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GENE SELECTION VIA BPSO AND BACKWARD GENERATION FOR
CANCER CLASSIFICATION

Ahmed Bir-jmel, Sidi Mohamed Douiri∗ and Souad Elbernoussi

Abstract. Gene expression data (DNA microarray) enable researchers to simultaneously measure the
levels of expression of several thousand genes. These levels of expression are very important in the
classification of different types of tumors. In this work, we are interested in gene selection, which is an
essential step in the data pre-processing for cancer classification. This selection makes it possible to
represent a small subset of genes from a large set, and to eliminate the redundant, irrelevant or noisy
genes. The combinatorial nature of the selection problem requires the development of specific techniques
such as filters and Wrappers, or hybrids combining several optimization processes. In this context, we
propose two hybrid approaches (RBPSO-1NN and FBPSO-SVM) for the gene selection problem, based
on the combination of the filter methods (the Fisher criterion and the ReliefF algorithm), the BPSO
metaheuristic algorithms and the Backward algorithm using the classifiers (SVM and 1NN) for the
evaluation of the relevance of the candidate subsets. In order to verify the performance of our methods,
we have tested them on eight well-known microarray datasets of high dimensions varying from 2308 to
11225 genes. The experiments carried out on the different datasets show that our methods prove to be
very competitive with the existing works.
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1. Introduction

The recent advance in DNA microarray technology [34] has allowed researchers to analyze the expression
levels of several thousands of genes simultaneously. These levels are very important for cancer classification.
The raw microarray data is transformed into gene expression matrices. Generally, a row in the matrix represents
an experimental condition (sample), and a column represents a gene. The numeric value mij is the expression
level of the jth gene in the ith sample see Table 1.

For most biological problems, each cell line contains information about the state (class) of a tissue (cancerous
or not) under a given experimental condition. By means of the interesting class information, we can formulate
the DNA microarray analysis as a supervised classification task [25].
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Table 1. A gene expression matrix.

Geneid Gene1 Gene2 · · · GeneN

Sample1 m11 m12 · · · m1N

Sample2 m21 m22 · · · m2N

Sample3 m31 m32 · · · m3N

...
...

...
. . .

...
SampleM mM1 mM2 · · · mMN

However, gene expression data has characteristics of high dimension, high noise, and small sample size. This
noisy data limits the performance of classifiers. As we have a small number of samples whereas each sample is
described by a very large number of genes, one of the main challenges in gene expression analysis is to select a
small subset of genes that contain the necessary information and relevant to a given cancer [29].

In this context, the feature (gene) selection has become the object that attracts the attention of many
researchers over the last few years, this selection makes it possible to identify and remove unneeded, irrelevant
and redundant attributes that penalize the performances of the classifiers. It also facilitates interpretation
and understanding of medical and biological aspects, thus, it defies the curse of dimensionality to improve
the performance of classification methods. Generally, there are two subclasses of feature selection algorithms
namely: Filter methods and Wrapper methods [23]. In Filter Approaches the selection is independent of the
classifier used, the principle of these methods consists in evaluating each feature individually, to assign it a score.
The feature selection is done by choosing the best ranked features. These methods are easily implemented.
The main negative point of these methods is that they evaluate the features individually by neglecting the
possible interactions with the other features. In the literature, there are several individual gene ranking methods
(Filter) methods such as Fischer score [16], t-test [19], signal-to-noise-ratio [31], information gain [40], and
ReliefF [24], etc. While as in Wrapper methods, the features are selected using the classifier. Their general
idea consists of generating candidate subsets and evaluating them using a specific classifier, these methods
give a high performance (accuracy), and they are simple: just generate and evaluate. Although, they typically
suffer from increased computational cost and possible overfit [23]. In Wrapper methods meta-heuristics are
commonly used to generate high-quality subsets of features, the evaluation is carried out by using a specific
classifier.

Examples of classifiers used for evaluating each candidate solution include K-nearest neighbor (KNN) and
support vector machines (SVMs). They are listed in the top 10 most influential data-mining algorithms in the
research community [42].

