-

onent analysis that employs gene expression value for cancer classi-

cation ( Zheng, Huang, Kong & Zhao, 2008 ), mutual information ( Cai,

ao, Yang & Wen, 2009 ) and maximum-minimum correntropy criterion

 Mohammadi, Noghabi, Hodtani & Mashhadi, 2016 ). 

Filter approaches are machine learning algorithm independent. It

ocuses on the general inherent property of the data. Due to their in-

ependence from the learning algorithm, they have less computational

ost and have a good generalization capacity. Wrappers and embedded

pproaches both need a machine-learning algorithm to accomplish fea-

ure selection. In wrappers, evaluation of candidate feature subsets is

one by a learning algorithm. The interaction of wrappers with the clas-

ifier makes them more computationally expensive than filters, though

hey perform better than filters. Wrapper methods use the learning algo-

ithm to evaluate the FS. Guyon et al. (2002) used SVM based Recursive

eature Elimination (RFE) to choose significant genes associated with

ancer diseases. Embedded methods implement FS in relation to opti-

ization model ( Zhang, Nie, Li & Wei, 2019 ). Embedded techniques

aintain mid-course between filters and wrappers since FS is part of

he training process for the learning algorithm. The exploration of the

est features subset is done during the training of the learning algorithm

for instance, during weights optimization in a neural network). Due to

his reason, embedded approaches are less computationally expensive

ompared to wrappers. There are also other approaches to combining
84 
lgorithms. This is referred to as hybrid approaches, which typically

ombines two or more FS algorithms of the different search strategy

equentially. For example, a less computationally expensive algorithm

uch as filter may be first applied to eliminate some features and later

mploy a more complex and costly algorithm (such as wrapper) for fine-

uning. 

.2.1. Filter techniques 

Filter techniques evaluate the gene subsets informative by observ-

ng the inherent data characteristics only, that is, statistical measures

y which a single gene (a subset of genes) is typically assessed against

he class label. Classical filter techniques are commonly employed in Mi-

roarray data analysis, such as consistency-based filter, Fast Correlation-

ased Filter (FCBF), Correlation Feature Selection (CFS) and ReliefF. In

hese approaches, individual features are considered separately; hence

t did not give room for feature dependencies, as a result of that, it usu-

lly gave poor diagnostic accuracy when compared to other types of FS

ethods. Filter methods have some pros which are not limited to the

ollowing: they are computationally simple and easy, efficiently scaled

hrough very high-dimensional datasets, and classifiers independent. FS

echniques can also be classified into univariate and multivariate types.

nivariate approaches treat each feature individually of each other, a

itch that multivariate methods proffer solution to by incorporating fea-

ure dependencies to some certain level, but with an increase in demand-

ng for more computational resources. Signal-to-noise ratio ( Golub et al.,

999 ; Chow, Moler & Mian, 2001 ) is one of the common examples of

nivariate approach; it evaluates each feature independently based on

ertain criteria. Thus, univariate methods are simple, fast and the most

vailable methods in the literature ( Bolón-Canedo et al., 2014 ; Ben-Dor

t al., 2000 ; Xing, Jordan & Karp, 2001 ; Bolón-Canedo, Sánchez-Maroño

 Alonso-Betanzos, 2013 ). On the other hand, forward feature selection

s one example of multivariate techniques. It evaluates relevance and de-

endency of the features in a group subset ( Grate, Bhattacharyya, Jordan

 Mian, 2002 ; Bø & Jonassen, 2002 ). It starts with a single discrimina-

ive feature and continuously adds the new discriminative features using

reedy search technique. Another multivariate approach is base-pair se-

ection; the relevance of the features are estimated via pairs of features.

hough, several snags are limiting the application of multivariate meth-

ds. Mainly, they are characterized by the overtraining of the data and

ormally are of the high computational cost. 

Filter techniques that have been employed in various tasks can

e found in the work of Bekkerman et al. (2003) , Caruana and Sa

2003) and Davidson and Jala (2010) . Javed et al. (2010) and Peng et al.

2005) , developed a novel ranking criterion based on the class density

f the binary data. The related algorithm applies the filter technique

o rank the features and later the wrapper approach to further remove

rrelevant features. Caruana and Sa (2003) , eliminated features are em-

loyed for multi-task learning (MTL). In Stoppiglia, Dreyfus, Dubois and

ussar (2003) , a random variable known as a probe is utilized to rank

he features in terms of Gram-Schmidt orthogonalization. 

The noticeable drawback of the filter approach is the disregard of in-

eraction between the classification algorithm and filter algorithm; that

s, the feature subset space search is separated from the search in the

ypothesis space. Since filter approaches did not rely on the learning

lgorithms, the selected features subset may not yield optimal subset,

uch that a redundant subset could be attained respectively ( Zhang, Nie,

i & Wei, 2019 ). Brief descriptions of common filter techniques are as

ollows: 

i) Correlation-based Feature Selection (CFS): is one of the multi-

variate filter algorithms that does feature subsets ranking by apply-

ing correlation based heuristic evaluation function ( Hall & Smith,

1998 ). The evaluation function usually biases toward the subsets

that contain features that are uncorrelated within themselves but

demonstrated a high correlation with the class. Irrelevant features

are eliminated as a result of their low correlation with the class and
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Table 2 

Summary of other filter techniques used in microarray data ( Bolón-Canedo et al., 2014 ). 

Method Original Reference Type of 

evaluations (R/S) 

Type of 

Data (B/M) 

Backward Elimination using Hilbert-Schmidt Independence 

Criterion (HSIC) (BAHSIC) 

( Song et al., 2012 ) R M 

Discritizer + filter ( Bolón-Canedo, Sánchez-Maroño & 

Alonso-Betanzos, 2010 ; Sánchez-Maroño, 

Alonso-Betanzos, García-González & 

Bolón-Canedo, 2010 ) 

S M 

Entropic Filtering Algorithm (EFA) ( Navarro & Muñoz, 2009 ) S B 

Monotone dependence ( Bolón-Canedo, Sánchez-Maroño & 

Alonso-Betanzos, 2010 ) 

R M 

Multi-task feature selection filter (MFS) ( Lan & Vucetic, 2011 ) R M 

Matrix of Average Sub-Subset Information for Variable 

Elimination (MASSIVE) 

( Meyer, Schretter & Bontempi, 2008 ) R M 

maximum weight and minimum redundancy (MWMR) ( Wang, Song, Xu & Zhou, 2013 ) R B 

Partial Least Squares (PLS) ( Student & Fujarewicz, 2012 ) R M 

Relevance Feature Selection (RFS) ( Ferreira & Figueiredo, 2012 ) R M 

robust feature selection method (RFS) ( Nie, Huang, Cai & Ding, 2010 ) R M 

Relevance Redundancy Feature Selection (RRFS) ( Ferreira & Figueiredo, 2012 ) R M 

Note: R/S for ranker/subset and B/M for binary/multiclass. 
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also, redundant features are discarded since they are highly corre-

lated with one or more of the selected features. The choice of a se-

lected feature depends on to what level in which it can predict classes

in areas of the instance space not already predicted by other features.

ii) The Fast Correlation-Based Filter (FCBF) technique: is a mul-

tivariate algorithm that evaluates feature-class and feature-feature

correlation ( Yu & Liu, 2003 ). FCBF begins selection using Symmet-

rical Uncertainty (SU) to select a set of features that are highly cor-

related with the class. SU is described as the ratio between the infor-

mation gain and the entropy of two features. Also, it employs three

heuristic approaches to eliminate the redundant features and retain

those features which are more pertinent to the class. FCBF is suitable

for high-dimensionality data and has been proven to be efficient in

eliminating both irrelevant and redundant features. Though, it ne-

glects interaction between features. 

ii) The INTERACT algorithm: utilizes the same SU goodness measure-

ment employed by the FCBF, but in addition to that, it includes the

consistency contribution, which reveals how significantly the exclu-

sion of a feature will likely affect consistency ( Zhao & Liu, 2007 ).

