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Abstract
Cancer is a deadly disease which requires a very complex and costly treatment. Microarray data classification plays an important
role in cancer treatment. An efficient gene selection technique to select the more promising genes is necessary for cancer
classification. Here, we propose a Two-stage MI-GA Gene Selection algorithm for selecting informative genes in cancer data
classification. In the first stage, Mutual Information based gene selection is applied which selects only the genes that have high
information related to the cancer. The genes which have highmutual information value are given as input to the second stage. The
Genetic Algorithm based gene selection is applied in the second stage to identify and select the optimal set of genes required for
accurate classification. For classification, Support Vector Machine (SVM) is used. The proposedMI-GA gene selection approach
is applied to Colon, Lung and Ovarian cancer datasets and the results show that the proposed gene selection approach results in
higher classification accuracy compared to the existing methods.
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Introduction

Diagnosis of tumor or cancer at the early stage is vital for the
treatment of cancer [1]. Development of microarray data [2]
samples and the application of microarray data analysis tech-
niques play a major role in diagnosis and treatment of cancer.
Microarray data or microarray dataset is a numerical represen-
tation of microarray in the form of a data sheet or a data file.
Data mining techniques can be applied on this microarray data
to extract useful information and can be applied for genetic
analysis or research.

Cancer data samples contain large number of genes most of
which are either redundant or useless or sometimes both [3].
Since it has high dimensions, cancer data classification is dif-
ficult. The number of genes in a microarray data is relatively
higher than the number of samples by many folds and this
result in the problem of over-fitting of data [4]. To improve
the accuracy in classification and detection of cancer samples,
suitable genes should be selected. Hence, cancer classification
is done in two-stages; gene selection and then classification.
Identifying the relevant genes is a critical task as it is difficult
to obtain deeper information related to the genes.

Gene selection techniques in general are grouped into
three, namely: (1) Filter approach, (2) Wrapper approach
and (3) Hybrid approach. The filter-based approaches [5] se-
lect genes based on the general characteristics of the data
while considering each gene separately. Filter approaches ig-
nore the gene-to-gene dependencies in most cases and no
classification or evaluation is done when selecting the genes.
On the other hand, the wrapper approaches [6] take into con-
sideration the gene-to-gene dependencies and also use a clas-
sification model to evaluate the various gene subsets before
selecting the most promising gene subset. The filter ap-
proaches are less complex and easier to implement but they
provide lesser classification performance. The wrapper ap-
proaches provide better classification but suffer from high
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complexity and data over-fitting issue [7]. The hybrid ap-
proaches [8, 9] combine the advantages of both filter and wrap-
per approaches with better performance and less complexity.

Thanh Nguyen et al., [10] proposed a modified Analytic
Hierarchy Process (AHP) that uses multiple gene ranking
schemes to obtain an aggregate gene ranking that is used for
gene selection. Selected genes were fed to the HiddenMarkov
Model (HMM) for classification. TheModified AHP not only
improves the performance of HMM but also six other existing
classifiers. The quality of the gene subset taken depends on
gene-to-gene dependencies and gene-to-class relevance [11]
and different combinations of genes provide different results.
To calculate such dependencies and relevance, certain super-
vised and unsupervised measures have been used [12].
Algorithms such as the Tree Harvesting [13] use unsupervised
similarity measures to identify similar genes. Supervised tech-
niques on the other hand use predictive scores such as
Wilcoxon Test [14], t-Test Statistics [15], Cox Model Score
Test [16], Entropy [15], etc. Gene Clustering [17] and Gene
Shaving [18] are some of the most used supervised techniques
for estimating the dependencies between genes. Since all these
measures rely on the actual microarray data, they are prone to
noisy data and outliers.

Use of efficient learning strategies [19] can show deeper
characteristics about genes that can be used for efficient clas-
sification. Recently, evolutionary algorithms [20] have been
applied for gene selection process. Particle Swarm
Optimization (PSO) [21], Artificial Bee Colony Algorithm
(ABC) [22, 23] and Genetic Algorithm (GA) [23, 24] have
been applied for gene selection, Artificial Neural Networks
(ANN) [20, 22], and Fuzzy Logic System (FLS), [25] have
been used for classification. Genetic Algorithm (GA) is a
well-known and most used algorithm for identifying the most
suitable solution from a population of given solutions; which
in this case is the most promising gene subset [26]. The evo-
lutionary operations of GA can accurately identify the most
suitable genes from the microarray data.