The first works on the classification of oncological data were published at the end of the 1990s [3,14]. In [14],
for example, the data obtained from DNA microarray made it possible to discriminate two forms of leukemia.
Moreover, among the 6817 genes tested, a small number of genes (about 50) appear to be very important for
the recognition of the two forms of the disease.

The common goal of metaheuristic algorithms is to find near-optimal solutions for a given problem, as of
example the PSO, ACO, and GA are considered as the most popular population-based metaheuristics that
can be used for combinatorial optimization in which an optimal solution is sought over a discrete search-space.
Particularly the gene selection problem, as such there is no best algorithm in data mining. Several researchers
have utilized metaheuristics methods for solving gene selection problem, in order to facilitate recognition of
cancer cells: PSO [1, 2, 6, 8, 9, 29, 32] genetic algorithm [2, 29, 33]; ACO [7, 28, 36, 39, 44], Binary Differential
Evolution (BDE) algorithm [5], and incorporating imperialist competition algorithm (ICA) [41].

The Particle Swarm Optimization algorithm (abbreviated as PSO) is a Population-based metaheuristic [20].
Thanks to its efficiency, simple concepts and rapid convergence, it has been used to solve several optimization
problems in different fields. In PSO each particle presents a candidate solution for the problem, the particles
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are assumed to “fly” over the search space, searching for the global optimum. The displacement of each particle
is influenced by its velocity and the best particle position.

In the context of gene selection for cancer classification, there are thousands of genes, then it is inefficient
to adopt an evolutionary algorithm directly in a microarray dataset without passing by a pre-treatment step.
In this step, a subset of genes is selected by using a filter selection method in the majority of cases, then an
evolutionary algorithm is employed to select the final subset [39]. As examples, Chi-square statistics and a
GA are used in [27]. Information gain filter and a memetic algorithm in [46], information gain and improved
simplified swarm optimization [26]. Zhao et al. proposed a hybrid approach by combining Fisher score with a
GA and PSO [45]. ReliefF, mRMR (Minimum Redundancy Maximum Relevance) and GA [37].

Thus, metaheuristics have been successfully used for solving the gene selection problem which known to be
NP-hard [4, 12]. In this study, we propose two hybrid approaches for solving the gene selection problem. The
first proposed approach is based on the combination of a Filter type method using Fisher Score [16], and a
wrapper method based on PSO and Local Search algorithm (hill climbing) guided by SVM classifier. In this
approach, the role of SVM is to evaluate a candidate gene subset generated. The second approach is similar to
the first, just we replace Fisher Score by ReliefF algorithm [24], and we use a 1NN classifier to evaluate candidate
solutions. These proposed approaches have not been previously investigated. Moreover, this work investigates
the performance of our methods, by applying them to eight gene expression data sets, including binary classes
and multiclass data sets.

This paper is organized as follows: In the next section we present our new gene selection methods. The third
section presents the experiments that we have carried out to evaluate our approaches. Finally, we conclude our
paper.

2. Methods

2.1. Filter approaches

To apply the Filter approach, we need to define some tools to assign a score to a gene.

2.1.1. Fisher score Fi

Allows to measure the degree of separability of the classes, by means of a given gene gi. It is defined by:

Fi =
∑c

k=1 nk(µi
k − µi)2∑c

k=1 nk(σi
k)2

where c, nk, µk
i and σi

k represent respectively the number of classes, the effective, the mean and the standard
deviation of kth class corresponding to the ith gene. µi is the global mean of the ith gene.

We could say that the measure is related to the interclass variance of the gene.

2.1.2. ReliefF

This algorithm was introduced under the name of Relief in [22] and then improved and adapted to the multi-
class case by Kononenko [24], under the name of ReliefF. It does not just eliminate redundancy but also defines
a criterion of relevance (weight). This weight measures the ability of each gene to group the data similarly
labeled and discriminate those with different labels.

If the weight of a gene is large, it means that the data coming from the same class have close values, and the
data coming from different classes are well separated.