The algorithm entails two major steps. The first step involves the

ranking of features in descending order based on their evaluated SU

values. While the second step performs the evaluation of features

consistency by individually estimating the features consistency con-

tribution of the feature beginning from the last on the ranked fea-

ture list and it selects only those features whose consistency contri-

bution exceeds an established threshold and discard those with the

less value. The authors established that this technique takes care of

feature interaction and effectively selects relevant features. 

v) Information Gain: is one of the famous attribute evaluation ap-

proaches that compute mutual information for each class and at-

tribute of the data. It is a univariate filter which provides orderly

ranked features with the guide of a threshold ( Kira & Rendell, 1992 ).

The selection of feature is done based on those features with a posi-

tive information gain value. 

v) ReliefF: is one of the famous multivariate filters based on nearest

neighbors ( Kononenko, 1994 ). Its original version is known as Re-

lief algorithm developed by Kira and Rendell (1992) . The Relief al-

gorithm works by sampling an instance randomly from the data and

seeking for nearest neighbors from the same class and other class

present in the data. The nearest neighbor values of the selected at-

tributes are compared to the sampled instance and then, utilized it

to update the relevance scores for each attribute. The basis is that

an informative attribute should be distinguished between instances
from different classes and have identical value with instances of s  

85 
the same class. ReliefF has the capability of efficiently solving the

problem of multiclass and also more robust and proficient in deal-

ing with missing and noisy data. This algorithm can be employed in

all circumstances with low bias; it accommodates features interac-

tion and captures local dependencies which are lacking in other ap-

proaches. The weakness of the ReliefF algorithm includes the process

of choosing a threshold. In Acuna, Coaquira and Gonzalez (2003) ,

compared ReliefF with other wrapper techniques under different

datasets. 

i) The minimum Redundancy Maximum Relevance (mRMR) algo-

rithm: chose features with the highest relevance to the target class

and also with minimal redundancy ( Peng, Long & Ding, 2005 ); that

is, it chooses features that have maximum dissimilarity to each other.

Both criteria employed are based on mutual information that is,

maximum-relevance and minimum-redundancy. 

ii) Consistency-Based Filter: is a multivariate method which selects

subsets of the features, but the selection is done based on the degree

of consistency with the class ( Dash & Liu, 2003 ). The acceptability of

the selected feature rate is determined using an inconsistency crite-

rion. Summary of other Filter techniques provided in Table 2 based

on the evaluation approach used (either rank or subset) and type of

data. 

.2.2. Wrapper techniques 

Evolutionary approaches were normally used to lead their searches

n wrapper techniques. It usually commences with a population of so-

utions that contains a subset of the features. Then each subset would

e computed using a learner algorithm to allot fitness to each subset.

enerally, the feature subsets selection is improved by an iterating pro-

ess to come out with optimal solutions. Some of the famous wrapper

ethods found in the literature are Ant Colony Optimization ( Yu et al.,

009 ), Distance Sensitive Rival Penalized Competitive Learning – Sup-

ort Vector Machine (ADSRPCL-SVM) ( Xiong, Cai & Ma, 2008 ), Artifi-

ial Bee Colony (ABC) algorithm ( Garro, Rodríguez & Vázquez, 2016 ;

ancer, Xue, Karaboga & Zhang, 2015 ), Genetic algorithm with SVM

 Wang et al., 2011 ), Particle Swarm Optimization ( Kar, Das Sharma &

aitra, 2015 ) and Genetic Programming (employed to predict alterna-

ive mRNA splice variants) ( Vukusic, Grellscheid & Wiehe, 2007 ). The

rapper technique’s performance is usually better than filter techniques

ince wrapper techniques allow interactions between the solutions and

redictors. While filter methods address the challenges of seeking a bet-

er feature subset individually for the model selection phase, wrapper

pproaches integrate the model assumption search within the feature

ubset search. In this approach, possible feature subsets space is de-
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Table 3 

Summary of wrapper techniques used in microarray ( Bolón-Canedo et al., 2014 ). 

Method Original Reference Type of 

Evaluation (R/S) 

Type of 

Data (B/M) 

GA-KDE-Bayes ( Wanderley, Gardeux, Natowicz & 

de Pádua Braga, 2013 ) 

S B 

SFS ( Sharma, Imoto & Miyano, 2011 ) S M 

Table 4 

Summary of embedded techniques used in microarray data ( Bolón-Canedo et al., 2014 ). 

Method Original Reference Type of 

Evaluation (R/S) 

Type of 

Data (B/M) 

FRFS ( Wang, Song, Xu & Zhou, 2013 ) S M 

IFP ( Canul-Reich et al., 2012 ) S B 

KP-SVM ( Maldonado, Weber & Basak, 2011 ) S M 

PAC-Bayes ( Shah, Marchand & Corbeil, 2011 ) R B 

Random Forest ( Anaissi, Kennedy & Goyal, 2011 ) S M 
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p  
ned in a search procedure, and many features subsets are generated

nd weighed. The particular features subset evaluation was attained by

raining and testing the subset with a specific classification algorithm,

aking this method designed for a particular learning algorithm. The

earch algorithm is enfolded around the classification technique to ex-

lore all the feature subset space. Though, as the feature space subsets

psurge exponentially with the number of features, heuristic search ap-

roaches are employed to achieve the search for the best subset. These

earch techniques can be categorized into two groups: deterministic and

andomized search techniques. Among the benefits of wrapper tech-

iques is the capability to take feature dependencies into consideration

nd existence of an interaction between feature subset search and model

election. A prominent setback for these approaches is that they are

rone to overfitting than filter methods due to the few sample size of Mi-

roarray data, and are characterized with high computational expenses,

articularly if modelling the classifier requires high computational cost.

Wrapper method did not receive much attention as received by the

lter approaches, as a result of its high computational cost. As the fea-

ure number increases, the feature searching space of subsets upsurges

xponentially. This sometimes becomes critical when the features grow

o tens of thousands or more. For this reason, the wrapper method has

een mostly avoided in the literature. 

