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Abstract
Achieving a 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 classifica-
tion task, most importantly in heterogeneous multimedia data. One of the major draw-
backs in cancer study is recognizing informative genes from thousands of available genes
in microarray data. Traditional feature selection algorithms have failed to scale on large
space data like microarray data. Therefore, an effective feature selection algorithm is
required to explore the most significant subset of genes by removing non-predictive genes
from the dataset without compromising the accuracy of the classification algorithm. The
study proposed an information Gain –Modified Bat Algorithm (InfoGain-MBA) features
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selection model for selecting relevant and informative features from high dimensional
Microarray cancer datasets and evaluate the approach with four classifiers - C4.5,
Decision Tree, Random Forest and classification and regression tree (CART). The results
obtained show that the proposed approach is promising for the classification of microar-
ray cancer data. The random forest has 100% accuracy with few genes in all seven
datasets used. Further investigations were also conducted to determine the optimal
threshold for each of the datasets.

Keywords Feature selection . Binary bat algorithm . Information gain . Cancer classification .

Microarray data . Random forest . Computational optimization

1 Introduction

In the last few decades, diagnosis and detection of cancer diseases were based on a thorough
inspection of the organs where the tumour was developed. This sometimes may cause physical
exhaustion and histopathological assessments of the tissues that harbour cancer. However,
feasible diagnoses can only be carried out either by laboratory tests that are too expensive to
bear or by surgical operations which risk the life of the patients [72]. In most situations, test
results such as autopsy can only be available after certain periods. This result in delaying
timely detection or diagnosis of cancer. With the emergence of Deoxyribonucleic Acid (DNA)
Microarray technology in the last few years has presented a drastically changes in cancer
research. With this recent innovation, analysis of several thousands of gene expressions can be
carried out simultaneously at once and relate their pattern of expressions to clinical phenotypes
[30, 37]. With this study, it is easy to identify cell patterns of expressions that can distinguish
between infected (cancer) cells and uninfected (normal) cells. Therefore, it eases the task of
predicting cancer without patients experience stress related to the examination of the organs or
surgical and minimize the cost of laboratory tests.

Microarray data are commonly used in cancer researches nowadays where an early cancer
diagnosis is required in determining the nature of treatment and its survivability [65]. Micro-
array Technology helps biologists in investigating the activity of thousands of genes in a single
experiment and acquires vital information about cell’s functionality. This explicit information
can be employed for the detection of numerous diseases for instance Alzheimer’s disease [52],
diabetes diseases and cancer diseases [3, 29, 30, 32]. The gene expression data can be created
from this technology, which is very germane for cancer prediction and classification. Never-
theless, gene expression data were characterized by high dimensionality data which are
irrelevant, redundant, and noisy genes that are of no importance to the diagnosis of diseases.
Huge amount of genes (features) versus few sample size, and the presence of redundancy in
data expression are the major reasons that usually result in poor diagnosis and classification, in
machine learning and data mining approaches employed in the field of medicine [5, 72]. In
recent times, researchers had employed computational intelligence algorithms to investigate
the most informative genes that contribute to cancer diagnosis [3].

Numerous literature has revealed that some of the genes present in DNA Microarray
datasets are not pertinent to the correct diagnosis of different diseases [3, 30, 61, 66]. To
circumvent the hitches of the ‘curse of dimensionality’, feature selection, which is sometimes
called gene selection, is the technique employed to seek the most informative genes that can
augment diagnosis and predictive accuracy of diseases [3, 29, 30]. Dimensionality reduction
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can be accomplished in many ways. But, the choice of selecting the appropriate dimensionality
reduction method is determined by the domain application and the peculiarity of the dataset.
Feature selection techniques are categorized majorly into four (4) approaches, namely; filter,
wrapper, embedded and hybrid approaches [72]. The selection of features in filter algorithms is
done by using individual characteristic features. Wrapper approaches employ a certain ma-
chine learning algorithm or evolutionary approaches to select subset features. The filter
methods are characterized by very fast computation and low accuracy while wrapper ap-
proaches tend to have better accuracy performance with less computation rate. In a domain
with large datasets, filter-based methods have been established to be the best choice than
wrapper methods due to their speed. A mutual drawback of the two methods is that both
approaches disregard interaction between the classifier and the dependence among features.
This may result in diverse classification accuracy when features selected are subjected to
different classification algorithms. Embedded approaches, on the other hand, make use of
specific learning algorithms. Embedded methods have the superiority advantage of interacting
with the classification algorithm; while at the same time have lower computational costs
compared to wrapper methods [72].

In data mining, machine learning, medical field and pattern recognition, gene (feature)
selection has become a prominent research topic [67]. Feature selection is regarded as a non-
deterministic polynomial (NP) hard problem since the growth of search space increase
exponentially with the number of genes (2N) present, where N signifies the number of features
[67]. Furthermore, there are challenges in exploring the optimal solution from a vast number of
possible solutions, because searching for the entire solution space requires a great computa-
tional accomplishment that entails an extreme quantity of computational time and cost [11].
Hence, this may not guarantee that the best subset of genes will be achieved. Moreover, due to
the huge number of locally optimal solutions in a search space, classical methods of genes
selection may not yield the best solution [35]. Therefore, Meta-heuristic techniques are the apt
method of finding the optimal solution from the vast search space to achieve a noble solution
without traversing the entire space of solutions. Several Meta-heuristic methods have been
widely employed to deal with gene selection problems, and they have a record of better
performance and effectiveness in addressing the problems [33, 67]. However, the Microarray
data problem is not limited to the dimensionality issue alone but is also associated with
redundancy and noise. Hence, a proficient gene selection algorithm is required to explore
the best significant subset of genes by removing redundant or non-predictive genes from the
dataset without compromising the accuracy of the learning algorithm.

Zhang et al. [9] performed feature selection using binary Bare Bones Particle Swarm
Optimization algorithm (binary BPSO). Kabir et al. [33] employed a hybrid of Ant Colony
Algorithm (ACO) for feature selection. Their approach not only emphasizes the selection of
features alone at the same time attained a significant reduction in the number of features. Vieira
et al. [73] designed some mechanisms for the BPSO to be able to deal with the problem of
premature convergence and then proposed a Modified BPSO (MBPSO) algorithm for the
feature selection. Forsati et al. [20] presented a new variant of ACO for feature selection and
named it enriched Ant Colony Optimization (RACO). Also, Osama et al. [3] used a hybrid of
Bat Algorithm and Minimum Redundancy Maximum Relevancy (MRMR) for feature
selection.

In this study, InfoGain-MBA is proposed for selecting informative features from high
dimensional Microarray cancer datasets to remove redundant and non-predictive genes from
the Microarray cancer datasets and at the same time solve the problem of class imbalance in
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the datasets without eliminating important genes that help in improving accuracy performance.
Modification of BBA is done using Random forest as the fitness function, to make the
algorithm robust for the selection of efficient genes in multiclass microarray data. Also, the
proposed approach established the optimal threshold for all the datasets used.

The remaining part of this paper is organized as follows: Section 2 briefly reviews related
approaches in the literature; followed by Section 3, which focuses on methods and materials
used in this study. The section gives a brief description of performance metrics used, while
section 5 presents the results and discussion. Finally, Section 6 concludes the paper.

2 Related works

Nature is a combination of inspiration and motivation. Researchers and computer scientists are
motivated by nature and are trying to proffer solutions to numerous problems by observing
nature. Nature-inspired algorithms proposed for providing solutions to multifaceted and hefty
combinatorial problems such as Ant Colony Optimization (ACO), Genetic Algorithm (GA),
Particle Swarm Optimization (PSO) and Simulated Annealing (SA) are at the leading research
areas in feature subset selection [21, 40, 45, 53]. These approaches proficiently eliminate
feature redundancy and interaction and without involving the obstructive monotonicity as-
sumption. Though, these approaches are computationally costly. Besides Artificial Neural
Network (ANN), many Bio-inspired algorithms such as ACO, Bee Colony Optimization
(BCO), Particle Swarm Optimization (PSO) and many others algorithms were designed mainly
to proffer solutions to optimization problems. However, they are now extended to solve
diverse problems. Bat algorithm is one of the Bio-inspired algorithms that has been employed
in diverse applications [78]. Gandomi et al. [22] proposed a simple Bat algorithm to solve
constrained based optimization problems. A new hybrid algorithm was built for global
numerical optimization by using the Bat algorithm and Harmonic Search (HS) [74]. Bat
algorithm was also used in solving optimization problems in the field of engineering [77].
Bat algorithm was employed to select features from numerous digital data sets for the first time
in the literature [47]. Rodrigues et al., [60] presented a combination of the Optimum-path
forest technique and Bat algorithm to select the features using a wrapper approach. Steadily,
from the process of offering solutions to the optimization problem and feature selection, the
focus of research shifts towards classification and clustering problems. Meta-heuristic Bat
algorithm was used to classify Microarray data in [43]. Bat algorithm was also employed for
clustering by combining traditional K-means clustering with a simple Bat algorithm [71].

In recent times, many researchers proposed hybrid approaches taping the benefits of both
filter and wrapper feature selection techniques. Some common cases of hybrid algorithms
found in the literature include correlation-based feature selection algorithm and genetic
algorithm [49], t-statistics and GA [44], Principal Component Analysis (PCA) and ACO
algorithm [50], mutual information and GA [48], Chi-Square approach and multi-objective
optimization algorithm [50].

Osama et al. [3] presented a hybrid gene selection of filter technique - MRMR and a
wrapper technique - BA using Microarray dataset. MRMR was employed to discover the most
significant genes from the entire gene in the Microarray dataset, and the Bat algorithm was
used to search for the most relevant feature subset from the reduced set produced by MRMR
that aided in detecting cancers. The classifier approach used was a Support Vector Machine
(SVM) with 10-fold cross-validation which helped in evaluating the Bat algorithm. To reveal
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the performance accuracy of the proposed method, three different Microarray datasets were
considered, which include: Breast, Colon and Ovarian cancer datasets. The same process was
carried out with GA to perform the comparison with MRMR- Bat algorithm and the outcomes
of their experiment revealed that their proposed method was able of finding the small size of
gene subset with a high classification rate. An average of 18.6 genes from Breast data yielded
88.6% accuracy, 3.83 genes from Ovarian data yielded 100% accuracy while 8.13 genes from
Colon data yielded 93.12% accuracy.