Gene selection problem can be viewed as an optimization problem, where we try to find the best gene subset
which maximizes an objective function f , then we need to define some search algorithms (Search Strategy).
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Figure. 1. An illustrated example with generated subset and particle representation.

1.3. Backward generation ( Hill Climbing )

Backward generation is a local search method for gene selection (Hill Climbing), in this iterative algorithm, we
start from a set of genes and we try to remove a not relevant gene at each iteration (the gene which does not
influence the accuracy of the classification must be eliminated). The coding of the candidate solutions is the same
of BPSO [fig.2].

Figure. 2. Example illustrates the simulation of two iterations of the backward approach; g5 and g10 are
not relevant.

Let f be a function that evaluates the quality of a subset of gene. The follow algorithm presents the backward
generation.

Algorithm 1 Backward generation
1: Input : candidate solution X (genes subset), maximum number of iterations itmax

2: Output : Xbest

3: Begin
4: for (i = 1 : itmax) do
5: Randomly choosing a gene (gi) from X
6: X ′ = X\gi

7: if (f(X’)>f(X)) then
8: X=X’
9: end if

10: end for
11: Xbest = X
12: End

5

Figure 1. An illustrated example with generated subset and particle representation.

2.2. Binary particle swarm optimization

Binary Particle Swarm Optimization (BPSO) is a population-based metaheuristic proposed by Kennedy and
Eberhart [21]. The BPSO algorithm is inspired by the social behavior of swarms, such as bird flocking or fish
schooling. It is the adaptation of the PSO algorithm to solve binary optimization problems.

In gene selection, the position of each particle i, Xi = [x1
i , x

2
i , . . . , x

p
i ] (binary coded) presents a candidate

solution (gene subset) in a p-dimensional space, where each bit of the particle represents a gene, if a bit has a
value of “1”, this means that gene has been selected. On the other hand, a value of “0” indicates that the gene is
not selected in the subset (Fig. 1). The movement of a particle is influenced by its velocity Vi = [v1

i , v
2
i , . . . , v

p
i ],

its best position already visited Pi = [p1
i , p

2
i , . . . , p

p
i ] and its best neighbour’s position Pgi = [p1

gi, p
2
gi, . . . , p

p
gi].

The update of Xi and Vi is done as follows:

vd
i = w ∗ vd

i + c1 ∗ U(0, 1) ∗ (pd
i − xd

i ) + c2 ∗ U(0, 1) ∗ (pd
gi − xd

i ). (2.1)

Sig(t) =
1

1 + e−t

xd
i =

{
1, if Sig(vd

i ) > U(0, 1)
0, otherwise

(2.2)

where i = 1 . . .m, and
d = 1 . . . p.

Where U is a uniformly distributed random variable, c1 and c2 are positive constant, represent the acceleration
coefficients, indicating the cognitive and the social learning factors, respectively. w is the inertia weight. The
values of the velocities are between vmin and vmax. The size of the swarms is m.

The function Sig is used to transform the velocity vector into a set of probabilities. Where Sig(vd
i ) represents

the probability of bit xd
i taking the value 1. The initial swarm is generated randomly.

2.3. Backward generation (Hill Climbing)

Backward generation is a local search method for gene selection (Hill Climbing), in this iterative algorithm,
we start from a set of genes and we try to remove a not relevant gene at each iteration (the gene which does
not influence the accuracy of the classification must be eliminated). The coding of the candidate solutions is
the same of BPSO (Fig. 2).

Let f be a function that evaluates the quality of a subset of gene. The follow algorithm presents the backward
generation.
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Figure 2. Example illustrates the simulation of two iterations of the backward approach; g5

and g10 are not relevant.