Most of the works that utilized the wrapper method can be found

n the early years of investigating Microarray data. In a classical wrap-

er, a search is conducted in the space of genes and the goodness of

ach gene subset is determined by evaluating the accuracy achieved

y the specific learning algorithm. This learning algorithm is trained

nly with the selected genes. For instance, Ref. ( Inza, Sierra, Blanco &

arrañaga, 2002 ) employed typical wrapper techniques such as float-

ng selection, sequential forward and backward selection, and best-first

earch on three Microarray datasets. Another case can be found in Ruiz,

iquelme and Aguilar-Ruiz (2006) that make uses of an incremental

rapper named BIRS (Best Incremental Ranked Subset) for the selec-

ion of genes. Though the application of wrappers on Microarray data is

ot well embraced compared to the other feature selection approaches.

ther examples were found in recent years. 

Ref. ( Sharma, Imoto & Miyano, 2011 ) presented an approach called

uccessive Feature Selection (SFS). It is a famous conventional feature

election algorithms that trying to overcome the weakness of individual

anking and forward selection schemes. The proposed SFS firstly arrange

he features into smaller block partitions. From each of the blocks, peak

eatures were obtained based on their classification accuracy values and

hen compared to select the optimal feature subset. This technique yields

igh classification accuracy on many DNA Microarray datasets. 

Ref. ( Wanderley, Gardeux, Natowicz & de Pádua Braga, 2013 ), pre-

ented an evolutionary wrapper technique called Genetic Algorithm-
 f  

86 
ernel Density Estimation (GA-KDE-Bayes). It employs a Bayesian classi-

cation algorithm and a non-parametric density estimation technique.

he authors explained that non-parametric techniques are good alter-

atives for scarce and sparse data, such as the bioinformatics analysis

ecause assumptions about its structure are not predefined and all the

nformation originates from the data itself. The results of their works

n six Microarray datasets revealed their approach performed better.

able 3 shows the summary of the wrapper technique. 

.2.3. Embedded techniques 

Despite its lower computational time, the major drawback of the fil-

er method is that it lacks interaction with the classifier, mostly leading

o poor performance of classifier when compared with those obtained

ith wrappers. Though, wrapper technique is also characterized by a

uge computational cost with Microarray data. A middle course solu-

ion for researchers is the application of embedded approaches, which

mploy the core of the learning algorithm for ranking of feature cri-

eria. In this approach, optimization techniques are employed ( Guyon,

eston, Barnhill & Vapnik, 2002 ) to rank the features embedded in the

rojection subspace. The goal of embedded technique ( Zhang, Nie, Li &

ei, 2019 ; Guyon & Elisseeff, 2003 ) is to minimize the computational

ime for reclassifying different feature subsets. The integration of feature

election as part of the learning process is the key purpose of embedded

echniques. In Battiti (1994) , a greedy search algorithm is utilized to

valuate the feature subsets. Support Vector Machine based on Recur-

ive Feature Elimination (SVM-RFE), is one of the most popular embed-

ed technique proposed by Guyon, Weston, Barnhill and Vapnik (2002) .

t was specifically designed to select genes for cancer classification. Fea-

ure selection was done in this approach by repeatedly training SVM

lassifier with the presented set of features and eliminating the less sig-

ificant feature as shown by the classifier. Table 4 shows a description

f a few embedded methods used for Microarray data analysis. 

Ref. ( Maldonado, Weber & Basak, 2011 ) introduced a novel em-

edded technique that concurrently selects significant features during

he classifier modelling by penalizing individual features used in the

ual formulation of SVM. This technique is referred to as kernel penal-

zed SVM (KP-SVM) and it enhances an anisotropic radial basis function

RBF) Kernel shape by removing features that have low significance for

he learning algorithm. In their experiment, two benchmark Microar-

ay datasets and two real-world datasets were used and it revealed that

P-SVM performed better than the alternative approaches with steadily

ewer relevant features. 

To solve the problem of data imbalance in some Microarray datasets,

ef. ( Anaissi, Kennedy & Goyal, 2011 ) proposed a new embedded ap-

roach based on the random forest algorithm. The approach used dif-

erent strategies and algorithms to overcome the different problem of
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Table 5 

Summary of other hybrid techniques for feature selection used in microarray data ( Bolón-Canedo et al., 2014 ). 

Method Original Reference Type of 

Evaluation (R/S) 

Type of 

Data (B/M) 

Correlation-based Feature Selection (CFS) and the Taguchi-Genetic 

Algorithm (CFS-TGA) 

( Chuang, Yang, Wu & Yang, 2011 ) S M 

Ensemble- Recursive Feature Elimination (RFE) ( Abeel et al., 2010 ) S B 

Ensemble of Filters (EF) ( Bolón-Canedo, Sánchez-Maroño & 

Alonso-Betanzos, 2012 ) 

S M 

Fast clustering-based feature selection algorithm (FAST) ( Song, Ni & Wang, 2011 ) S M 

Genetic Algorithm with Dynamic Parameter setting (GADP) ( Lee & Leu, 2011 ) S M 

Counting Grid (CG) ( Lovato et al., 2012 ) R B 

Multi-Criterion Fusion-based Recursive Feature Elimination (MCF-RFE) ( Yang & Mao, 2010 ) S B 

multiple-filter-multiple-wrapper (MFMW) ( Leung & Hung, 2008 ) S B 

ReliefF, mRMR and GA (R-m-GA) ( Shreem, Abdullah, Nazri & Alzaqebah, 2012 ) S B 

Stratified Random Forest (SRF) ( Ye et al., 2013 ) S M 

SVM-RFE with MRMR ( Mundra & Rajapakse, 2009 ) R B 
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e  
omplex gene expression of Leukemia dataset. Firstly, a technique is

sed to seek for the best training error cost for an individual class, and

lso, to treat data imbalance. Then, the random forest is employed to se-

ect the significant features and lastly, a strategy to prevent overfitting is

lso applied. The experimental outcome proved to be a very acceptable

esult. 

Ref. ( Shah, Marchand & Corbeil, 2011 ) proposed a Probably Ap-

roximately Correct (PAC) Bayes feature selection embedded in deci-

ion stumps and three other formulations based on different learning

rinciples. PAC-Bayes yields a viable classification performance and at

he same time using fewer significant features. 

Ref. ( Canul-Reich et al., 2012 ) presented an embedded gene selec-

or called iterative perturbation method (IFP). They applied it on four

ifferent Microarray datasets. The least significant features were deter-

ined by employing a backward elimination approach and a criterion,

hich rely on classifier performance of each feature when perturbed by

oise. A feature is considered significant if when adding noise produces

 great change in the classifier performance. The IFP algorithm results

howed similar or superior average class accuracy when compared to

he SVM-RFE on three out of the four datasets used. 

Ref. ( Wang, Song, Xu & Zhou, 2013 ) presented a First Order In-

uctive Learner (FOIL) Rule-based feature subset selection algorithm

FRFS). This technique in the first instance produces the FOIL classifi-

ation rules using a modified propositional implementation of the FOIL

lgorithm. It then merges the subset features that was obtained in the

ntecedents of rules and achieves a candidate feature subset that has

liminated redundant features and preserves the interactive and infor-

ative ones. In the last stage, it evaluates the significance of the features

n the selected feature subset by their new metric called Cover Ratio and

etects and eliminates the irrelevant features. 