Doreswamy & UmmeSalma [16] designed a Binary Bat Algorithm (BBA) based on
Feedforward Neural Network (FNN) hybrid model. The authors exploited the benefits of
BBA and the efficiency of FNN to classify three standard breast cancer datasets into normal
and diseased cases. In this work, BBA was utilized to produce a V-shaped hyperbolic tangent
function for training the network and a fitness function was employed for error minimization.
FNNBBA based approach yielded 92.61% accuracy rate for the training set and 89.95% for
the testing set.

Alshamlan et al. [4] presented a hybrid feature selection technique called Genetic Bee
Colony (GBC) algorithm, where a hybrid of both Genetic Algorithm and Artificial Bee Colony
(ABC) algorithms were used. The GBC algorithm demonstrates the sign of having a better
performance as it attains very high classifier accuracy with the small size number of genes.
Their proposed method yielded 98.38% classification accuracy with 10 genes from Colon data,
100% accuracy rate with 4 genes from Leukemia1, 100% accuracy rate with 4 genes from
Lung data, 100% classification accuracy with 6 genes from SBRCT data and 100% classifi-
cation accuracy with 4 genes from Lymphoma data.

Shreem et al. [67] applied a new approach of hybridization that combines Harmony Search
Algorithm (HSA) and the Markov Blanket (MB), termed HSA-MB for feature selection in
classification tasks. HSA employs Naive Baye’s classifier in its wrapper approach. Ten
different Microarray datasets were employed to perform the experiments. The HSA-MB
performance showed that the proposed approach yield 99.34% classification accuracy with 5
genes from ALL-AML data, 99.18% classification accuracy with 5.84 genes from ALL-AML-
3C data, 84.17% classification accuracy with 7.43 genes from CNS data and 99.55% classi-
fication accuracy with 6.60 genes from MLL data.

Abeer & Basma [38] proposed a new fusion machine learning (ML) reduction method to
improve the cancer diagnosis accuracy of Microarray data using two different gene ranking
methods: t-test and Class Separability (CS). They combined the genes ranking methods with
two ML classifiers – K-Nearest Neighbor (KNN) and SVM; to evaluate Microarray datasets.
Four public cancer datasets - Lymphoma, Leukemia, SRBCT and Lung, were utilized to
measure the proposed approaches, and they succeeded in accomplishing their aim. The
combination of t-test and SVM was reported to have produced higher classification accuracy
compared to other combination approaches of t-test and KNN, CS and SVM, and CS and
KNN, where they reported classifier accuracy of 100% using peak ranked value of 2 and 3
genes from Lymphoma and SRBCT datasets respectively. They also obtained 94.12% from
Leukemia using 6 genes as peak ranked value. Their results revealed that the proposed
technique yielded favourable results by selecting a fewer number of genes complemented
with the better accuracy of the classifiers.

Abeer et al. [1] developed Differentially Expressed Genes (DEGs) in Microarray data to
build a reliable and robust classifier. A t-test was used for gene selection and KNN for the
machine learning classifier. The dataset used was the Lymphoma dataset to achieve the DEGs
and to analyse the influence of these on genes learning accuracy performance respectively.
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Sahu &Mishra [62] presented a novel hybrid feature selection method for high dimensional
cancer Microarray dataset before performing classification. The authors ranked the genes using
the filtering method of Signal-to-Noise Ratio (SNR) score and the optimization technique was
carried out using PSO for dimensionality reduction. KNN, Probabilistic Neural Network
(PNN) and SVM were utilized as classifiers. PNN recorded 96%, 96.34%, 87.32% and
98.12% classification accuracy from Leukemia, Colon, DLBCL and Breast cancer datasets
respectively.

Swathi et al. [70] designed the default Adaptive Resonance Theory (ART1) network model
for breast cancer detection. This model consisted of three stages which included recognition,
comparison and search phases. In their work, the Backpropagation algorithm was applied to
minimize the error and training of network architecture. The experimental results revealed that
ART1 was an efficient network in classifying cancer datasets. The model achieved better
results for the unsupervised machine learning breast cancer dataset with 92% accuracy.

Dev et al. [14] designed three different algorithms for cancer tumour diagnosis. In this
research work, Backpropagation Network (BPN), Functional Link Artificial Neural Network
(FLANN) and PSO-FLANN were employed for the classification of breast cancer. In their
work, they examined and compared the outcomes of the three classifiers. They reported
56.12% Classification rate for BPN and 63.34% FLANN, while PSOFLANN gave the best
classification rate of 92.36%.

El Akadi et al. [18] presented a proposal that comprises a two-stage feature selection
approach for Microarray data. The first phase involves the filtering of genes using MRMR.
While GA is used in the second stage to select the best gene subsets. Naïve Bayes (NB) and
SVM were employed for the classification and assessment analysis. The best results obtained
from their study showed that the top 15 genes from Lymphoma yield 100% classification
accuracy, 97.26% classification accuracy from Lung data and 100% classification accuracy
from Leukemia data.

Rajeswari & Sophia [56] proposed an approach for tumour cells identification. They used
SVM and Fuzzy Neural Network (FNN) to solve the classification task. The liver cancer
dataset was utilized to analyse the proposed approach. Their results revealed that the proposed
technique could diagnose cancer diseases considerably when it was compared with the
conservative procedures of a cancer diagnosis. FNN recorded performance accuracy between
92 and 96%.

Ghorai et al. [25] developed a hybrid of filters and wrapper Computer-Aided Diagnosis
(CAD) for cancer classification using Microarray gene expression profiles. MRMR ranking
algorithm was utilized for gene selection and wrapper technique based on Nonparallel Plane
Proximal Classifier (NPPC) was applied on selected genes to reduce the computational burden.
Their results showed that 12 genes from ALL-AML data attained 96.56% classification
accuracy and also, 9 genes from Lung data yielded 99.44% classification accuracy.

Revathy & Amalraj [59] proposed a method that hybridizes the enrichment score and
SVM classifier for the Microarray cancer classification task. The Lymphoma dataset used
is randomly partitioned into train and test datasets. The relevant genes were selected
using a ranking approach and then passed selected genes into the classifier one after the
other. But, if better accuracy was not achieved, the gene combination is performed on the
ranked dataset. The report of their work showed that the combination of SVM and
enrichment score performed better than SVM with T-Score. With 5 genes, SVM and
enrichment score and SVM with T-Score yielded 99.5% and 97% classification accuracy
respectively.
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Rangasamy & Venketraman [58] developed a model that ranked the genes using classical
statistical approach and two different learning algorithms. The researchers utilized the datasets
that contained two classes like Liver and Leukemia datasets, and the one that had more than
two classes in the dataset such as Lymphoma. They used Analysis of Variance (ANOVA) and
Linear Discriminant Analysis (LDA) for genes selection and SVM-One-Against-All (SVM-
OAA) and Radial Basis Function (RBF) Kernel-based on the suitability of dataset type. The
learning algorithm was evaluated utilizing all possible combination of genes and the report of
optimal genes combination were recorded. Their results showed that SVM-OAA yield average
testing accuracy of 99.39% and while LDA: SVM-OAA yield 98.72% average testing
accuracy.

Mart’ın-Merino & De Las Rivas [41] employed a Kernel Alignment KNN for cancer
detection using gene expression profiles data. The Kernel alignment KNN achieves better
performance and enhances the performance of classical KNN.

Wang et al. [75] presented a technique that involves two main steps of Microarray data
analysis. In the first step, T-test and Class Separability (CS) scoring were used for genes
selection and Fine classifier were used in the second stage which is gene classification. The
divide and conquer technique was employed to achieve better accuracy performance. They
used two different datasets in this research, Lymphoma Data and SRBCT Data. They
employed an FNN technique to handle missing values in Microarray data. The best marker
genes selected were passed one after the other to the classifier until better accuracy of 95% was
attained with 3 genes from SRBCT. Also, they compared the result they obtained with FNN
and SVM classifiers.

From the literature review, it has been established that Microarray data are characterized
with challenges of irrelevant, high dimensional and redundant features. To select relevant and
informative genes from these features is usually a herculean task, a lot of statistical and
machine learning approaches had been proposed and utilized. The meta-heuristic or bio-
inspired approach is not left out of the methods used in the past. In this research, Modification
of BA was done using Random forest as the fitness function, in order to make the BA robust
for the selection of informative genes in multiclass microarray data and also, establish the
optimal threshold for each of the datasets used for this research work.

3 Material and methods

The methodology for this study is summarized in the conceptual framework shown in Fig. 1.

3.1 Datasets

Microarray dataset is typically denoted as M by N matrix, where N is columns (the
corresponding gene expressions) and M is rows (the number of experimental samples). A
brief summary of the datasets used for this work is shown in Table 1. The performance
evaluation of the proposed method was done by performing experiments on selected 7
Microarray cancer datasets with different sizes of sample, features, and classes. The
selected datasets comprise both binary and multiclass data which were characterized with
the problems of class imbalance, missing value and dataset shift. The reason for including
multiclass datasets is because the classification tasks are more complex. These datasets are
available online [79].
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3.2 Data pre-processing

Data pre-processing is the first crucial task after the selection of suitable datasets. This
stage is very vital to treat the data that contain missing values. The reason is due to the
decision trees algorithm proposed at the classification stage did not work with a dataset
with missing values, therefore, the datasets were first treated to take care of missing
values it contained.

In the pre-processing phase, the missing values in the whole dataset are recovered through
the process called imputation. Imputation is a process of replacing the missing values in the
dataset with various feasible values. Imputed values are reliable as the real observed data.
Imputation with a mean approach was adopted to treat the missing value in this work.
Substituting the mean for missing values is one of the common approaches and usually, gives

Fig. 1 Conceptual framework

Table 1 Datasets summary

Datasets #Gene #Instance #Class

1 Lung Cancer 12,600 203 5
2 Ovarian Cancer 15,154 253 2
3 Leukemia_3c 7129 72 3
4 Leukemia_4c 7129 72 4
5 Lymphoma 4026 66 3
6 MLL 12,582 72 3
7 SRBCT 2308 83 4
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satisfactory results. This approach was done by computing the mean of each column that
contains the missing value and then assigned the computed mean to the missing value.

3.3 Filter stage

In this stage, each of the datasets was subjected to InfoGain-MBA to select relevant and
informative features from the original datasets. A single feature may be considered irrelevant if
treated in isolation, but when combinedwith other features it becomes a significant feature. This is
due to the existence of interactions between features. In this study, instead of dealing with all
single features as independent, the proposed methodology deal with feature subsets based on
feature interdependency that prevents accidental elimination of relevant features that can result in
the loss of useful information and at the same time resulted in poor diagnosis performance.