Algorithm 1. Backward generation.
1: Input: candidate solution X (genes subset), maximum number of iterations itmax

2: Output: Xbest

3: Begin
4: for (i = 1 : itmax) do
5: Randomly choosing a gene (gi) from X
6: X ′ = X\gi

7: if (f(X′) > f(X)) then
8: X=X′

9: end if
10: end for
11: Xbest = X
12: End

2.4. Selection criteria

We studied some search strategies for finding the optimal gene subset. We now need to define “what is a
good gene subset?” Without defining a measure for the evaluation of each subset, we can’t talk about the best
or optimal gene subset [30].

This evaluation can be often measured by an objective function f which presents a compromise between the
number of genes selected and the classifier’s accuracy, in gene selection we seek to maximize predictive accuracy
and minimize the number of genes used.

In order to estimate predictive accuracy, we need a classifier that can be tested on the test data after learning
from the training data. In this study we use two classifiers: Linear SVM and KNN.

2.5. Linear SVM

Support Vector Machine (SVM) is specifically designed for two-class problems (binary classification) [10,35].
The basic principle of SVM is to find the optimal hyperplane wTx + b = 0 (w denotes the normal vector

of the hyperplane) that separates two classes in a training data of labeled samples. This hyperplane is the one
that maximizes the distance between the two classes (the margin). When addressing nonlinear problems, SVM
adopts the nonlinear kernels to map data to a higher dimensional space in order to easily find the boundary



274 A. BIR-JMEL ET AL.

decision. However, when the dimension is already high; especially the number of features (gene expression data),
the nonlinear mapping does not improve the performance. Using the linear kernel is good enough [17,18,43].

The following function allows us to classify the new examples:

Class(x) = sgn(wTx+ b).

SVM can be adapted to handle multiclass classification problems [15]. In our methods, we use one-against-all
strategy.

2.6. K-Nearest Neighbor (KNN)

The K-Nearest Neighbor method is a supervised learning algorithm was first introduced by Fix and Hodges in
1951 [13]. KNN is based on the notion of proximity (Neighbor) between examples, and on the idea of reasoning
from similar cases to make a decision [11].

The class of a new example is given by a majority vote of its K neighbors. The K neighbors are determined
by the Euclidean distance which is defined as follows:

D(Xp, Xq) =

√√√√ N∑
i=1

(xpi − xqi)2.

2.7. Fitness function

For each candidate solution X, the quality of X is evaluated by a fitness function f according to two criteria:
the ability to obtain a good classification accuracy with this subset of genes and the number of genes contained
in this subset. More formally, the fitness value is calculated as follows:

f(X) = w1 ∗ CAClassifier(X) + (1− w1) ∗
(

1− #genes
p

)
,

where w1 is a weight coefficient in [0, 1] that controls the aggregation of both objectives, #genes the number of
selected genes in X and p the dimension of the vector X.

The fitness function seeks to maximize the classification accuracy (CAClassifier) obtained with a determined
classifier constructed on the subset of genes X, calculated by using LOOCV (leave one out cross validation). The
second term assures the fact of preferring subsets with less number of genes. our aim is to maximize the function
f . And as our main objective is to find a subset of genes with a maximum accuracy, we choose w1 = 0.98.

Mention that “CAClassifier” is nothing but the average of the r accuracy calculated by the classifier, where
accuracy is the percentage of samples correctly classified calculated as follows:

accuracy =
# of correctly predicted samples

# of samples
·

2.8. Proposed methods

The originality of our methods stems from the combination of two different approaches Filters (Fisher score
and ReliefF) and Wrappers (the BPSO metaheuristic combined with a local search algorithm) to select a small
number of highly relevant genes responsible for cancer classification which facilitates early prognosis of the
disease. These proposed methods enrich the state of the art of gene selection.

2.8.1. General structure of the proposed approaches

The general procedure of our approaches can be described by a three-step sequential process that uses
complementary techniques to gradually reduce the search space and select a relevant subset of genes (Fig. 3).
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Step 1: It is a pre-treatment step that has the objective of filtering the irrelevant genes, for example, genes
whose expression levels are uniform regardless of the class. Further, there are thousands of genes, then it
is inefficient to adopt an evolutionary algorithm such as a binary particle swarm optimization (BPSO)
directly in a microarray dataset without filtration. The output of this pre-treatment is a set of genes
classified in order of relevance according to a determined score. This is a preliminary step for reducing
the size of DNA microarray data. The number of pre-selected genes p was set at 300.