.2.4. Hybrid techniques 

Today, the trend has moved away from using only typical FS tech-

iques (such as filters, wrappers and embedded) but now focusing on

ombinations of typical FS techniques such as hybrid or ensemble meth-

ds. Hybrid approaches typically combine two or more FS algorithms of

iverse conceptual origin serially (linear combination). 

The hybrid technique is a novel approach which tries to seek the

enefits of both filter and wrapper techniques. A hybrid method uses

he combination of independent test and performance estimation func-

ion of the feature subset. Hybrid approaches are appropriate for high-

imensional data (such as Microarray dataset) in order to reduce the

ime complexity of selecting relevant features from the dataset. The no-

ion behind the hybrid approach is that the filter approach is used to

emove irrelevant features (dimensionality reduction) from the original

ataset and aimed to attain a trade-off between the time complexity and

eature space size. Then, the wrapper technique is employed to find the

est features subset from the selected feature pool. This approach speeds
87 
p feature selection because the filter technique swiftly reduces the irrel-

vant features from the dataset. Advocates of hybrid techniques claim

hat the chance of removing fantastic predictors by filter approaches

s very low if the filter threshold point for a ranked list of features is

et low. Some common hybrid techniques include: Chi-Squared statis-

ics with Genetic Algorithm (GA) ( Lee & Leu, 2011 ), information gain

ith a novel memetic algorithm ( Zibakhsh & Abadeh, 2013 ), a novel

imilarity scheme with ABC ( Hancer, Xue, Karaboga & Zhang, 2015 ),

RMR with GA ( El Akadi, Amine, El Ouardighi & Aboutajdine, 2011 ),

ybridization of GA and SVM ( Li et al., 2005 ), correlation-based feature

election algorithm and genetic algorithm ( Nguyen & Rocke, 2002 ), t-

tatistics and GA ( Mitchell, 1997 ), principal component analysis (PCA)

nd Ant Colony Optimization (ACO) algorithm ( Nguyen & Rocke, 2002 ),

utual information and GA ( Narayanan, Keedwell & Olsson, 2002 ), chi-

quare approach and multi-objective optimization algorithm ( Nguyen &

ocke, 2002 ). Recently, discrete wavelet transform (DWT) and modified

enetic algorithm had been used by Saeid, Nossair and Saleh (2020) , En-

ropy and Signal-to-Noise Ratio (EnSNR) by Hengpraprohm and Jungjit

2020) . Also, ( Saqib, Qamar, Khan & Aslam, 2020 ) proposed an hybrid

f multiple filters and GA wrapper based approach (MF-GARF) which

mployed Random forest to compute fitness function of the features.

able 5 depicts a summary of other hybrid methods available in the

iterature. 

. Review of hybrid approach 

In recent times, many researchers proposed hybrid approaches tap-

ng the advantages of both filter and wrapper methods. 

Ref. ( Wang, Chu & Xie, 2007 ) presented a technique that involves

wo main steps of Microarray data analysis. In the first step, T-test and

lass Separability (CS) scoring were used for genes selection and the

econd stage involves classification of genes using Fine classifier. Di-

ide and conquer technique were employed to achieve better accuracy

erformance. They used two different datasets in this research, Lym-

homa Data and SRBCT Data. They employed a KNN algorithm to han-

le missing values in Microarray data. The best marker genes selected

ere passed one after the other to the classifier until better accuracy

as attained. Also, they compared the result they obtained with a KNN

nd SVM classifier. 

Ref. ( Rangasamy, 2009 ) developed a model that ranked the genes

ased on a classical statistical approach and two different learning algo-

ithms. The researchers utilized the datasets that contained two classes

ike Liver and Leukemia datasets, and the one that had more than two

lasses in the dataset such as Lymphoma. They used Analysis of Variance

ANOVA) and Linear Discriminant Analysis (LDA) for genes selection

nd SVM-one-against-all (SVM-OAA) and Radial Basis Function (RBF)

ernel-based on suitability of dataset type. The learning algorithm was

valuated utilizing all possible gene combinations and the optimal gene
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ombination was reported. Ref. ( Martín-Merino & De Las Rivas, 2009 )

mployed a Kernel Alignment KNN for cancer classification using gene

xpression profiles. The Kernel alignment KNN achieves better perfor-

ance when compared with other machine learning strategies and en-

ances the performance of classical KNN. 

Ref. ( Revathy & Amalraj, 2011 ) proposed a method that hybridizes

he enrichment score and SVM classifier for cancer classification in Mi-

roarray data. The dataset is randomly partitioned into train and test

ataset. The relevant genes were selected using a ranking approach and

hen the selected genes were passed into the classifier one after the

ther. But, if better accuracy was not achieved, the gene combination is

erformed on the ranked dataset. The report of their work shows that

he combination of SVM and enrichment score performed better than

VM with T-Score. 

Ref. ( Ghorai, Mukherjee, Sengupta & Dutta, 2010 ) developed a hy-

rid computer-aided diagnosis (CAD) framework based on filters and

rapper techniques for cancer classification using Microarray gene ex-

ression profiles. Minimum redundancy maximum relevance (MRMR)

anking algorithm was utilized for feature selection and wrapper tech-

ique based on nonparallel plane proximal classifier (NPPC) was applied

n selected genes to reduce the computational burden. 

Ref. ( El Akadi, Amine, El Ouardighi & Aboutajdine, 2011 ) presented

 framework that comprises of a two-stage feature selection approach

or Microarray data. The first stage involves the filtering of genes us-

ng Minimum Redundancy Maximum Relevance (MRMR). While GA is

sed in the second stage to generate the gene subsets and both Naïve

ayes (NB) and support vector machine (SVM) were employed for the

lassification and assessment analysis. 

Ref. ( Rajeswari & Reena, 2011 ) proposed an approach for tumor

ells identification. They used Support Vector Machine (SVM) and Fuzzy

eural Network (FNN) to solve the classification problem. Liver cancer

ataset was utilized to analyses the proposed method. Their results re-

ealed that the proposed method could diagnose cancer diseases con-

iderably when it was compared with the conservative procedures of a

ancer diagnosis. Fuzzy Neural network recorded performance accuracy

etween 92-96%. 