3.3.1 Information gain

Information gain (InfoGain) is one of the prominent attribute evaluation techniques. It is a
univariate filter technique that offers an ordered ranking of all the features and selects based on
the specified threshold [28]. InfoGain measures the number of information gain from the class
prediction by the presence or absence of the informative genes in a dataset. The entire range of
data expression of the gene j is initially divided into two regions based on the specified
threshold. The region with expression values lower than the threshold is labelled as region 1,
and the other as region 2. Let nvm be the number of the expression values of gene j in region m,
and let ikm be the number of instances with class k in region m. Then, the InfoGain of gene j is
computed as shown in Eq. 1.

Gain j ¼ ∑1
k¼0∑

2
m¼1

ikm
N

log2
ikm
nvm

−∑1
k¼0

ik1 þ ik2
N

log2
ik1 þ ik2

N
ð1Þ

A gene with a high InfoGain indicates that the gene has more information to minimize the
uncertainty in classification. In this study, the selection threshold of InfoGain was set to top
40%, 60% and 80% in all the datasets.

3.3.2 Bat algorithm

The concept of the Binary Bat Algorithm (BBA) cannot be comprehended except to firstly
discuss the original bat algorithm. Bats are captivating creatures that possess a robust sound
propagation technique known as Bio-Sonar. Bio-sonar, also called echolocation, is used while
searching for food and/or navigating through the obstacles in the dark. Echolocation is a kind
of phenomenon that describes how animals use their sound for ranging. Microbat is one of the
animals that mostly use echolocation features. They send out a loud and short pulse of sound,
waiting for the fraction of time till it hits into an object, and the echo reflects back to their ears
[26, 47]. Hence, bats can determine their distance from an object [42]. Apart from this, bats use
this amazing phenomenon to be able to differentiate between an obstacle and food and this
gives them the chance to search for food in absolute darkness [63]. This feature of microbats’
echolocation has fascinated the attention of many scholars from various fields. Based on this
characteristic of microbats behaviour, Yang [76] has designed a novel and fascinating Meta-
heuristic optimization technique named Bat algorithm. This technique was designed to mimic
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the group of bats chasing target - foods employing the aptitude of their echolocation. To model
this behaviour mathematically, Yang [76] has formulated some rubrics as follows:

1) All bats utilize echolocation to determine their location, and also use it to differentiate
between food/prey and obstacle barriers in a marvelous way;

2) A bat bi flies arbitrarily with velocity V at position D with a fixed frequency Fmin, adjust
wavelength λ and loudness L0 to hunt for food. They regularly vary the wavelength (or
frequency) of the sound produced and regulate the rate of pulse emissionR ∈ [0, 1], based
on the closeness to their target;

3) Though the loudness can be adjusted in different manners, Yang [76] assumes that the
loudness fluctuates from a high positive L0 value to a least constant Lmin value.

The search space in the Bat algorithm can be explored through varying positions and velocity
vectors. Each bat bi can be defined with its position Di, frequency F i, and Velocity V i in a d-
dimensional search space. These vector parameters are updated as in Eq. 2, Eq. 3 and Eq. 4.

V i t þ 1ð Þ ¼ V i tð Þ þ Di tð Þ−Gbð ÞF i ð2Þ

Di t þ 1ð Þ ¼ Di tð Þ þ V i t þ 1ð Þ ð3Þ
where t is time, Gb is the best solution attained so far and F i denotes the frequency of the i-th
bat, which is constantly updating in the course of iteration as denoted in Eq. 4:

F i ¼ Fmin þ Fmax−Fminð Þφ ð4Þ

where φ is a uniform distribution random number in [0, 1]. The Bat algorithm used a random
pace to enhance its ability to search as in Eq. 5.

Dnew ¼ Dold þ εLt ð5Þ
where ϵ is a random number in [−1, 1], and Lt is the average peak loudness of sound emitted
from all bats at iteration t. For each iteration, the loudness and pulse emission i are updated as
in Eq. 6 and Eq. 7:

Li t þ 1ð Þ ¼ ∝Li tð Þ ð6Þ

Ri t þ 1ð Þ ¼ Ri 0ð Þ þ 1−e −τtð Þ
h i

ð7Þ

where α and τ are constant values which lie between 0 and 1 employed to update loudness rate
Li and pulse rate (Ri). The pseudo-code of the BA is shown in Algorithm 1

3.4 Binary bat algorithm

In an incessant version of the Bat algorithm, the artificial bat navigates around in searching for
a space to update its position and velocity vectors within the continuous real domain, though,
to deal with binary search space where the vector position or solution is in a sequence of 0’s
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and 1’s binary bits. Since the binary search space deals with only two numbers of 0 and 1,
performing the positions update process may not be achieve using Eq. 3. Hence, a transfor-
mation approach needs to be established to mirror the change in velocity vector values and the
components of position vector from’0′ to ‘1’ or vice versa.

Nakamura et al. [47] have presented a binary version of the Bat algorithm limiting the new
bat’s position by a sigmoid function to only binary values as shown in Eq. 8.

S V j
i

� � ¼ 1

1þ e−V i
ð8Þ

So, substitute Eq. 4 with Eq. 9

Dj
i ¼ 1; if S V j

i

� �
> σ;

0; otherwise;

�
ð9Þ

where σ ~ U(0,1). Hence, Eq. 8 can yield binary values only for each bat’s coordinates in the
Boolean lattice, which indicate that features are selected or discarded.

Algorithm 1: Pseudocode of bat algorithm [76]

Initialize the bat population: Di i

Define pulse frequency i

Initialize pulse rate i and the loudness Li

While (t < Max number of iterations)

Generate new solutions by adjusting frequency,

Updating velocities and positions [equations (2) to (5)]

If (rand > i)

Select a solution among the best solutions randomly

Generate a local solution around the selected best solution

End if

Generate a new solution by flying randomly

If( rand < Li & f(Di) < f( b)

Accept the new solutions

Increase i and reduce Li

End if

Rank the bats and find the current b

End while
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3.4.1 Description of the proposed modified binary bat algorithm

There is a high tendency for Bat algorithm based feature selection to trap into local optima
during the process. Hence, this motivates the design of MBA which used a global search
approach with some additional techniques, targeting at enhancing the outcomes of Bat
algorithm for feature selection. The details of the proposed MBBA for feature selection is
given as follows.

3.4.2 Encoding and fitness functions

In MBA, binary string is used to encode each bat in the population and the string length is
determined by the number of features in the dataset. Therefore, each bat bit represents a
feature. For instance, in a dataset that has n features, n–bit string will stand for each bat as
depicts by Eq. 10.

Dj
i ¼ D1

i ;D
2
1;D

3
i ;…Dn

i

� �
; i ¼ 1; 2; 3;…;m ð10Þ

where m denotes the bats’ size, and the Dj
i = {0, 1} indicates the jth feature selected in the

feature subset.
Each of the candidate solutions is estimated by a fitness function defined in Eq. 11, where

Acc represents the classification accuracy attained by the Random Forest classifier and S(D) is
the total amount of selected features. From Eq. 11, two different components determine the
fitness of each bat and these components are weighted differently. The value of α is assigned at
the beginning of the experiment.

fit Dð Þ ¼ α � Accþ 1−αð Þ � n−S Dð Þ
n

ð11Þ

The pseudo-code of the InfoGain-MBA used in the work has shown in Algorithm 2.

3.5 Classification algorithms

The classification model serves as a means of determining the class labels of a given dataset.
Classification is considered a prognostic data mining task for the detection and diagnosis of
different varieties of diseases. Usually, the model can be generated in two steps namely:
learning and classification. The learning phase is achieved by training with pre-defined
labelled data to build the model. The model is also evaluated by estimating the accuracy of
the model on the testing dataset. If the model yields acceptable accuracy, then it can be
employed to predict the unknown class of the new dataset [31].
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Algorithm 2: Pseudocode of proposed modified binary bat algorithm (MBA)

Input: Data Sample D with features F(x1...xn i = 0, 
Bat population: Di (i = 1, 2, ..., n), rand (0 , 1);
Output: Optimal features subset ;
1.  Define pulse frequency i

2.  Initialize pulse rates i and the loudness Li

3. the feature subset 
4. Apply attribute filter on training dataset D
5. Compute InfoGain by using Equation 1

7. Select subset x with highest InfoGain
8. subset x
9. while t < Maximum iterations do
10. Di 

11. update velocities and adjust frequencies (using Eqn. 2 to 5)
12. Using Equation (11), Calculate fitness function value 
13. Using Equation (9), update Di

14.  if (rand > i ) then 0
15. Select the global best solution ( b) among the available best solutions and 

with the available dimensions, modify the dimensions of Di
randomly 

16. end if 
17. Generate new solution randomly 
18. if ((rand < Li )and (f(Di ) < f( b)) then
19. Accept the new solutions, Increase i and reduce Li
20. end if 
21. Find the current b and Rank the Bat 
22. b 

23. end while
24. return 
25. end

3.5.1 Decision tree classifiers

The procedure for learning in a decision tree algorithm is centred on the splitting criteria
principle. Decision trees had a structure similar to a flow chart, with a tree-like arrangement
where samples are classified based on the value of their features. An instance in classification
is denoted by a node in a decision tree and the branches depict the outcome of the tests, where
the class label is represented by each leaf node. In literature, there are a lot of decision tree
classifiers, the famous one includes, Iterative Dichotomiser 3 (ID3), C4.5 (J48), C5, and
Classification and Regression Tree (CART), are the widely employed because to their high
precision and accuracy performance [51]. The benefits of the decision tree approach are
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interpretability and comprehensibility. In terms of capability, decision tree is a rapid and
effective method of classifying data set entries, handles numeric and categorical attributes, take
care of interaction effects between variables, robust to outliers and missing values, and offer
good decision support abilities [2, 13, 15].

Generally, a decision tree classifier involves two major steps; a growing phase and a
pruning phase [68]. In the first phase, the decision tree is built in a top-down manner with
the full dataset corresponding to the tree root node, a feature and a splitting weight are
determined based on the splitting criterion and the dataset is partitioned into two different
subsets subject to the feature value.

Afterwards, the built tree may result in a complex model due to the size of the dataset
used for training [31]. The pruning phase is employed to minimize consecutive branches
so that the tree is built to adequately generalize the model and reduce overfitting glitches.
In this stage, individual nodes are compared against pruning criteria. Once a node
satisfies the pruning criteria, its sub-tree is discarded and that particular node becomes
a leaf node. This procedure continues until the built tree is reduced to a single node and
the optimal sub-tree obtained (in terms of accuracy) during this procedure is retained to
be the final tree. Finally, the leaf node represents each region (or class) in the dataset
with an associated decision rule that corresponds to allot the most frequent class label to
its corresponding region of the observations it belongs to [8]. The pseudocode for the
decision tree is shown in Algorithm 3.