Use of swarm optimization algorithms [27] is one of the
efficient strategies for gene selection and has given rise to
many gene selection techniques in recent times. Swarm opti-
mization works on natural principle of swarm intelligence of
nature to converge on the most optimal solution. Swarm opti-
mization algorithms such as Ant Colony Optimization (ACO)
[28], Artificial Bee Colony (ABC) [29], Particle Swarm
Optimization (PSO) [21], Bat Algorithm (BAT) [30], etc. have
been used for gene selection and dimensionality reduction.
Swarm optimization algorithms are relatively simple and effi-
cient for gene selection compared to other complex ap-
proaches such as the Random Forest (RF) [31], Artificial
Neural Networks (ANNs) [22] and Fuzzy Logic System
(FLS). But hybrid techniques using swarm intelligence pro-
vide promising results in gene selection such as the rough set
approach proposed by Suguna et al. [32] that uses the

Artificial Bee Colony (ABC) with Fuzzy Logic. Similarly,
Shokouhifar et al. [33] proposed a hybrid gene selection strat-
egy by combining the ABC with that of the Neural Networks
(NN) that provides better results compared to standard ABC
approach. Recent times also focus the use of Deep Learning
algorithms for cancer classification as in [34, 35].

Both filter and wrapper approach are used for gene selec-
tion, such as the wrapper approach proposed by Nakamura
et al. [31] with Bat Algorithm and the filter approach pro-
posed by Xue et al. [36] using Particle Swarm Optimization
(PSO). Due to better efficiency in classification, the wrap-
per approaches have been preferred mostly especially tech-
niques using PSO have been studied largely due to its less
complexity and better characterization using lesser number
of parameters [37].

Gene selection also features certain interesting hybrid algo-
rithms such as the one proposed by Hala M. Alshamlan et al.,
[24] that use a unique Genetic Bee Colony (GBC) algorithm
for selecting informative genes for classification by combin-
ing the Genetic Algorithm (GA) and Artificial Bee Colony
(ABC) algorithms. By combining the characteristics of both
the algorithms, the GBC algorithm was able to handle both
binary-class and multiple-class cancer datasets with better ac-
curacy in both [38]. Advanced Neural Network based learning
models also provide efficient gene selection techniques.

The complexity of Genetic Algorithm and the possibility of
large population size cannot be handled due to the high di-
mensionality of microarray data [39]. A less complex solution
is proposed here that considers only the most informative
genes from the original microarray data for population gener-
ation in Genetic Algorithm. For selecting themost informative
genes the Mutual Information measure is used [40]. As
Mutual Information depends only on the probability distribu-
tion of the random variable, it is not affected by noisy data and
outliers like the other measures [41].

In this regard, we propose a hybrid two-stage gene selec-
tion algorithm in this paper with the aim of obtaining maxi-
mum cancer classification accuracy by combining the charac-
teristics of Genetic Algorithm (GA) with the Mutual
Information (MI) measure. The first stage of proposed MI-
GA algorithm uses Mutual Information to select the set of
relevant genes suitable for classification. In the second stage,
the Genetic Algorithm is used to identify the most promising
gene subset from all candidates obtained using the selected
genes from first stage. To further improve the classification
accuracy, SVM classifier is used to effectively classify the
cancer samples.

The rest of this paper is organized as follows. Section 2
provides the detailed state-of-art in gene selection and classi-
fication including recent works. The preliminaries related to
the proposedmethod are discussed in Section 3. The proposed
gene selection and classification algorithms are explained in
Section 4. Experimental results with three microarray data and
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the inferences made are discussed in Section 5. Finally,
Section 6 offers concluding remarks with possible future
work.

Proposed cancer classification approach

Classification of cancer samples is a critical process as it de-
pends on the combination of genes used for the classification.
The proposed cancer classification approach In the first stage,
MI based algorithm is applied to select a subset of informative
features and GA is applied over this subset to identify the
optimal features. Support Vector Machine (SVM) based clas-
sifier uses hyperplanes to identify the type of class for each
sample within the microarray data. In the proposed cancer
classification strategy BNo Cancer^ is represented by ‘0’ and
BCancer^ data is represented by ‘1’. Figure 1 shows the over-
all process of the proposed cancer classification.