Ref. ( Sahu & Mishra, 2012 ) presented a novel hybrid feature selec-

ion method for high dimensional cancer Microarray dataset before per-

orming classification. The authors ranked the genes using the filter-

ng method of signal-to-noise ratio (SNR) score and optimization tech-

ique was carried out using Particle Swarm Optimization (PSO) for di-

ensionality reduction. K-nearest neighbor (KNN), Probabilistic Neu-

al Network (PNN) and Support vector machine (SVM) were utilized

s classifiers. PNN recorded 96% classification accuracy. Ref. ( Swathi,

abu, Sendhilkumar & Bhukya, 2012 ) designed default Adaptive Reso-

ance Theory (ART1) network model for breast cancer detection. This

odel consisted of three stages which included recognition, compari-

on and search phases. In their work, the Backpropagation algorithm

as applied to minimize the error and training of network architec-

ure. The experimental results revealed that ART1 was an efficient net-

ork in classifying cancer dataset. The model achieved better results

or unsupervised machine learning breast cancer datasets with 92% ac-

uracy. Ref. ( Dev, Dash, Dash & Swain, 2012 ) designed three differ-

nt algorithms for cancer tumor diagnosis. In this research work, Back-

ropagation network (BPN), Functional Link Artificial Neural Network

FLANN) and PSO-FLANN were employed for breast cancer classifica-

ion. In this work, the outcomes of the three classifiers were exam-

ned and compared. They reported 56.12% Classification rate for BPN

nd 63.34% FLANN, while PSOFLANN gave the best classification rate

f 92.36%. 

Ref. ( Abeer, Basma, El-Sayed & Abdel-Badeeh, 2013 ) developed dif-

erentially expressed genes (DEGs) in Microarray data with the aim of

uilding a reliable and robust classifier. A t-test was used for feature

election and KNN for machine learning classifier. The dataset used was

ymphoma dataset to achieve the DEGs and to analyze the influence of

hese on genes learning accuracy performance respectively. 
88 
Ref. ( Shreem, Abdullah & Nazri, 2014 ) applied a new approach of

ybridization that combines Harmony Search Algorithm (HSA) and the

arkov Blanket (MB), termed HSA-MB for gene selection in classifica-

ion tasks. HSA employs naive Baye’s classifier in its wrapper approach.

en different Microarray datasets were employed to perform the exper-

ments. The HSA-MB performance showed similar results with available

esults in the literature. 

Ref. ( Abeer & Basma, 2014 ) proposed a new fusion machine learn-

ng (ML) reduction method to improve the cancer classification accu-

acy of Microarray data using two different gene ranking methods: t -test

nd Class Separability (CS). They combined the genes ranking methods

ith two ML classifiers - KNN and SVM; to evaluate Microarray gene ex-

ression profiles. Four public cancer Microarray (Lymphoma, Leukemia,

RBCT, and Lung) datasets were utilized to measure the proposed ap-

roaches, and they succeeded in accomplishing their aim. The approach

f selecting genes only used for training samples and completely exclud-

ng the testing samples from the process of classifying was employed to

btain better performance and validate the results. The combination of

-test and SVM was reported to have produced higher classification accu-

acy compared to other combined approaches of (t-test + KNN, CS + SVM

nd CS + KNN), where they reported classifier accuracy of 100% using

eak ranked value of 2 and 3 genes from Lymphoma and SRBCT data

espectively. They also obtained 94.12% from Leukemia using 6 genes

s peak ranked value. Their results revealed that the proposed reduc-

ion approach reached favorable results of the number of genes comple-

ented to the learner classifiers at the same time with the accuracy of

he classifier. 

Ref. ( Alshamlan, Badr & Alohali, 2015 ) presented a new hybrid gene

election method called Genetic Bee Colony (GBC) algorithm, where a

ybrid of both Genetic Algorithm and Artificial Bee Colony (ABC) algo-

ithms were used. The GBC algorithm demonstrates the sign of having

 better performance as it attains very high classifier accuracy with the

mall size number of genes. 

Ref. ( Doreswamy & UmmeSalma, 2016 ) designed a Binary Bat Algo-

ithm (BBA) based Feedforward Neural Network (FNN) hybrid model.

he authors exploited the advantages of BBA and efficiency of FNN to

lassify three standard breast cancer datasets into malignant and benign

ases. In this work, BBA was utilized to produce a V-shaped hyperbolic

angent function for training the network and a fitness function was

mployed for error minimization. FNNBBA based classification yielded

2.61% accuracy rate for training data and 89.95% for testing data. 

Ref. ( Alomari et al., 2017 ) presented a hybrid gene selection of fil-

er technique - Minimum Redundancy Maximum Relevancy (MRMR)

nd a wrapper technique - Bat algorithm (BA) using Microarray dataset.

RMR was employed to discover the most significant genes from the en-

ire gene in gene expression dataset, and BA was used to search for the

ost informative gene subset from the reduced set produced by MRMR

hat aided in detecting cancers. The classifier method used was a sup-

ort vector machine (SVM) with 10-fold cross-validation which helped

n evaluating the BA. To reveal the performance accuracy of the pro-

osed method, three different Microarray datasets were used, which in-

lude: colon, Breast, and Ovarian cancer dataset. The same procedure

as carried out with Genetic algorithm (GA) to perform the compar-

son with MRMR-BA and the results revealed that their proposed ap-

roach was capable of finding the small size of gene subset with high

lassification rate. Table 6 presents a summary of other recent related

pproaches. 

. Open research issues 

In analyzing microarray dataset, researchers are posed with serious

hallenges of computational techniques, due to dimensionality nature

f data (few-samples with many features in thousands). Many classi-

al classification techniques usually have hitches in handling such hefty
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Table 6 

Summary of related approach. 

No. Author Year Title of Work Objective Method Used Conclusion Limitation 

1 Mao et al. ( Mao, 

Cai & Shao, 2013 ) 

2013 Selecting Significant Genes by 

Randomization Test for Cancer 

Classification Using Gene 

Expression Data 

Performance evaluation of 

different gene selection 

methods to determine the best 

approach among them. 

In this work, the authors employed 

Randomization test (RT) method to 

select the relevant genes and deal 

with gene expression data. A statistic 

derived of the regression coefficients 

in a series - partial least squares 

discriminant analysis (PLSDA) model 

is employed to evaluate the 

significance of the genes. 

The rationality of the results is 

validated by multiple linear 

regression (MLR) modelling 

and PCA by comparing the 

results obtained. The 

superiority of the method was 

proved by the author and 

therefore, suggested the 

method as an alternative tool 

for classification using the 

expression data. 

All datasets used were 

binary class data, the 

approach may not cope 

with multi-class dataset. 

2 Santosa et al. 

( Santos, Datia & 

Pato, 2014 ) 

2014 Ensemble feature ranking 

applied to medical data 

The study reported an 

ensemble FS method that can 

cope with large datasets. 

The authors used ensemble FS 

algorithms that consist of the 

following: InfoGain, Gain Ratio, 

Symmetrical Uncertainty and 

Chi-square. They evaluated selected 

features with SVM, Bagging using the 

RPART function (BAG), Random Forest 

(RF) and Na¨ı ve Bayes (NB) learning 

algorithms on KDD Cup 2008 -Breast 

Cancer dataset. 

They were able to developed 

ensemble FS by combining 5 

different Feature Ranking 

algorithms to select relevant 

feature for high dimensional 

data and their results showed 

a better classification models. 

Only breast dataset was 

used. 