Algorithm 3: Pseudocode of decision tree

Input: GenDecTree(Sample S, Features F);

Output: root;

Steps:

1. If stopping_condition(S, F) = true then
a. Leaf = createNode()
b. leafLabel = classify(s)
c. return leaf

2. root = createNode()
3. root.test_condition =findBestSpilt(S,F)
4. V = {v | v a possible outcomecf root.test_condition}
5. For each value v Є V:

a. = {s | root.test_condition(s) = v and s Є S };
b. Child = TreeGrowth ( );
c. Add child as descent of root and label the edge {root

6. return root

3.5.2 Classification and regression tree

Classification and Regression Tree (CART) [8] is based on Hunt’s algorithm; it can process
both continuous and categorical attributes to generate a decision tree. Also, it deals with
missing values in the dataset and builds a decision tree using the Gini Index as an attribute
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selection measure. CART splits training datasets into binary; therefore, it generates binary
trees. Gini Index measure does not involve probabilistic assumptions used in ID3, C4.5.
However, CART uses cost complexity pruning to eliminate the erratic branches from the
decision tree to enhance the classification accuracy.

The tree grows in the CART algorithm by carrying out a thorough search of all variables for
each decision node and all possible splitting values, then selecting the optimal split. It
generates an estimate for the misclassification rate.

3.5.3 C4.5

C4.5 Decision tree also referred to as the J48 Classifier algorithm, is one of the famous
employed and practical techniques for inductive inference [54]. It is an approach that used the
approximation of discrete-valued functions that is robust to noisy data and has a proficiency
for learning disjunctive expressions [44, 55].

In this algorithm, the approximating discrete-valued learning function is symbolized
by a decision tree. The decision trees generated can likewise be denoted as, sets of if-
then rubrics to ease human readability. C4.5 classifies a new sample by building a
decision tree from the features of the provided training set. When it comes across the
training set, it learns the features that are capable of classifying the various samples
accurately. The likely attribute values which are devoid of ambiguity are allotted to the
concerned branch by terminating it.

3.5.4 Random Forest

A well-known classification method employed in numerous classification domains is
Random Forest (RF) [23, 36, 64]. RF is also considered as bagged decision trees [6],
that comprises a group of weak classifiers to articulate a robust learner [23]. RF
adopts two approaches:

1. Classification approach.
2. Regression Tree (CART) approach [24].

This technique is the development of several decision trees centred on the bootstrap aggrega-
tion (bagging) method [34]. CART algorithm permits the learning of accurate classification
among some independent variables (x) and some dependent variables (y), and the relationship
between them. RF method randomly chooses a subset to model an autonomous decision tree.
The process is iterative which splits the randomly selected subset from the root node to a child
node [69]. The split continues iterating until each tree attains a leaf node without cropping.
Individual tree models the classification of the samples and the objective variable self-
sufficiently contribute to the final tree class (vote) [69]. The overall classification is based
on the majority obtained from tree voting. Algorithm 4 depicts the steps involved in building
an RF technique.
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Algorithm 4: Pseudocode of random Forest classification [23]

Input: N - Quantitative amount of bootstrap samples
M - Total number of features
m - Sample size
k - Next node

Output: A Random Forest (RF)

Steps:
1. Creates N bootstrap samples from the dataset.
2. Every node (sample) takings a feature randomly of size m where m<M.
3. Builds a split for the m features selected in Step 2 and detects the k node by using 

the best split point.
4. Split the tree iteratively until one leaf node is attained and the tree remains 
completed.
5. The algorithm is trained on each bootstrapped independently.
6. Using trees classification voting predicted data is collected from the trained trees 
(n).
7. The final RF model is build using the peak voted features.
8. return RF
End.

3.5.5 Distribution of training and test datasets

After dimensionality reduction of original datasets by InfoGain-MBB Algorithm, the reduced
datasets were partitioned into train and test sets with 70–30%. 70% for training and 30% for
testing.

3.5.6 Cross validation

To guarantee a good assessment for all the learner classifiers and to prevent overfitting during
the evaluation, a double loop of cross-validation [41] was employed. The external loop is built
on stratified 10-fold cross-validation that repeatedly splitting the data into ten different sets, the
first nine for training while the last one for testing. In the inner loop, stratified 9-fold cross-
validation was employed for the training set to determine the best parameters and preventing
bias in the error computation. The stratified variant of cross-validation preserves the same
percentage of samples for each class in training and test sets. This is essential for microarray
data because of the imbalance class proportions and also with small samples of data.

4 Performance metrics used for the classification algorithms

The following are the metrics used to appraise the performance of classification algorithms
employed in this study.

True Positives (TP): True positives are the scenarios when the actual class of the data
point is True and predicted to be True.
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True Negatives (TN): True negatives are the situations when the actual class of the data
point is False and also predicted to be False.
False Positives (FP): False positives are the scenarios when the actual class of the data
point is False but predicted to be True. It is False because the classifier has predicted
incorrectly and positive. After all, the class predicted was a positive one.
False Negatives (FN): False negatives are the situations when the actual class of the data
point is True but predicted to be False. It is False because the classifier has predicted
incorrectly and negative because the class predicted was a negative one.

i. Accuracy

Accuracy is the percentage of correctly classifies instances out of all instances that are, the
number of correct predictions achieved by the model over all types of predictions made (Eq.
12). Accuracy is a good measure when the target variable classes in the data are nearly
balanced.

Accuracy ¼ TP þ TNð Þ
TP þ FPþ FN þ TNð Þ ð12Þ

ii. Recall or Sensitivity

Sensitivity is the true positive rate (also known as recall (Eq. 13)). It is the number of
instances from the positive class that predicted correctly. In cancer classification, it is a
measure of the proportion of the patients that had cancer and was predicted by the model
as having cancer.

Sensitivity ¼ TP
TP þ FNð Þ ð13Þ

iii. Specificity

Specificity is known as the true negative rate (Eq. 14). It measures the proportion of patients
that did NOT have cancer and were predicted by the model as non-cancerous. The actual
negatives (People NOT having cancer are FP and TN) and the people diagnosed as not having
cancer are TN. Specificity is the exact opposite of Recall.

Specificity ¼ TN
TN þ FP

ð14Þ

iv. Kappa

Kappa or Cohen’s Kappa (Eq. 15) is similar to the Accuracy score, except that it is
normalized at the baseline of random chance on your dataset (that is, it takes into account
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the accuracy that would have happened anyway through random predictions). It is a more
useful measure to use on problems that have an imbalance in the classes (e.g. 70–30 split
for classes 0 and 1).

Kappa ¼ Observed Accuracy−Expected Accuracyð Þ
1−Expected Accuracyð Þ ð15Þ

xxii. Detection Rate

The detection rate is the proportion of the whole sample where the events were detected
correctly.

vi. Balanced Accuracy

Balanced Accuracy is defined as the average of recall obtained on each class that is, balance
between correctly predicted classes (Eq. 16).

Balance Accuracy ¼ Sensitivityþ Specificityð Þ
2

ð16Þ

vii. Time Taken to Extract

It is time taken by the algorithm to extract/select the feature from the complete dataset. It is
measure in sec.

viii. Estimated Error Rate

The error rate is the percentage of samples that have been incorrectly classified by a classifier
model.

5 Results and discussion

The strength of the proposed method hinges on the outcome of experiments obtained under
different circumstances. Hence, the outcome of experiments is crucial in the research domain.
The proposed method was coded in R Studio version 3.5.1 and run in a 64-bit Core i3-6100U
(2.30 GHz) PC equipped with 8GB of RAM.

5.1 Results

The performance of the proposed algorithms was assessed on 7 different Microarray cancer
datasets with a diverse number of samples, features (number of genes), and classes. The results
of different datasets and algorithms were also critically compared.
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5.2 InfoGain-MBA results

The parameters used for MBA were chosen based on the preliminary experiments conducted.
They offer a good trade-off between the computational time and the quality of the solution
desired. The preliminary investigations as shown in Fig. 2 (see Appendix Table 13) revealed
that an increase in the bat population leads to a trade-off that influences the algorithm
performance by increasing the computational time of the algorithm.

The appropriate value was chosen for pulse rate and loudness based on preliminary
experiments conducted that generates a good quality solution. Table 2 shows the parameters
used for the implementation of MBBA.

Table 3 presents the results of InfoGain-MBA feature selection for each dataset. Three
different thresholds were used for each dataset and tagged 1st, 2nd and 3rd Run. That is 40%,
60 and 80% threshold values.

Figure 3 show the graphical representation of the average time taken by InfoGain-MBA to
extract features for all the datasets used. Generally, InfoGain-MBA has the low average time
taken to extract the features in all the datasets except in MLL, Lymphoma, and Lung datasets.

5.3 Classification results

The classification performance of the selected features of microarray data was evaluated using
four classifiers: C4.5, DT, RF and CART. The results were presented based on the dataset by
dataset. Each classifier was designated with three ‘Runs’, 1st, 2nd and 3rd ‘Run’ referred to top
40%, 60% and 80% selected features respectively.

5.3.1 Case 1: Leukemia_3c dataset

The leukemia_3c dataset has three classes of B Cell, T Cell and Acute Myeloid Leukemia
(AML). Leukemia_3c has 72 samples with 7129 features and Class label of B Cell with 38
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instances, T Cell with 9 instances and AML with 25 instances. After feature selection
processing, the final features used for classification evaluation were reduced to 101, 22 and
3 for the top 40%, 60% and 80% respectively. Table 4 shows the performance of four
classifiers on the reduced Leukemia_3c dataset.

All the classifiers perform well with reduced features. In C4.5 100% accuracy was obtained
with 88 genes but dropped to 76% with 13 genes and finally increase to 91% with only 3
genes. This is due to the loss of some complementary features in the 2nd ‘Run’ which affect its
accuracy. The same scenario occurred in DT. While RF has 100% accuracy with all the three
‘Run’. But in CART the accuracy increase from 76% in the first ‘Run’ to 91% in the 3rd
‘Run’. Only 3 genes out of 7129 genes were able to give good classification accuracy in the

Table 2 Parameters setting for MBA

Parameter Value selected

Nofbats 4
Fmin 20
Fmax 50
L0 1
R 0.5
Α 0.9
τ 1

Table 3 Number of features extracted by InfoGain-MBA

Dataset 1st Run 2nd Run 3rd Run

Leukemia_3c 88 13 3
Leukemia_4c 118 17 4
Lung 425 26 1
Lymphoma 852 266 66
MLL 996 163 24
Ovarian 62 21 1
SRBCT 140 45 7
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Fig. 3 Average time taken to extract features for all datasets using InfoGain-MBA
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four classifiers. For this dataset, RF performed excellently in all the metrics used for
evaluation.