The obtained gene subset from the MI-GA approach is
processed using SVM separately with various kernel
functions.

Different microarray cancer data will be difficult to analyze
and understand all the patterns using the same kernel function.
In order to make the classification more suitable and flexible
for different microarray data, multiple kernel functions have
been used and the most suitable one for the given cancer mi-
croarray data will be identified and chosen for classification.

Proposed two stage gene selection algorithm

Consider a cancer microarray dataM(S,G,C) that consists of
n samples, d genes and k class labels in such a way that the
sample set S is represented as S = {s1, s2, … , sn} and the set of
all genes in the data is represented as G = {g1, g2, … , gd}.
The set of class labels is represented as C = {c1, c2, … , ck}
where k = number of class labels within the class. The value of

Fig. 1 Process flow of proposed cancer classification approach

J Med Syst (2019) 43: 235 Page 3 of 11 235



the genes inside any given sample Si is represented as
gi1; g

i
2;…; gid

� �
where i = 1, 2,… , n.

The process flow of the two-stage MI-GA gene selec-
tion process is shown in Fig. 2. In the stage1, the impor-
tant features are selected based on the Mutual Information
value. The Mutual Information based gene selection is a
filter approach that selects the genes that have a higher
information gain with the cancer class. The selected genes
are fed to the Genetic Algorithm based gene selection
which is a wrapper based approach which identifies the
most promising gene subset. Since redundant and useless
genes are removed in the first stage of gene selection, the
obtained gene subset from second stage contains only the
most informative genes.

The objective of the proposed method are: (1) To select the
most suitable gene subset from any microarray cancer data,
and (2) To classify the cancer samples accurately using the
selected gene subset to obtain better classification accuracy in
any given microarray cancer data.

The obtained gene subset from the hybrid two-stage gene
selection algorithm is then given to the final classification
stage. The details of the MI-GA based gene selection are pre-
sented in the following sub sections.

Informative gene selection using mutual
information

According to probability theory, the Mutual Information be-
tween any two random variables is the dependency of one
variable over the other in a mutual aspect that shows the
amount of information that can be obtained about one variable
if the other is known. In a given system with two random
discrete variables X and Y, where X is the input variable with
NX possible values x ∈ X and Y is the output variable with NY

possible values y ∈ Y. The amount of uncertainty is the mea-
sure of Mutual Information that can be related to entropy.
Mutual Information between these variables, denoted as I(X;

Fig. 2 Process flow of Gene Selection stage
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Y) can be expressed using entropy and conditional entropy as
given below.

I X ; Yð Þ ¼ H Yð Þ−H Y jXð Þ ð1Þ

Here, H(Y) is the amount of uncertainty in the output var-
iable Y as expressed in Eq. (2) and H(Y| X) is the amount of
uncertainty still retaining in the output variable Y if input
variable X is known as expressed in Eq. (3). The difference
between the two provides the amount of information gained
about the output variable Y if the input variable X is known.

H Yð Þ ¼ − ∑
j¼1

NY

P y j
� �

*log P yj
� �h i

ð2Þ

Here, P(yj) is the probability of occurrence of the event Y =
yj and P(xi) is the probability of occurrence of the event X = xi
in the given data. P(yj| xi)is the conditional probability that
denotes the probability of occurrence of the event Y = yj when
given the event X = xi.

H X jYð Þ ¼ − ∑
i¼1

NX

P xið Þ* ∑
j¼1

NY

P y jjxi
� �

*log P y jjxi
� �h i" #

ð3Þ

The higher mutual information denotes a higher knowledge
about the output variable and lesser uncertainty. In the case of
microarray cancer data the genes with higher mutual informa-
tion provides better information for accurate classification.