3 Cao et al. ( Cao et 

al., 2015 ) 

2015 A Fast Gene Selection Method 

for Multi-Cancer Classification 

Using Multiple Support Vector 

Data Description 

The focus of the study was to 

use SVM as feature selection 

This paper presented a new fast 

feature selection approach based on 

multiple SVDD on the multi-class 

microarray data. Recursive feature 

elimination (RFE) algorithm was 

repeatedly used to eliminate 

irrelevant features. Their proposed 

approach was tagged multiple 

SVDD-RFE (MSVDD-RFE). They 

employed KNN and SVM classifiers to 

evaluate the performance of their 

approach. 

Based on the authors’ 

submission SVDD cannot 

withstand the challenges of 

multiple class dataset, since it 

only focuses on the target 

class. Also, it is consuming 

more time when it is used for 

gene selection. 

The result of the Lung 

Cancer dataset was 

unsatisfying and SVDD is 

time-consuming for gene 

selection. 

4 Bolón-Canedo et 

al. ( Bolón-Canedo, 

Sánchez-Maroño & 

Alonso-Betanzos, 

2015 ) 

2015 Distributed feature selection: 

An application to microarray 

data classification 

Deal with the subsets to yield 

a more balanced 

feature/sample ratio and avoid 

overfitting problems and also 

improve the performance of 

original feature selection 

techniques and reduce the 

computation time. 

Distributed filter approach was 

adopted with 5 different filter 

algorithms such as InfoGain, ReliefF, 

INTERACT, Consistency-based Filter, 

and CFS. They employed 4 classifiers 

(C4.5, K-NN, SVM and Naive Bayes) to 

evaluate the performance of their 

approaches. 

The most important advantage 

of the distributed approach 

utilized was that it greatly 

minimizes the execution time 

while still maintaining 

accuracy at reasonable levels, 

and sometimes even 

improving it. 

Test and Train datasets 

were selected randomly 

and the number is not 

uniform for all the 

datasets used. Also, Binary 

class datasets were used 

for the experiment. 

5 Mohammadi et al. 

( Mohammadi, 

Noghabi, Hodtani 

& Mashhadi, 2016 ) 

2016 Robust and stable gene 

selection via 

Maximum–Minimum 

Correntropy Criterion 

Maximum–Minimum 

Correntropy Criterion (MMCC) 

used for selection of 

informative genes from 

microarray datasets. 

Filter-based feature selection via 

Maximum–Minimum Correntropy 

Criterion and SVM with linear kernel 

as classifier was used with 25 

different datasets. Time, Accuracy and 

stability of feature selected were the 

metrics used for performance 

evaluation of the approach 

The results revealed that less 

than 10 genes among 

thousands of genes can 

possibly use to achieve 

significantly higher accuracy 

in cancer classification. 

The Author trade-off

accuracy performance with 

time and memory space. 

( continued on next page ) 
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Table 6 ( continued ) 

No. Author Year Title of Work Objective Method Used Conclusion Limitation 

6 Sharbaf et al. 

( Sharbaf, Mosafer 

& Moattar, 2016 ) 

2016 A Hybrid Gene Selection 

Approach for Microarray Data 

Classification Using Cellular 

Learning Automata and Ant 

Colony Optimization 

This study was designed to 

seek the smallest subset of 

biomarkers signify the present 

of disease efficiently. 

They employed Hybrid of Fisher 

criterion as filter approach and 

wrapper approach which is based on 

cellular learning automata (CLA) 

optimized with ant colony method 

(ACO). The performance was evaluated 

with K-nearest neighbour; support 

vector machine and naïve Bayes on 

four microarray data. 

The evaluations of the 

approach confirmed that the 

proposed approach select the 

smallest subset of genes that 

yielded maximum accuracy. 

Their experiment is 

time-consuming and only 

used ROC and Accuracy as 

the performance metrics. 

7 Gao et al. ( Gao, Ye, 

Lu & Huang, 2017 ) 

2017 Hybrid Method Based on 

information Gain and Support 

Vector Machine for Gene 

Selection in Cancer 

Classification 

This study was designed to 

employed hybrid of 

InfoGain-SVM as feature 

selection technique. 

They proposed a hybrid gene selection 

algorithm of Information 

Gain-Support Vector Machine 

(InfoGain-SVM). InfoGain was applied 

first, to filter irrelevant and redundant 

genes from the dataset. Then, further 

removal of redundant genes was done 

using SVM to remove the noise in the 

datasets in more effective way. Finally, 

LIBSVM classifier was used to evaluate 

the performance of the approach. 

IG-SVM achieved a 

classification accuracy of 

90.32% for colon cancer, which 

is difficult to be accurately 

classified, only based on three 

genes including CSRP1, MYL9, 

and GUCA2B 

Only Binary class dataset 

was used and the 

approach may not likely 

cope with the multi-class 

dataset. 

8 Passi et al. ( Passi, 

Nour & Jain, 2017 ) 

2017 Markov Blanket: Efficient 

Strategy for Feature Subset 

Selection Method for High 

Dimensional Microarray 

Cancer Datasets 

Comparison of Markov blanket 

model with other feature 

subset selection methods. 

In this work, two techniques were 

used. The first one is dependent on 

the Memetic Algorithm (MA), while 

the second one is dependent on 

MRMR for feature subset selection 

methods. Both techniques were 

hybridized with GA. Also, four 

common classifiers were employed 

(Lazy-nearest neighbour, linear SVM, 

Naïve Bayes, and AdaBoost ensemble) 

to evaluate both approaches. They 

compared the performance of both 

the techniques with Bayesian 

Network-based Markov Blanket for 

feature selection method and KNN 

classifier. 

The main contribution of this 

paper was to show the 

capability of the Bayesian 

network and Markov Blanket 

for feature subset selection 

and learning classification 

models. The outcomes of the 

experiment shown that the 

approach can build high 

quality and effective learning 

classification algorithms. 

Only Running time and 

Average test Error were 

used as performance 

metrics and the approach 

perform better only in 

binary class datasets. 

9 Dashtban and 

Balafar ( Dashtban 

& Balafar, 2017 ) 

2017 Gene Selection for Microarray 

Cancer Classification Using a 

New Evolutionary Method 

Employing Artificial 

Intelligence Concepts 

The purpose of this study is to 

develop hybrid of GA for 

feature selection. 

They proposed a new evolutionary 

approach based on genetic algorithms 

and artificial intelligence to select 

informative genes for cancer 

classification. A filter technique was 

applied first, to perform 

dimensionality reduction of feature 

space then, followed by applying an 

integer-coded genetic algorithm with 

dynamic-length genotype, intelligent 

parameter settings, and modified 

operators. Three classifiers -SVM, 

Naïve Bayes and KNN were employed 

to evaluate the performance of their 

proposed algorithm. 

Their approach practically 

explored the concept of 

random restart hill climbing to 

prevent biasness or wrong 

initializations by initiating the 

population of few individuals 

with randomly generated 

length. The proposed 

technique attained the best 

results when combine with 

Fisher score and SVM. 

Most of the dataset used 

have features that are less 

than 10,000 and there are 

lot of dissimilarity among 

the genes selected 

(stability is in question). 