Figure 4 shows the detection rate for the four classifiers with the Leukemia_3c dataset. The
lowest average detection rate of 25.4% was obtained in the 2nd ‘Run’ of C4.5 and 1st ‘Run of
CART classifiers.

Figure 5 shows the average balanced accuracy for all the classifiers. It illustrates the balance
between correctly predicted classes for all the classifiers. 100% balanced accuracy was
obtained in all ‘Run’ of RF and 1st ‘Run’ of C4.5, and the lowest value of 63.9% was
recorded in the 2nd ‘Run’ of CART.

5.3.2 Case 2: Leukemia_4c dataset

Leukemia_4c dataset has four classes of B Cell, T Cell, Bone Marrow (BM) and Peripheral
Blood (PB). Leukemia_4c has 72 samples with 7129 features and Class label of B Cell with 38
instances, T Cell with 9 instances, BMwith 21 instances and PB with 4 instances. After feature
selection processing, the final features used for classification evaluation were reduced to 118,

Table 4 Result of classifiers for Leukemia_3c dataset

Algorithms No of selected
features

Accuracy Kappa Ave.
sensitivity

Ave.
specificity

Ave. Pos Pred
value

Ave. Neg Pred
value

C4.5 88 1 1 1 1 1 1
13 0.76 0.61 0.67 0.86 0.82 0.92
3 0.91 0.83 0.94 0.62 0.95 0.94

DT 88 0.86 0.73 0.89 0.9 0.93 0.93
13 0.81 0.70 0.78 0.90 0.80 0.91
3 0.81 0.61 0.56 0.86 0.82 0.89

RF 88 1 1 1 1 1 1
13 1 1 1 1 1 1
3 1 1 1 1 1 1

CART 88 0.76 0.55 0.54 0.85 0.76 0.86
13 0.76 0.61 0.67 0.85 0.55 0.92
3 0.91 0.81 0.64 0.94 0.90 0.95

Fig. 4 Detection rate for Leukemia_3c dataset for the four classifiers
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17 and 4 for the top 40%, 60% and 80% respectively. Table 5 shows the performance of four
classifiers on the reduced Leukemia_4c dataset.

All the classifiers perform well with reduced features. In C4.5 100% accuracy was obtained
with 118 genes but dropped to 95% with 17 genes and finally back to 100% with only 4 genes.
This is due to the loss of some complementary features in the 2nd ‘Run’ which affect its
accuracy. The DT performed worst with 67% accuracy in the 3rd ‘Run’. While RF has 100%
accuracy with all the three ‘Run’. But in CART the accuracy increase from 76% in the first
‘Run’ to 81% in the 3rd ‘Run’. Only 4 genes out of 7129 genes were able to give good
classification accuracy in the four classifiers. For this dataset, RF performed excellently in all
the metrics used for evaluation.

Figure 6 shows the average detection rate for the four classifiers with the Leukemia_4c
dataset. The lowest average detection rate of 16.67% was obtained in the 3rd ‘Run’ of DT
classifiers.

Figure 7 shows the average balanced accuracy for all the classifiers. It illustrates the balance
between correctly predicted classes for all the classifiers. 100% average balanced accuracy was

Fig. 5 Balanced accuracy for Leukemia_3c dataset for the four classifiers

Table 5 Result of classifiers for Leukemia_4c dataset

Algorithms No of selected
features

Accuracy Kappa Ave.
sensitivity

Ave.
specificity

Ave. Pos Pred
value

Ave. Neg Pred
value

C4.5 118 1 1 1 1 1 1
17 0.95 0.90 0.95 0.97 0.98 0.98
4 1 1 1 1 1 1

DT 118 0.76 0.60 0.58 0.90 0.78 0.90
17 1 1 1 1 1 1
4 0.67 0.42 0.41 0.85 0.62 0.86

RF 118 1 1 1 1 1 1
17 1 1 1 1 1 1
4 1 1 1 1 1 1

CART 118 0.76 0.64 0.67 0.93 0.75 0.91
17 0.76 0.44 0.54 0.84 0.86 0.90
4 0.81 0.67 0.5 0.93 0.79 0.95
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obtained in all ‘Run’ of RF and 1st and 3rd ‘Run’ of C4.5 and the lowest value of 63.15% was
recorded in 3rd ‘Run’ of DT.

5.3.3 Case 3: Lung dataset

The lung dataset has five classes which are indicated as stage 1 to 5. It has 203 samples with
12,600 features and Class label distribution is as follows: 1 = 139, 2 = 17, 3 = 6, 4 = 21 and
5 = 20 instances. After feature selection processing, the final features used for classification
evaluation were reduced to 425, 26 and 1 for the top 40%, 60% and 80% respectively. Table 6
shows the performance of four classifiers on the reduced Lung dataset.

Fig. 6 Detection rate for Leukemia_4c dataset for the four classifiers

Fig. 7 Balanced accuracy for Leukemia_4c dataset for the four classifiers
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All the classifiers performed excellently with reduced features. The least accuracy of 95%
was obtained in the 1st ‘Run’ of DT. Even with 1 gene out of 12,600 genes, all the classifiers
were able to yield good performance accuracy and all other evaluation metrics.

Figure 8 shows the average detection rate for the four classifiers with the Lung dataset. The
lowest average detection rate of 19% was obtained in the 1st ‘Run’ of DT classifiers while
other classifiers have equal values of average detection rate.

Figure 9 shows the average balanced accuracy for all the classifiers. 100% average balanced
accuracy was obtained in almost all classifiers except in 1st ‘Run’ of DT, 1st and 3rd ‘Run’ of
CART. The lowest value of 84.98% was recorded in the 1st ‘Run’ of DT.

5.3.4 Case 4: Lymphoma dataset

The lymphoma dataset has three classes consisting of Diffuse Large B Cell Lymphoma
(DLBCL), Follicular Lymphoma (FL) and Chronic Lymphocytic Leukemia (CLL). It has 66

Table 6 Result of classifiers for lung dataset

Algorithms No of selected
features

Accuracy Kappa Ave.
sensitivity

Ave.
specificity

Ave. Pos Pred
value

Ave. Neg Pred
value

C4.5 425 1 1 1 1 1 1
26 1 1 1 1 1 1
1 1 1 1 1 1 1

DT 425 0.95 0.89 0.71 0.99 0.76 0.99
26 1 1 1 1 1 1
1 0.98 0.97 1 1 1 1

RF 425 1 1 1 1 1 1
26 1 1 1 1 1 1
1 1 1 1 1 1 1

CART 425 0.98 0.96 0.95 1 0.9 1
26 1 1 1 1 1 1
1 0.98 0.97 0.97 1 0.9 1

Fig. 8 Detection rate for lung dataset for the four classifiers
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samples with 4026 features and Class label distribution is as follows: DLBCL = 46, FL = 9
and CLL = 11 instances. After feature selection processing, the final features used for
classification evaluation were reduced to 852, 266 and 66 for the top 40%, 60% and 80%
respectively. Table 7 shows the performance of four classifiers on the reduced Lymphoma
dataset.

All the classifiers performed very well with reduced features. The least accuracy obtained
was 84% in the 1st ‘Run’ of CART with 825 genes. Even with 66 genes out of 4026 genes, all
the classifiers were able to yield good performance accuracy and all other evaluation metrics
used in this study.

Figure 10 shows the average detection rate for the four classifiers with the Lymphoma
dataset. The lowest average detection rate of 28.07% was obtained in the 1st ‘Run’ of CART
classifiers while other classifiers have roughly equal values of average detection rate.

Fig. 9 Balanced accuracy for lung dataset for the four classifiers

Table 7 Result of classifiers for lymphoma dataset

Algorithms No of Selected
Features

Accuracy Kappa Ave.
Sensitivity

Ave.
Specificity

Ave. Pos Pred
Value

Ave. Neg Pred
Value

C4.5 852 1 1 1 1 1 1
266 1 1 1 1 1 1
66 1 1 1 1 1 1

DT 852 1 1 1 1 1 1
266 1 1 1 1 1 1
66 0.95 0.91 1 1 1 1

RF 852 1 1 1 1 1 1
266 1 1 1 1 1 1
66 1 1 1 1 1 1

CART 852 0.84 0.70 0.67 0.93 0.79 0.95
266 1 1 1 1 1 1
66 1 1 1 1 1 1
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Figure 11 shows the average balanced accuracy for all the classifiers. Almost all the
classifiers have 100% average balanced accuracy except in the 1st ‘Run’ of the CART
classifier where the average balanced accuracy was 80%.

5.3.5 Case 5: MLL dataset

The mixed-Lineage Leukemias (MLL) dataset has three classes consisting of Acute Lympho-
blastic Leukemia (ALL), Acute Myeloid Leukemia (AML) and MLL. It has 72 instances with
12,582 features and Class label distribution is as follows: ALL = 24, AML = 28 and MLL =
20 instances. After feature selection processing, the final features used for classification
evaluation were reduced to 996, 163 and 24 for the top 40%, 60% and 80% respectively.
Table 8 shows the performance of four classifiers on the reduced MLL dataset.

Fig. 10 Detection rate for lymphoma dataset for the four classifiers

Fig. 11 Balanced accuracy for lymphoma dataset for the four classifiers
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All the classifiers performed very well with reduced features. The least accuracy obtained
was 81% in the 1st ‘Run’ of DT with 996 genes. Even with 24 genes out of 12,582 genes, all
the classifiers were able to yield good performance accuracy and all other evaluation metrics
used in this study.

Figure 12 shows the average detection rate for the four classifiers with the Lymphoma
dataset. The lowest average detection rate of 26.99% was obtained in the 1st ‘Run’ of the DT
classifier.

Figure 13 shows the average balanced accuracy for all the classifiers. Almost all the
classifiers have very good performance of average balanced accuracy. The lowest value of
the average balanced accuracy of 87.75% was obtained in the 1st ‘Run’ of the DT classifier.