Genetic algorithm based feature selection

In the second stage, the process of selecting the important
features is formulated as an optimization problem with maxi-
mization of accuracy as the objective. This is mathematically
stated as

Maximize CCð Þ ð4Þ

Where CC is the number of correctly classified samples.
We apply Genetic Algorithm to solve this optimization

problem. Genetic Algorithm is a meta-heuristic algorithm that
works based on the process of natural selection to obtain op-
timal and high-quality solutions by applying genetic operators
namely, Selection, crossover and mutation to produce off-
spring. The set of possible solutions to the given problem
are called as the initial population and each member of the
population is called as chromosome. A chromosome is built
using a collection of genes and all chromosomes have the
same number and type of genes. Multiple genes are selected
from the population that are genetically bred using crossover
and mutation with the aim to obtain next generation offspring
with better fitness during the optimization process. Crossover
and mutation are the two operators that are used for generating

the new population. In crossover process, two chromosomes
(parents) are combined together to form new chromosomes,
called offspring. The crossover operator is applied repeatedly;
genes of good chromosomes are appearing in the population.
Crossover is usually applied in a GAwith a high probability.
Mutation plays an important role in GA. Some random chang-
es occurs in the characteristics of chromosomes when apply-
ing the mutation operator.

Many generations of GA run is required till a solution with
maximum fitness is obtained and this is returned as the most
optimum solution for the problem.

The standard Genetic Algorithm requires two criteria to be
followed before implementing the optimization process; (1)
Genetic Representation of the domain that contains the list
of possible solutions and (2) A Fitness Function is needed to
evaluate the solutions. The most common representation
adopter is using a bit array. The fitness function is formed
from objective function that defines the closeness of a solution
to achieve the desired goals. The efficiency in designing the
fitness function decides the ability of the Genetic Algorithm to
converge to the appropriate solution.

A gene subset with high classification accuracy is said to
have better fitness. The fitness of gene subset S is calculated
using,

Fitness Sð Þ ¼ Claification Accuracy of dataset M when gene subset S is used

100

ð5Þ

After computing the fitness value, the three genetic opera-
tors namely, selection, crossover and mutation will be applied
repeatedly until the condition is reached. The details of the
genetic operators are given in [42, 43]. 50 features will be
selected through the Mutual Information process and that will
be given as input to the Genetic Algorithm. At the end of the
Genetic Algorithm process, 10/20 features will be selected. In
the result section, these are discussed in detail.

Support vector machine classifier

The Support Vector Machine is a supervised learning al-
gorithm used for the analysis of data during classification.
The SVM processes the training dataset or the training
data that contains n data points that are in format x!1; y1

� �
,

x!2; y2
� �

,…, x!n; yn
� �

∀i ¼ 1; 2;…; n. Here x!i denotes the
ith data point and is represented as a p-dimensional real
vector that is generated by using the samples from the
input dataset. yi denotes the class to which the vector x!i

belongs and this is represented as 0 and 1. The goal of
SVM is to identify the hyperplane that divides the set of
all vectors that belong to yi = 0 and yi = 1 that have the
maximum distance between the hyperplane and the
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nearest point from both the groups. The hyperplane for a
set of vectors x! is expressed as given in Eq. (6),

w!: x!−b ¼ 0 ð6Þ

Here w! is the normalized vector to the hyperplane and b
represents the bias value that is used to define the offset and
angle of the hyperplane. For defining the offset b of the hy-
perplane with respect to the origin along the normal vector w!
the b

�
w!		 		 parameter is used.

The hyperplane is generated by using a specific kernel
function that is used to represent the vectors from the input
dataset. The most commonly and used kernel functions for
learning are: (1) Linear Function– k(xi, xj) = xi. xj, (2)
Polynomial Function – k(xi, xj) = [xi. xj + c]d, (3) Quadratic
Function – k(xi, xj) = [xi. xj + c]2, (4) MLP Function – k(xi, y-
i) = tanh (kxi. xj + c)and (5) Radial Bias Function – k(xi, xj) =

exp (−γ|xi − xj|
2). where K is the kernel function, xi, xj are n

dimensional inputs, d is the degree of the polynomial. c is a
constant that allows to trade off the influence of the higher
order and lower order terms. In this paper, the SVM is trained
separately with all the 5 kernel functions.

Results and discussion

The proposed approach has been applied for gene selection in
three microarray datasets given in Table 1. The split up of data
into training and testing data has been given in Table 1. The
data has been split in such a way that the training data size is
equal to or greater than the testing data size. This is done to
make sure there is sufficient amount of data available for
training.