( continued on next page ) 
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Table 6 ( continued ) 

No. Author Year Title of Work Objective Method Used Conclusion Limitation 

10 Dash ( Dash, 2017 ) 2017 A Two-Stage Grading 

Approach for Feature Selection 

and Classification of 

Microarray Data Using Pareto 

Based Feature Ranking 

Techniques: A Case Study 

Identify of a model that may 

not perform better in all the 

cases but must yield a better 

result consistently when 

comparing to majority of the 

models 

The author proposed a bi-objective 

ranked based Pareto front technique. 

Performances of the models are 

evaluated using three classifiers, such 

as ANN, NB and KNN. 

The model performance 

changes with the datasets and 

classifier. Thus a two-stage 

grading approach is used to 

obtain a superior optimization 

model. 

All the datasets used were 

binary Class and most of 

the datasets have features 

that are less than ten 

thousand. 

11 Ebrahimpour et al. 

( Ebrahimpour, 

Nezamabadi-Pour 

& Eftekhari, 2018 ) 

2018 CCFS: A Cooperating 

Coevolution Technique for 

Large Scale Feature Selection 

on Microarray Datasets 

Proposing a Cooperative 

Coevolving (CC) version of 

Binary Gravitational Search 

Algorithm (BGSA). 

The authors employed Cooperative 

Coevolving feature selection (CCFS) for 

feature selection and C4.5 and Naïve 

Baye as classifiers with six different 

microarray datasets 

The proposed approach can be 

applied on hefty datasets 

without any pre-processing 

and It converges to near-global 

optimum since Cooperative 

Coevolving approach to do the 

searches. 

All the datasets used were 

binary Class and 

redundancy data is not 

taken care of. 

12 Maldonado and 

L´opez ( Maldonado 

& López, 2018 ) 

2018 Dealing with high-dimensional 

class-imbalanced datasets: 

embedded feature selection 

for SVM classification 

The proposed method was 

designed to deal with 

class-imbalance and high 

dimensionality issues in 

machine learning. 

They presented embedded strategy 

penalizes cardinality of the feature set 

via the scaling factors technique, and 

used the approach with two SVM 

formulations (Cost-Sensitive SVM, and 

Support Vector Data Description) 

designed to solve the problem of 

class-imbalanced,. Their proposed 

concave formulations are solved 

through a Quasi-Newton update and 

Armijo line search. 

They suggested that KP-CSSVM 

is an outstanding alternative 

for feature selection and 

class-imbalance classification. 

Since the technique was 

designed to solve the 

class-imbalance problem and 

penalizes the use of features 

by fine-tuning the kernel 

width in repetitive process. 

AUC was the only metric 

used and datasets used 

were all binary Class data. 

13 Dashtbana et al. 

( Dashtbana, 

Mohammadali & 

Prashanth, 2018 ) 

2018 Gene Selection for Tumor 

Classification Using a Novel 

Bio-inspired Multiobjective 

Approach 

Design of multi-objective 

version of bat algorithm for 

binary variable selection, that 

incorporating social learning 

concepts in local search 

strategies 

They presented a hybrid approach 

using the Fisher criterion and the 

traditional Bat Algorithm with 

sophisticated formulations, effective 

multi-objective operators, and new 

local search strategies employing 

social learning ideas in manipulating 

random walks. The accuracy of 

selected subset was appraised using 

four different classifiers which include 

SVM, KNN, NB and Decision Tree (DT) 

Experimental results revealed 

that new combinations of 

predictive biomarkers have an 

association with other studies. 

Though, in prostate cancer 

dataset, the proposed 

approach attained a very good 

accuracy with a few number 

of genes. 

The performance of the 

SRBCT dataset is not too 

good because it is only 

multiclass dataset used for 

the experiment. 

14 Dash ( Dash, 2018 ) 2018 An Adaptive Harmony Search 

Approach for Gene Selection 

and Classification of High 

Dimensional Medical Data 

Design a hybrid of harmony 

search and Pareto 

Optimization to select the 

most relevant genes from the 

datasets. 

The author proposed a hybridized 

harmony search and Pareto 

optimization method for feature 

selection in high dimensional data 

classification problem. In the first 

stage, an adaptive harmony search 

algorithm is used for gene selection 

with probability distribution factor for 

optimal gene ranking. The selection 

approach is further refined and 

applying a bi-objective Pareto based 

feature selection technique to select 

an optimal minimum number of 

top-ranked genes. Four classifiers 

(ANN, KNN, NB and SVM) are used to 

evaluate the approach 

As the presence of relevant 

genes in selected features the 

classification error is 

minimizes, therefore, it is 

employed as a fitness function 

for feature evaluation. The 

classification results show that 

the performance of the 

proposed model with SVM 

classifier is better than that of 

the results obtained by using 

other classifiers. 

All datasets used were 

binary class. 
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ata. Also, there are other experimental impediments that make the mi-

roarray data analysis a fascinating domain. 

.1. Small sample size 

The most famous and focused problem that many researchers trying

o deal with in microarray data is centred on a few sample size (most

f the time less than 100). The main issue in this scenario is that er-

or estimation is greatly affected by small samples of data ( Dougherty,

001 ). Without proper estimation of error (selecting a robust algorithm),

he training classification algorithms tend to perform poorly which has

esulted in a large publication of uncorroborated scientific hypotheses

 Braga-Neto, 2007 ). For instance, it was reported by Ref. ( Michiels, Ko-

cielny & Hill, 2005 ) that when re-run experiment was conducted with

he seven famous published microarray data in order to predict cancer

atients, the studies showed that, five out of the seven datasets did not

lassify patients better. To solve this challenge, it is crucial to choose a

orrect validation method for computing the classification error. 

.2. Class imbalance 

Class imbalance is another common phenomenon in microarray data.

his situation arises when a dataset is prevailed by a major class as a re-

ult of having more instances than the other minority classes in the data

 He & Garcia, 2009 ; Sun, Wong & Kamel, 2009 ; López et al., 2013 ). Nor-

ally, most of the researchers usually have more curiosity for learning

are classes. For example, in the cancer domain, cancer class usually has

ewer numbers than the non-cancer class because ordinarily, the popu-

ation of healthy patients are more than cancer patients. In this situa-

ion, typical classification algorithms may tend to be biased toward the

lasses with the highest number of samples, since the classification rules

or predicting those high instances are favored positively in performance

ccuracy, while ignoring the predicting rules that predict minority class

amples and sometimes consider them as noise, since, classification algo-

ithms prefer more general rules. Thus, instances from minority class are

ften misclassified compared to those instances from the other classes

 Galar, Fernández, Barrenechea & Herrera, 2013 ). 

Though the hindrance in learning task is not caused by class imbal-

nce itself, it is due to some complications associated with this problem,

uch as a few sample size, as in the case of microarray data. Prominent

xamples of unbalanced microarray datasets are multiclass microarray

atasets. This challenge is very prominent when the imbalance in the

est set is more obvious than in the training set. 