5.3.6 Case 6: Ovarian dataset

Selected features from the Ovarian dataset were evaluated by four different classifiers. It has
253 samples with 15,154 features and the Class label is Cancer and Normal. Cancer class
indicates a cancerous instance of about 162 instances and Normal class indicates normal
instances of about 91 instances. After feature selection processing, the final features used for

Table 8 Result of classifiers for MLL dataset

Algorithms No of selected
features

Accuracy Kappa Ave.
sensitivity

Ave.
specificity

Ave. Pos Pred
value

Ave. Neg Pred
value

C4.5 996 1 1 1 1 1 1
163 1 1 1 1 1 1
24 1 1 1 1 1 1

DT 996 0.81 0.72 0.83 0.92 0.83 0.92
163 0.86 0.78 0.86 0.94 0.85 0.93
24 0.95 0.93 0.94 0.97 0.97 0.98

RF 996 1 1 1 1 1 1
163 1 1 1 1 1 1
24 1 1 1 1 1 1

CART 996 0.91 0.86 0.92 0.96 0.89 0.95
163 0.91 0.85 0.90 0.95 0.90 0.95
24 0.95 0.93 0.94 0.97 0.97 0.98

Fig. 12 Detection rate for MLL dataset for the four classifiers
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classification were reduced to 62, 21 and 1. Table 9 shows the performance of four classifiers
on the reduced Ovarian dataset.

All the classifiers perform excellently with reduced features even with 1 gene selected
yields 100% classification accuracy. Figure 14 shows the detection rate for the four classifiers.
All the classifiers have a very close range of detection rates of 62.67% to 65.33%. The 2nd
‘Run’ of all the classifiers have the highest detection rate due to a sizeable number of features
to train the classifiers.

Figure 15 shows a balanced accuracy for all the classifiers. It depicts the balance between
correctly predicted classes, that is, the Cancer or Normal in all the classifiers. All classifiers
recorded better performance.

5.3.7 Case 7: SRBCT dataset

Small Round Blue Cell Tumors (SRBCT) dataset has four classes consisting of Ewing’s
family of tumours (EWS), Burkitt’s Lymphoma (BL), Neuroblastoma (NB) and Rhabdomyo-
sarcoma (RMS) which coded as1 to 4. It has 82 samples with 2308 features and Class label
distribution is as follows: EWS = 29, BL = 11, NB = 18 and RMS = 25 instances. After

Fig. 13 Balanced accuracy for MLL dataset for the four classifiers

Table 9 Result of classifiers for ovarian dataset

Algorithms No of selected
features

Accuracy Kappa Sensitivity Specificity Pos Pred
value

Neg Pred
value

C4.5 62 1 1 1 1 1 1
21 1 1 1 1 1 1
1 1 1 1 1 1 1

DT 62 1 1 1 1 1 1
21 1 1 1 1 1 1
1 1 1 1 1 1 1

RF 62 1 1 1 1 1 1
21 1 1 1 1 1 1
1 1 1 1 1 1 1

CART 62 1 1 1 1 1 1
21 1 1 1 1 1 1
1 1 1 1 1 1 1
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feature selection processing, the final features used for classification evaluation were reduced
to 140, 45 and 7 for the top 40%, 60% and 80% respectively. Table 10 shows the performance
of four classifiers on the reduced SRBCT dataset.

All the classifiers performed very well with reduced features. The least accuracy
obtained was 75% in the 1st ‘Run’ of DT and 3rd ‘Run’ of CART with 140 and 7
genes respectively. Even with 7 genes out of 3208 genes, all the classifiers were able to
yield good performance accuracy and all other evaluation metrics used in this study
except in the CART classifier.

Figure 16 shows the average detection rate for the four classifiers with the SRBCT dataset.
The lowest average detection rate of 18.75% was obtained in the 1st ‘Run’ of DT and 3rd
‘Run’ of CART classifiers.

Figure 17 shows the average balanced accuracy for all the classifiers. Almost all
the classifiers have very good performance of average balanced accuracy. The lowest
value of the average balanced accuracy of 80.1% was obtained in the 3rd ‘Run’ of the
CART classifier.

Fig. 14 Detection rate for ovarian dataset for the four classifiers

Fig. 15 Balanced accuracy for ovarian dataset for the four classifiers
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5.4 Comparison of performance of InfoGain and InfoGain-MBA

Also, a set of experiments were conducted using InfoGain only to select features from original
datasets. The features selected were evaluated with a decision tree classifier and compared with
InfoGain-MBA feature selection. The results were presented in Table 11. The results here
showed that there is a great improvement in the classifier accuracy in InfoGain-MBA compare
to InfoGain only, despite the fewer number of features selected.

5.5 Error rate for random Forest

Since RF performed excellently in all the datasets used for this study and the effect of
eliminating some important features is hardly shown in its performance because of its
robustness. Therefore there is a need for further investigation that will give insight into this
effect. This lead to the consideration of an additional metric called estimated error rate per class
for RF. Figures 18, 19, 20, 21, 22, 23 and 24 depict the estimated error per class for all the
datasets used and its confusion matrix can be found in Appendix Table 14.

Table 10 Result of classifiers for SRBCT dataset

Algorithms No of Selected
Features

Accuracy Kappa Ave.
Sensitivity

Ave.
Specificity

Ave. Pos Pred
Value

Ave. Neg Pred
Value

C4.5 140 1 1 1 1 1 1
45 1 1 1 1 1 1
7 1 1 1 1 1 1

DT 140 0.75 0.66 0.83 0.91 0.79 0.92
45 0.92 0.88 0.90 0.97 0.94 0.98
7 0.92 0.87 0.93 0.96 0.96 0.97

RF 140 1 1 1 1 1 1
45 1 1 1 1 1 1
7 1 1 1 1 1 1

CART 140 0.88 0.83 0.93 0.96 0.92 0.96
45 0.96 0.94 0.94 0.99 0.96 0.99
7 0.75 0.64 0.68 0.92 0.73 0.92

Fig. 16 Detection rate for SRBCT dataset for the four classifiers
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Figure 18 shows the estimated error rate per class for Leukemia_3c. The average estimated
error obtained for Leukemia_3c was 19.44%, 29.17% and 27.78% respectively for all three
‘Runs’. The value increases from the 1st ‘Run’ to 2nd ‘Run’ and then decrease in the 3rd
‘Run’, this indicates that the estimated error increase as the number of features selected is
reduced. Therefore, this reveals that some complementary features have been eliminated
during the selection.

Figure 19 shows the estimated error rate per class for Leukemia_4c. The average estimated
error obtained for Leukemia_4c was 20.89%, 29.17% and 30.56% respectively for all three
‘Runs’. The value increases from the 1st ‘Run’ to the 3rd ‘Run’, this indicate that the estimated
error increase as the number of features selected is reduced. Therefore, this reveals that some
complementary features have been eliminated during the selection.

Figure 20 shows the estimated error rate per class for Lung. The average estimated error
obtained for Lung was 0.99%, 0.49% and 1.97% respectively for all three ‘Runs’. The value of
the average estimated error decrease from the 1st ‘Run’ to the 2rd ‘Run’, this indicates that the

Fig. 17 Balanced accuracy for SRBCT dataset for the four classifiers

Table 11 Performance Evaluation of InfoGain and InfoGain-MBBA with Decision Tree Algorithm

Datasets Run Features Extracted with InfoGain Features Extracted with InfoGain-MBA

Leukemia_3c 1st 901 0.8571 88 0.86
2nd 268 0.8095 13 0.81
3rd 38 0.7143 3 0.81

Leukemia_4c 1st 787 0.7524 118 0.76
2nd 396 0.8519 17 1
3rd 62 0.671 4 0.67

Lung 1st 8118 0.9667 425 0.95
2nd 1192 0.9707 26 1
3rd 161 0.9647 1 0.98

Lymphoma 1st 2151 0.9474 852 1
2nd 1461 0.9474 266 1
3rd 403 0.9233 66 0.95

MLL 1st 5224 0.8095 996 0.81
2nd 2246 0.8048 163 0.86
3rd 171 0.9324 24 0.95

SRBCT 1st 667 0.7083 140 0.75
2nd 334 0.8867 45 0.92
3rd 45 0.9067 7 0.92
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estimated error decrease as the number of features selected is reduced. Therefore, this reveals
that the best selection for Lung dataset is the 2nd ‘Run’ because the error increased at the 3rd
‘Run’when the number of genes falls below 26 genes.

Figure 21 shows the estimated error rate per class for Lymphoma. The average estimated
error obtained for Lymphoma was 6.06%, 7.58% and 3.03% respectively for all three ‘Runs’.
The value increases slightly from the 1st ‘Run’ to the 2rd ‘Run’ and later decrease in the 3rd
‘Run’. Therefore, optimal feature selection for the Lymphoma dataset was obtained in the 3rd
‘Run’ when the number of genes is 66.

Figure 22 shows the estimated error rate per class for MLL. The average estimated error
obtained for MLL was 15.28%, 6.94% and 12.50% respectively for all three ‘Runs’. The value
decreases from the 1st ‘Run’ to the 2rd ‘Run’, and later increase in the 3rd ‘Run’. Therefore,
optimal feature selection for the MLL dataset was obtained in the 2nd ‘Run’ when the number
of genes selected is 163.

Figure 23 shows the estimated error rate per class for Ovarian. The average estimated error
obtained for Ovarian were 0%, 0.79% and 0.40% respectively for all three ‘Runs’. The value
increase from the 1st ‘Run’ to the 2nd ‘Run’, and later decrease at the 3rd ‘Run’. Therefore,
optimal feature selection for the Ovarian dataset was obtained in the 1st ‘Run’ when the
number of genes selected is 62.

Fig. 18 Estimated error per class for Leukemia_3c Dataset. Note: The black colour in the graph indicate the
average estimated error rate for all the class

Fig. 19 Estimated error per class for Leukemia_4c Dataset. Note: The black colour in the graph indicate the
average estimated error rate for all the class

Fig. 20 Estimated error per class for lung dataset. Note: The black colour in the graph indicate the average
estimated error rate for all the class
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Figure 24 shows the estimated error rate per class for SRBCT. The average estimated
error obtained for SRBCT was 7.2%, 10.84% and 24.10% respectively for all three
‘Runs’. The value increase from the 1st ‘Run’ to the 3rd ‘Run’ Therefore, optimal feature
selection for the SRBCT dataset was obtained in the 1st ‘Run’ when the number of genes
selected is 140.

Generally, only the Lymphoma dataset out of seven datasets used in this study did not has
its estimated error increase as the number of features selected reduced when it reaches optimal
feature selected.