The implementation has been done using the MATLAB
environment installed in a system with Intel Core i7
Processor, 16 Giga Byte of RAM, 1 Tera Byte of Hard Disk
and having 64-bit Windows 10 Operating System.

In Genetic Algorithm (GA), the following values have
been used for Mutation and Crossover.

Population size = 20.
Mutation rate = 0.05.
Crossover rate = 0.6.
Total number of generations r = 20.

Table 1 Test dataset details

Dataset Number of
Samples

Number of Genes Training
Samples

Testing
Samples

Colon Cancer 62 2000 31 31

Lung Cancer 203 12,600 101 102

Ovarian Cancer 253 15,154 126 127

Fig. 3 Comparison of classification accuracy of Colon Cancer dataset using 10 genes
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Initially the Colon Cancer dataset is used to test the effec-
tiveness of the proposedMI-GA gene selection algorithm. All
five SVM kernel functions have been used for Classification.
To obtain the optimal gene subset 50 genes were selected from
the MI stage and given to the GA. For comparison gene se-
lection was done using 4 existing approaches and selected
genes were given to the classifier. The 4 existingmethods used
for comparison are Clustered Gene Selection (C-Sel), Non-
clustered Gene Selection (NC-Sel), Genetic Algorithm based
Gene Selection (GA-Sel) and Mutual Information based Gene
Selection (MI-Sel).

Figure 3 shows the result obtained by the various ap-
proaches. It can be seen that the proposed two-stage MI-GA
gene selection approach produces better classification accuracy
in Colon Cancer dataset compared to the existing approaches
when using all the five kernel functions in the SVM classifier.
By using only 10 genes, the proposed approach was able to
achieve a classification accuracy of 96.77% which is much
higher than the existing approaches. Next, the proposed MI-
GA gene selection approach is executed with 10 genes and 20
genes selected from the MI stage. In this case, the execution
time is also recorded along with the classification accuracy.
The experiment is conducted for each of the cancer microarray
datasets that are mentioned in Table 1. The comparison of

classification accuracy and execution time of MI-GA gene
selection approach using all five kernel functions and by
selecting different number of genes from the MI stage are
displayed in Figs. 4, 5 and 6 for the Colon Cancer, Ovarian
Cancer and Lung Cancer datasets respectively.

From Fig. 4 it can be obtained that the Colon Cancer mi-
croarray dataset obtains maximum classification accuracy of
100% when using the polynomial kernel function. The least
accuracy is seen when using the MLP and RBF kernel func-
tions and especially in case of MLP the accuracy is too low.
This is because since RBF and MLP are neural network based
functions they tend to deviate more in case of random gene
values that are not normalized and stays in a large search space
and this affects the overall accuracy of the Colon Cancer
dataset. In case of execution time, average the MLP kernel
function obtains better results compared to the other kernel
functions. The Linear kernel function obtains higher execution
time in case of Colon Cancer microarray dataset.

From Fig. 5 it can be seen that the linear kernel function
obtains a maximum classification accuracy of 100% but still
the other kernel functions also provide promising results. The
execution time is also least in case of the linear kernel function
but the Quadratic kernel function takes more execution time.
In general, the proposed MI-GA gene selection performs well

Fig. 4 Colon Cancer classification accuracy and execution time using MI-GA approach
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in any SVM kernel for the Ovarian Cancer dataset. This is
because the gene values in the Ovarian cancer dataset are
normalized within the range 0 to 1 and this makes it easier
for the SVM kernel to implement the learning process respec-
tive of the kernel function used.

Finally as shown in Fig. 6, for the Lung Cancer microarray
dataset only obtain a maximum classification accuracy of
81.37% obtained when using Polynomial kernel function in
SVM. Optimal results are obtained from Quadratic, RBF and
Linear kernel functions also. The performance of MLP kernel
function is not up to the mark. The Lung Cancer gene values
are spread over a large search space and the values are not
normalized. This makes the learning process more complex
and reduces the accuracy. But still the proposed MI-GA gene
selection approach obtains a maximum classification accuracy
of 81.37% for the Lung Cancer dataset that is higher than
many existing gene selection approaches. In terms of execu-
tion time the RBF and MLP functions perform better but this
is not really important if the classification is not satisfactory.