The typical preprocessing approaches usually employed to overcome

his challenge are undersampling and oversampling techniques. The for-

er approach generates a subset from the original dataset by eliminating

ome instances belonging to major class; while the latter approach cre-

tes a superset by replicating some instances of the original dataset or

enerating new instances from original data. In some scenarios, a hybrid

f both techniques can be employed. One of the famously used resam-

ling methods is Synthetic Minority Oversampling Technique (SMOTE)

 Chawla, Bowyer, Hall & Kegelmeyer, 2002 ). It works by over-sampling

he minority class by introducing synthetic examples into each minority

lass sample along the segment lines that join all (or any) of the k minor-

ty class nearest neighbors. This technique was applied in Hambali and

bolagade (2016) , Lusa (2012) on microarray data, although Ref. ( Lusa,

012 ) identified that it does not mitigate the bias towards predicting the

ajority class for most classifiers. Recently, an ensemble of classifiers

as been in consideration for a promising solution to the class imbal-

nce problem, enticing great attention among researchers ( Galar, Fer-

ández, Barrenechea & Herrera, 2013 ; Galar et al., 2011 ), in many cases

oined with preprocessing methods such as SMOTE. Ensemble-based ap-

roaches have been established for enhancing the results obtained by us-

ng data preprocessing methods and training with a single classification

lgorithm ( Galar, Fernández, Barrenechea & Herrera, 2013 ). 
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.3. Data complexity 

Data complexity are current issues that measure the characteristics

f the data, considered to be problematic in classification tasks, such

s overlapping amidst the classes, the linearity of the decision mar-

ins (that is, their separability) ( SáEz, Luengo & Herrera, 2013 ; Ho &

asu, 2002 ). These measures were applied to gene expression analysis in

aeys, Inza and Larrañaga (2007) , Lorena, Costa, Spolaôr and De Souto

2012) . It was revealed that low complexity associates to small pre-

iction error. Precisely, the class overlapping measurement, such as F1

maximum Fisher’s discriminant ratio) ( SáEz, Luengo & Herrera, 2013 ),

easures the efficacy of an individual feature dimension in distinguish-

ng between the classes. They investigated the weighted values’ range

nd spread of the dataset within each class and seek for overlapping

mong different classes. 

.4. Dataset shift 

Dataset shift takes place as a result of dividing original datasets into

raining and test sets. This arises when the holdout (test set) data ex-

erience a situation where the class distribution of inputs and outputs

aries between training and test phases ( Moreno-Torres, Sáez & Her-

era, 2012 ). As a result, the common notion that the training and test

ata contain identical distributions is usually violated in the real-world

cenarios, which could hamper the process of gene selection and clas-

ification. For instance, Leukemia ( Golub et al., 1999 ), Lung ( Gordon

t al., 2002 ) and Prostate ( Singh et al., 2002 ) datasets come with dif-

erent training and test sets. In Lung dataset, there is a vast disparity in

he distribution of classes, 50–50% in the training set and 90–10% in

he test set. The machine learning algorithms usually encounter a lot of

hallenges in dealing with Prostate dataset because the test and training

atasets were extracted from a different experiment; the test data has an

pproximately 10-fold dissimilarity in overall microarray intensity from

he training data ( Bolón-Canedo, Sánchez-Maroño & Alonso-Betanzos,

010 ). The test distribution is 26–74% which is significantly different

rom the distribution of train data which is 49–51% and with unsuitable

eature selection algorithms, certain classifiers just allot all the samples

o one of the classes ( Bolón-Canedo et al., 2014 ; Bolón-Canedo, Sánchez-

aroño & Alonso-Betanzos, 2010 ). Dataset shift may also occur when

pplying a cross-validation approach, which splits the entire training set

nto different subsets of data ( Moreno-Torres, Sáez & Herrera, 2012 ). 

.5. Outliers 

One of the neglected vital aspects that has not gained much attention

n the literature is the detection of outliers ( Hardin & Rocke, 2004 ) in

icroarray data. In microarray, there are some datasets whose samples

re wrongly labeled or recognized as probable considered to be con-

aminated, which in fact should be tagged as outliers. Since, they have

 negative effect, on the selection of informative genes from the sam-

le. Ref. ( Kadota, Tominaga, Akiyama & Takahashi, 2003 ) developed a

ethod that detected some outlying samples in Colon dataset. Hence,

nalysis of samples for detection of outliers ought to be considered as

 pre-processing phase in the microarray datasets classification, since

hey may have an undesirable effect on the feature selection and as well

s on the final classification ( Navarro & Muñoz, 2009 ). 

.6. Difference characteristic with the same name 

There are lots of microarray data available in a different repository

ith the same name but with a different number of classes, features

nd instances (samples). For example, Lung dataset in Garber et al.

2001) has 52 instances with 918 features, in Gordon et al. (2002) ,

heir Lung data contains 181 samples with 12,533 features while the

ame Lung data in Shedden et al. (2008) has 410 samples and 2,428

eatures. Also, the same dataset in Zhu, Ong and Dash (2007) , contains
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03 samples with 12,600 features. All the first three datasets are binary

lass while the last data has 5 different classes. This situation makes it

ifficult to be able to compare or have a standard measure for different

icroarray experiment analysis. If the information about the composi-

ion of the dataset is not carefully looked into, it may result into publi-

ation of uncorroborated scientific hypotheses as a result of comparing

ifferent datasets with the assumption that they are the same. 

. Conclusion 

This study reviews recent and up-to-date contributions to feature se-

ection techniques in cancer Microarray data. The importance of feature

election as a vital pre-processing tool which is not only limited to the

eduction in the input number of features but also reduces the compu-

ational time and memory; help in augmenting classification accuracy

nd lot more was presented. The advent of DNA microarray data has

osed a lot of challenges to machine learning research, due to its nature

f large dimensional feature with few sample size. Apart from the no-

iceable drawback of having too many features for a number of small

amples, researchers also have to cater for unbalanced classes that char-

cterize the data, testing and training datasets extracted under different

ituations, the presence of outliers (dataset shift). With all these rea-

ons, new techniques keep on emerging every year, not only limited to

he intention of improving previous approaches classification accuracy

esults but also attempt to aid biologists to detect and understand the

undamental mechanism that connects the gene expression to diseases. 

Copious and successful efforts have been employed in the past few

ears to utilize feature selection to solve these problems, which primar-

ly can be divided into three main techniques; filter, wrapper and em-

edded approaches. Filter approaches are the most employed methods

ecause of the great computational resources required by these datasets;

rapper and embedded approaches have tactically been avoided. The

irections of researches on feature selection are going toward hybrid fea-

ure selection techniques. These methods have demonstrated improve-

ent in robustness of the selected genes and subsequently enhance bet-

er performance accuracy of the cancer classification model. Further-

ore, it also indicates an intensive drive toward applying feature selec-

ion in the combination of heterogeneous data source such as integration

f genomic and proteomic or microarray and clinical data, instead of an-

lyzing cancer classification in a separate experiment, which can expose

he significance of biological information. 
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