Fig. 21 Estimated error per class for lymphoma dataset. Note: The black colour in the graph indicate the average
estimated error rate for all the class

Fig. 22 Estimated error per class for MLL dataset. Note: The black colour in the graph indicate the average
estimated error rate for all the class

Fig. 23 Estimated error per class for ovarian dataset. Note: The black colour in the graph indicate the average
estimated error rate for all the class

Fig. 24 Estimated error per class for SRBCT dataset. Note: The black colour in the graph indicate the average
estimated error rate for all the class
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5.6 Discussion

Section 5.2 presented the results of InfoGain-MBA for all the datasets that showed the
number of features selected and the average time is taken to select the feature. The least
time of 8.79 seconds was obtained in the Ovarian dataset while the highest time taken of
892.34 seconds was recorded in the MLL dataset. Figure 3 showed the graphical
representation of the time analysis for all the datasets. In section 5.3, the results of
classifiers were presented dataset by dataset. Four different classifiers (C4.5, DT, RF,
and CART) were used in this research work with 3 ‘Run’ for each dataset, because, 3
different outputs were available from the feature selection approach used (InfoGain-
MBA). That is features from a threshold of ≥0.4, ≥0.6 and ≥ 0.8 respectively.

Table 4 presented the classifiers’ results of the Leukemia_3c dataset where 100%
accuracy was recorded in the 1st ‘Run’ of C4.5 and all the three ‘Run’ of RF with the
highest value of Kappa statistic, sensitivity, specificity, positive predicted value, and
negative predicted value. All other classifiers performed better than average and the least
accuracy recorded was 76% in the 2nd ‘Run’ of C4.5, 1st and 2nd ‘Run’ of CART
classifiers. Fig. 4, showed the average detection rate per class for all the classifiers. The
least average detection rates per class of 25.4% were obtained in the 2nd ‘Run’ of C4.5
and 1st ‘Run’ of CART classifiers. There was a decrease in average detection rates per
class from the 1st ‘Run’ of all the classifiers to the next ‘Run’ except in CART where it
increased and remain constant in RF for all the three ‘Run’. Also, Fig. 5 presented a
balanced accuracy of all the classifiers for the Leukemia_3c dataset. The least average
balanced accuracy of 63.9% was recorded in the 2nd ‘Run’ of the CART classifier and
100% were recorded in all the three ‘Run’ of RF and 1st ‘Run’ of C4.5 classifiers. Apart
from the RF classifier that has the same values of average balanced accuracy for all the
‘Run’s, the remaining classifiers were decreased after the 1st ‘Run’ to 2nd and later
increase in the 3rd ‘Run’, except in the DT classifier where it keeps on decreasing up to
the 3rd ‘Run’. This showed that the average detection rate and balanced accuracy for
Leukemia_3c decreased when the genes selected is less than 88 in all the classifiers
except in the RF classifier. Further investigation with estimated error per class of RF
(Section 5.5 and Fig. 19) revealed the same scenario. Therefore, this study concluded
that the best threshold for the Leukemia_3c data set is ≥0.4, that is, the top 40% features.

Table 5 presented the classifiers’ results of the Leukemia_4c dataset where 100% accuracy
was recorded in the 1st and 3rd ‘Run’ of C4.5, 2nd ‘Run’ of DT and all the three ‘Run’ of RF
with the highest value of Kappa statistic, sensitivity, specificity, positive predicted value, and
negative predicted value. All other classifiers performed better than average with the least
accuracy value of 67% was recorded in the 3rd ‘Run’ of DT classifiers. Fig. 6, showed the
average detection rate per class for all the classifiers. The least average detection rate per class
of 16.67% was obtained in the 3rd ‘Run’ of DT classifiers. There were a varying increase and
decrease in average detection rates per class from the 1st ‘Run’ of all the classifiers to the next
‘Run’ except RF where it remains constant in all the three ‘Run’. Also, Fig. 7 presented a
balanced accuracy of all the classifiers for the Leukemia_4c dataset. The least average
balanced accuracy of 63.15% was recorded in the 3rd ‘Run’ of the DT classifier and 100%
recorded for all the three ‘Run’ of RF and 1st and 3rd ‘Run’ of C4.5 classifiers. Apart from the
RF classifier that has the same values of average balanced accuracy for all the three ‘Run’s, the
remaining classifiers were decreasing after the 1st ‘Run’ to 2nd and later increase in the 3rd
‘Run’, except in the CART classifier where it keeps on decrease up to the 3rd ‘Run’. This
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showed that the average detection rate and balanced accuracy for Leukemia_4c decrease when
the genes selected were less than 118 in all the classifiers except in the RF classifier. Further
investigation with estimated error per class of RF (Section 5.5 and Fig. 20) revealed the same
scenario of an increase in estimated error per class from 1st ‘Run’ to the 3rd ‘Run’. Therefore,
this study concluded that the best threshold for the Leukemia_4c dataset is ≥0.4, that is, the top
40% features.

Table 6 presented the classifiers’ results of the Lung dataset where 100% accuracy was
recorded in the three ‘Run’ of C4.5, 2nd ‘Run’ of DT, all the three ‘Run’ of RF and 2nd ‘Run’
of CART classifiers with the highest value of Kappa statistic, sensitivity, specificity, positive
predicted value, and negative predicted value. The least accuracy value of 95% was recorded
in the 1st ‘Run’ of DT classifiers. Fig. 8, showed an average detection rate per class for all the
classifiers. The least average detection rate per class of 19% was obtained in the 1st ‘Run’ of
DT classifiers and others have the same values of average detection rate per class. Also, Fig. 9
presented a balanced accuracy of all the classifiers for the Lung dataset. The least average
balanced accuracy of 84.98% was recorded in the 1st ‘Run’ of DT classifier and 100% were
recorded in all the three ‘Run’ of other classifiers except in 1st and 3rd ‘Run’ of the CART
classifier where 97.33% and 98.4% were obtained respectively. This showed that the average
detection rate and balanced accuracy for Lung increase when the genes selected are less than
425 in all the classifiers except in the RF classifier where it remains constant. Further
investigation with estimated error per class of RF (Section 5.5 and Fig. 21) revealed that there
is a decrease in estimated error per class from 1st ‘Run’ to the 2nd ‘Run’ and later increase in
the 3rd ‘Run’. Therefore, this study concluded that the best threshold for the Lung dataset is
≥0.6, that is, the top 60% features.

Table 7 presented the classifiers’ results of the Lymphoma dataset where 100%
accuracy was recorded in the three ‘Run’ of all the classifiers except in the 3rd ‘Run’
of DT and 1st ‘Run’ of CART where accuracy is 95% and 84% respectively. Better
performance of Kappa statistic, sensitivity, specificity, positive predicted value, and
negative predicted value were obtained in all the classifiers. Figure 10 showed the
average detection rate per class for all the classifiers. The least average detection rate
per class of 28.07% was obtained in the 1st ‘Run’ of CART classifiers and others have
the same values of average detection rate per class. Also, Fig. 11 presented a balanced
accuracy of all the classifiers for the Lymphoma dataset. The least average balanced
accuracy of 80% was recorded in 1st ‘Run’ of the CART classifier and 100% were
recorded in all the three ‘Run’ of other classifiers Further investigation with estimated
error per class of RF (Section 5.5 and Fig. 22) revealed that there is a slight increase in
estimated error per class from 1st ‘Run’ to the 2nd ‘Run’ and later decrease drastically to
3.03% in the 3rd ‘Run’. Therefore, this study concluded that the best threshold for the
Lymphoma dataset is ≥0.8, that is, the top 80% features.

Table 8 presented the classifiers’ results of the MLL dataset where 100% accuracy
was recorded in all the three ‘Run’ of C4.5 and RF classifiers. The least value of 81%
was obtained in the 1st ‘Run’ of DT with good performance of Kappa statistic, sensi-
tivity, specificity, positive predicted value and negative predicted value in all the
classifiers. Figure 12 showed the average detection rate per class for all the classifiers.
The least average detection rate per class of 26.99% was obtained in the 1st ‘Run’ of DT
classifiers and others have the very close range values of average detection rate per class.
Also, Fig. 15 presented a balanced accuracy of all the classifiers for the MLL dataset.
The least average balanced accuracy of 87.75% was recorded in 1st ‘Run’ of DT
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classifier and 100% were recorded in all the three ‘Run’ of C4.5 and RF classifiers,
others have the value increase from 1st ‘Run’ to next ‘Run’ except in where there is a
slight decrease in balanced accuracy from 1st ‘Run’ to 2nd ‘Run’ and then increased in
the 3rd ‘Run’. Further investigation with estimated error per class of RF (Section 5.5 and
Fig. 23) revealed that there was a decrease in estimated error per class from 1st ‘Run’ to
the 2nd ‘Run’ and later increased drastically to 12.50% in the 3rd ‘Run’. Therefore, this
study concluded that the best threshold for the MLL dataset is ≥0.6, that is, the top 60%
features.

Table 9 presented the classifiers’ results of the Ovarian dataset where all the classi-
fiers yield 100% accuracy for all the three ‘Run’ with the highest value of Kappa
statistic, sensitivity, specificity, positive predicted value, and negative predicted value.
In Fig. 14, all the classifiers have equal average detection rate in 1st and 3rd ‘Run’, and
the detection rate increased from 62.67% to 65.33% in the 1st ‘Run’ to 2nd ‘Run’ and
later decreased back to 62.67% in 3rd ‘Run’ for all the classifiers. Also, Fig. 15
presented a balanced accuracy of all the classifiers for the Ovarian dataset. The balanced
accuracy recorded was 100% for all the three ‘Run’ for each classifier. They showed that
all the classifiers were able to predict both normal and cancer cells correctly. Further
investigation with estimated error per class of RF (Section 5.5 and Fig. 24) revealed that
the estimated error per class increased from 0% in the 1st ‘Run’ to 0.79% in the 2nd
‘Run’ and later decreased to 0.40% in the 3rd ‘Run’. Therefore, this study concluded that
the best threshold for the Ovarian data set is ≥0.4, that is, the top 40% features.