Performance Evaluation

To demonstrate the efficiency of the proposed approach in
microarray data classification, additional matrices like True

Positive Rate (TPR), False Positive Rate (FPR), False
Negative Rate (FNR), True Negative Rate (TNR), Precision,
Prevalence, Accuracy, F1 score are evaluated. True Positive is
the case in which we predicted 1 and the actual output is also
1. True Negative is the case in which we predicted 0 and the
actual output is 0. False Positive is the case in which we
predicted 1 and the actual output is 0. False Negative is the
case in which we predicted 0 and the actual output is 1.The
equations for the above metrics are given below

Accuracy ¼ Number of correctly Classified samples
Total number of Samples

ð7Þ

True Positive Rate ¼ True Positive
False Negativeþ True Positive

ð8Þ

False Positive Rate ¼ False Positive
False Positiveþ True Negative

ð9Þ

True Negative Rate ¼ True Negative
Falde Positiveþ True Negative

ð10Þ

False Negative Rate ¼ False Negative
True Positiveþ False Negative

ð11Þ

Fig. 5 Ovarian Cancer classification accuracy and execution time using MI-GA approach
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Precision ¼ True Positive
True Positiveþ False Positive

ð12Þ

Recall ¼ True Positive
True Positiveþ False Negative

ð13Þ

F1score ¼ 2*
Precision*Recall
Precisionþ Recall

ð14Þ

The results are reported in Table 2.
From the table it is clear that the accuracy obtained for dif-

ferent datasets is more than 80% in all cases and for Colon
Cancer andOvarian Cancermore than 95% accuracy is obtained
with only 10 and 20 genes. The precision value for them is also
above 95% which indicates the accuracy in classification of the
samples. This demonstrates the efficiency of the proposed hy-
brid gene selection algorithm for microarray data classification.

Fig. 6 Lung Cancer classification accuracy and execution time using MI-GA approach

Table 2 Performance Evaluation of MI-GA Gene Selection using Confusion Matrix

Dataset TPR FPR FNR TNR Precision Prevalence Accuracy F1 Score

Colon Cancer 0.9500 0 0.05 1.0 1.0 0.6452 0.9677 0.9744
10 Genes Linear

Colon Cancer 0.95 0.0909 0.05 0.9091 0.95 0.6452 1.0 0.95
20 Genes Polynomial

Ovarian Cancer 1.0 0.0435 0 0.9565 0.9759 0.6378 0.9842 0.9878
10 Genes Linear

Ovarian Cancer 1.0 0.0435 0 0.9565 0.9759 0.6378 0.9921 0.9878
20 Genes Linear

Lung Cancer 0.8286 0.2188 0.1714 0.7813 0.8923 0.6863 0.8137 0.8593
10 Genes Polynomial

Lung Cancer 0.8286 0.4688 01714 0.5313 0.794 0.6863 0.8039 0.8112
20 Genes Polynomial
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Conclusion

Classification of cancer samples is a complex task since it
depends on many aspects such as the type of microarray
DNA samples, the type of cancer, the number of genes used
for classification and the information available within the gene
subset used. We proposed and implemented an efficient gene
selection approach for cancer classification in Colon Cancer,
Lung Cancer and Ovarian Cancer microarray data. The pro-
posed MI-GA gene selection approach uses a two-stage pro-
cess that employs Mutual Information based gene selection in
the first stage and Genetic Algorithm based gene selection in
second stage. Efficiency of the proposed gene selection ap-
proach is verified by using the SVM based classifier that uses
five variations and each variation uses different kernel func-
tions. For the experimentation purpose, a total of three micro-
array cancer datasets were taken with different characteristics
and class count. Both binary class and multi-class microarray
datasets were used. Experimental results show that the pro-
posed MI-GA gene selection approach performs better than
the existing approaches in all the datasets and produces max-
imum classification accuracy. In future, the machine learning
techniques such as Genetic Algorithm in combination with
Fuzzy Logic and Neural Network can be applied to obtain
better classification of microarray data set. This hybridization
may help in reducing the complexity of the classificationmod-
el and getting the better accuracy.
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