Table 10 presented the classifiers’ results of the SRBCT dataset where 100% accuracy
was recorded in all the three ‘Run’ of C4.5 and RF classifiers. The least value of 75%
was obtained in the 1st ‘Run’ of DT and 3rd ‘Run’ of CART with good performance of
Kappa statistic, sensitivity, specificity, positive predicted value and negative predicted
value in all the classifiers. Fig. 16 showed an average detection rate per class for all the
classifiers. The least average detection rate per class of 18.75% was obtained in the 1st
‘Run’ of DT and 3rd ‘Run’ of CART classifiers and others have the very close range
values of average detection rate per class. Also, Fig. 17 presented a balanced accuracy of
all the classifiers for the SRBCT dataset. The least average balanced accuracy of 80.1%
was recorded in 3rd ‘Run’ of CART classifier and 100% were recorded in all the three
‘Run’ of C4.5 and RF classifiers, others have the value increase from 1st ‘Run’ to next
‘Run’ except in CART where there is increased in balanced accuracy from 1st ‘Run’ to
2nd ‘Run’ and then decreased in the 3rd ‘Run’. Further investigation with estimated error
per class of RF (Section 5.5 and Fig. 24) revealed that there was an increase in estimated
error per class from 1st ‘Run’ to the 3rd ‘Run’. Therefore, this study concluded that the
best threshold for the SRBCT dataset is ≥0.4, that is, the top 40% features.

5.7 Comparison of proposed approach with other approaches in the literature

In this section, the proposed approach is compared with other methods in the literature.
The comparison is based on accuracy and the number of genes selected, where the
author(s) used more than one approach in their work. The best accuracy and number of
features selected are considered for comparison. Table 12 summarizes the comparison
between the approaches used in this study with other available works in the literature.
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1. Leukemia_3c Dataset: There are several approaches in the literature that had ex-
plored the Leukemia_3c dataset, among them are, [4] used Genetic Bee Colony
(GBC) algorithm for feature selection and [10] employed Correlation-based feature
selection (CBFS) with k-NN Cluster to select the relevant features. InfoGain-MBBA
was able to select 3 genes that yielded 100% classification accuracy, which
outperformed other approaches used in the past.

2. Leukemia_4c Dataset: This dataset is not among the popular dataset frequently used by
researchers may be due to its nature of multiclass that has 4 different classes. [19]
employed cellular learning automata (CLA) optimized with ant colony method (ACO)
tagged it as CLACOFS to select relevant features from the Leukemia_4c dataset. They
were able to select an average number of 13.08 genes that yielded 86.38% classification
accuracy which performed below the approach used in this research work.

3. Lung Dataset: There are several approaches available in the literature that had explored the
Lung dataset, a few among them include [27] employed Cuckoo Search (CS) feature
selection and [4] used GBC algorithm to select informative genes. Both the approaches
yielded 100% accuracy with not less than 50 genes but InfoGain-MBBA had able to
produce 100% with one gene selected.

4. Lymphoma Dataset: [4] used the GBC algorithm to select informative genes which
produce 93.73% and 100% classification accuracy from 50 and 200 genes respectively.
InfoGain-MBBA outperformed this approach by producing 100% classification accuracy
with 66 genes selected.

5. MLL Dataset: few among the authors who employed the MLL dataset include [46]. They
used the integration of Genetic Algorithm and Learning Automata (GALA) for feature
selection to obtained 93.96% classification accuracy with 3 genes. Another approach that
used the MLL dataset is [57] that employed mRMR-based ANN to yield 100% accuracy
with 100 genes selected. CBFS with Cluster was employed by [10] to select 40% of
features from the MLL dataset that yielded 93.70% classification accuracy. But InfoGain-
MBBA yielded 100% classification accuracy with 24 genes.

6. Ovarian Dataset: [3] used mRMR-BA to select an average of 3.83 genes to yield
100% classification accuracy. [27] employed Cuckoo Search (CS) to select 100
genes that produce 100% classification accuracy. Also, DF was employed by [7]
to produce 100% accuracy with 10% of the dataset and 98.81% accuracy with 25%
of the dataset, [17] got 98% classification accuracy using CCFS to select an average
of 32.8 genes.

7. SRBCT Dataset: [4] explored GBC to extract 50 and 100 genes from SRBCT that yield
62.65% and 100% classification accuracy respectively. [57] used mRMR-based ANN to
select 500 genes that gave 100% classification accuracy. [46] used GALA to select 6
genes to produce 99.34% accuracy. [12] employed Multi-objective binary bat algorithm
with specific local searches (MOBBA-LS) to 6 genes that yielded 100% classification
accuracy. Also, [39] used both Support Vector Data Description (SVDD) and Cost-
Sensitive SVM (CS-SVM) to select 250 genes that produced 95.3% accuracy and 50
genes that produced 75.9% classification accuracy respectively.

From Table 12 only the work of [12] performs better than the approach used in this work in
the SRBCT dataset where the author used 6 genes to obtain 100% classification accuracy
which is very close to the one obtained in this work with 7 genes.
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6 Conclusion

The InfoGain-MBBA is a feature selection method focusing on selecting relevant and
informative genes that will help in the timely diagnosis and prediction of cancer diseases
without eliminating vital features from the original dataset.

The experimental results showed that the approach attains better performance im-
provement compared with the related approaches in the literature. It also requires less
time to obtain accurate results. To validate the effectiveness of the InfoGain-MBBA, the
evaluation was carried out using four different classifiers on seven different microarray
datasets, which include both binary and multi-classes datasets. The efficiency of the
approach was measured and compared. The results obtained showed that the approaches
were good for the classification of cancer microarray data. For example, Random forest
has 100% accuracy in all seven datasets used and the least accuracy obtained was 67%
from the DT classifier using the Leuemia_4c dataset, which demonstrated that all the
classifiers perform excellently with few genes selected. Furthermore, the method can be
directly employed for biomarker discovery in large scale proteomics datasets.

7 Future work

While this research work is successful at attaining good results with improving accuracies,
there were certain hindrances that build-up while carrying out this study. The computation time
of MBA is a major concern, as one of the bio-inspired algorithms; usually takes a lot of time to
implement on microarray data. This limitation is worth noting to improve future research in
this domain. In future work, the proposed method can be used with datasets with very large
samples to verify and extend the algorithm can cope. Likewise, an improvement to BBA can
be done by hybridizing other bio-inspired algorithms such as to empower the searching
process that results in enhancing the performance of BBA. Also, to reduce the computational
time of the hybridization, a parallel or distributed version of the proposed approach can be
implemented with MBA to reduce its computation time.

Appendix

Table 13 Computation time of MBB algorithm against BatSize for Leukemia_4c dataset with 118 features

BatSize Time Taken

2 63.18
4 67.86
6 72.45
8 79.22
10 85.9
12 92.58
14 99.26
16 107.94
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Table 14 Statistic of estimated error rate per class for all the datasets

(a): CNS
d≥0.1 Confusion matrix
0 1 Class.error

0 38 1 0.0256
1 14 7 0.6667

d≥0.2 Confusion matrix
0 1 Class.error

0 38 1 0.0256
1 1 20 0.0476

d≥0.3 Confusion matrix
0 1 Class.error

0 38 1 0.0256
1 0 21 0
(b): Ovarian

d≥0.4 Confusion matrix
Cancer Normal Class.error

Cancer 162 0 0
Normal 0 91 0

d≥0.6 Confusion matrix
Cancer Normal Class.error

Cancer 161 1 0.0062
Normal 1 90 0.011

d≥0.8 Confusion matrix
Cancer Normal Class.error

Cancer 161 1 0.0062
Normal 0 91 0
(c): Leukemia_3c

d≥0.4 Confusion matrix
AML B cell T cell Class.error

AML 19 6 0 0.24
B cell 2 36 0 0.0526
T cell 1 5 3 0.6667

d≥0.6 Confusion matrix
AML B cell T cell Class.error

AML 17 8 0 0.3200
B cell 4 34 0 0.1053
T cell 0 9 0 1.0000

d≥0.8 Confusion matrix
AML B cell T cell Class.error

AML 18 7 0 0.2800
B cell 4 32 2 0.1579
T cell 1 6 2 0.7778
(d): Leukemia_4c

d≥0.4 Confusion matrix
B cell BM PB T cell Class.error

B cell 37 1 0 0 0.2632
BM 4 17 0 0 0.1905
PB 0 4 0 0 1.0000
T cell 5 1 0 3 0.6667

d≥0.6 Confusion matrix
B cell BM PB T cell Class.error

B cell 36 1 0 1 0.0526
BM 7 14 0 0 0.3333
PB 0 4 0 0 1.0000
T cell 7 1 0 1 0.8889

d≥0.8 Confusion matrix
B cell BM PB T cell Class.error

B cell 34 2 0 2 0.1053
BM 7 13 1 0 0.3810
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Table 14 (continued)

PB 3 1 0 0 1.0000
T cell 6 0 0 3 0.6667
(e): Lung

d ≥ 0.4 Confusion matrix
1 2 3 4 5 Class.error

1 139 0 0 0 0 0.0000
2 1 16 0 0 0 0.0588
3 0 0 5 1 0 0.1667
4 0 0 0 21 0 0.0000
5 0 0 0 0 20 0.0000

d ≥ 0.6 Confusion matrix
1 2 3 4 5 Class.error

1 139 0 0 0 0 0.0000
2 1 16 0 0 0 0.0588
3 0 0 6 0 0 0.0000
4 0 0 0 21 0 0.0000
5 0 0 0 0 20 0.0000

d ≥ 0.8 Confusion matrix
1 2 3 4 5 Class.error

1 139 0 0 0 0 0.0000
2 1 16 0 0 0 0.0588
3 0 1 5 0 0 0.1667
4 0 0 1 20 0 0.0476
5 0 0 0 1 19 0.0500
(f): Lymphoma

d ≥ 0.4 Confusion matrix
CLL DLBCL FL Class.error

CLL 11 0 0 0.0000
DLBCL 0 46 0 0.0000
FL 0 4 5 0.4444

d ≥ 0.6 Confusion matrix
CLL DLBCL FL Class.error

CLL 9 2 0 0.1818
DLBCL 0 46 0 0.0000
FL 0 3 6 0.3333

d ≥ 0.8 Confusion matrix
CLL DLBCL FL Class.error

CLL 11 0 0 0.0000
DLBCL 0 46 0 0.0000
FL 0 2 7 0.2222
(g): MLL

d ≥ 0.4 Confusion matrix
ALL AML MLL Class.error

ALL 20 0 4 0.1667
AML 0 27 1 0.0357
MLL 4 2 14 0.3000
d ≥ 0.6 Confusion matrix

ALL AML MLL Class.error
ALL 22 0 2 0.0833
AML 0 27 1 0.0357
MLL 0 2 18 0.1000

d ≥ 0.8 Confusion matrix
ALL AML MLL Class.error

ALL 21 2 1 0.1250
AML 2 26 0 0.0714
MLL 3 1 16 0.2000
(h): SRBCT

d ≥ 0.4 Confusion matrix
1 2 3 4 Class.error
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