Step 2: This step consists of a Wrapper method, where (BPSO) generates subsets of genes evaluated by a
specific classifier, starting from the genes retained by the previous filtering.

Step 3: This step is based on a Backward type sequential generation method, applied to the set of genes
selected in step 2. the aim of this step is to improve the solutions given by particles and provide good
solutions within a reasonable time.

Algorithm 2 shows an outline of the proposed approaches.

Algorithm 2. Proposed Approach.
Input: DNA microarray data ; nmax ;m ;p ;itmax; vmin; vmax, w, c1; c2

Output: Xbest

3: Begin
Step 1:
Apply a Filter algorithm to choose the p best ranked genes.

6: Step 2:
k=0;
Randomly initialize the swarm

9: while k < nmax do
for i = 1 ; i ¡= m ; i++ do

Evaluate the fitness of the particle Xi by a specific Classifier.
12: if (fitness value of Xi is greater than that of Pi) then

Pi = Xi

if (fitness value of Xi is greater than that of Pgi) then Pgi = Xi

15: end if
end if
Calculate the velocity Vi+1 by using (3)

18: for d = 1 ; d ¡ N ; d++ do
if (vd

i+1 > vmax) then
vd

i+1 = vmax

21: end if
if (vd

i+1 < vmin) then
vd

i+1 = vmin

24: end if
if (Sig(vd

i+1) > random()) then
Xd

i+1 = 1
27: elseXd

i+1 = 0
end if

end for
30: end for

k=k+1
end while

33: Step 3:
Apply the backward algorithm (Algorithm 1) to Pgi.
Return Xbest.



276 A. BIR-JMEL ET AL.TITLE WILL BE SET BY THE PUBLISHER

Figure. 3. Flowchart of our proposed approaches for gene subset selection in DNA microarray data.

FBPSO-SVM

Our first proposed method for gene selection (FBPSO-SVM) based on the combination of two approaches for
gene selection: the Filter approach through a generalized Fisher score for the multiclass and the approach Wrapper
through a binary PSO combined with a heuristic local search algorithm called the backward generation. In this
method, the quality of the candidate subset of genes is measured by using a multiclass SVM classifier with a
Leave-one-out-cross-validation (LOOCV). The choice of the SVM classifier is justified by its proven robustness for
a high-dimensional data.
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Figure 3. Flowchart of our proposed approaches for gene subset selection in DNA microarray data.

2.8.2. FBPSO-SVM

Our first proposed method for gene selection (FBPSO-SVM) based on the combination of two approaches
for gene selection: the Filter approach through a generalized Fisher score for the multiclass and the approach
Wrapper through a binary PSO combined with a heuristic local search algorithm called the backward generation.
In this method, the quality of the candidate subset of genes is measured by using a multiclass SVM classifier
with a Leave-one-out-cross-validation (LOOCV). The choice of the SVM classifier is justified by its proven
robustness for a high-dimensional data.

The following diagram represents the general structure of our first Approach (see Fig. 4 below).

2.8.3. RBPSO-1NN

The second approach (RBPSO-1NN) is derived from the first one (FBPSO-SVM), the only two differences
are:

• In the first step (Filter step), the Fisher criterion is replaced by the ReliefF algorithm.
• For the fitness function used in the wrapper approach, the 1NN classifier was chosen, after several experiments

it was found that KNN is suitable for data filtered by ReliefF (since both use the notion of neighborhood and
distance).
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The following diagram represents the general structure of our first Approach:

Figure. 4. General diagram of FBPSO-SVM.

RBPSO-1NN

The second approach (RBPSO-1NN) is derived from the first one (FBPSO-SVM), the only two differences are:
• In the first step (Filter step), the Fisher criterion is replaced by the ReliefF algorithm.
• For the fitness function used in the wrapper approach, the 1NN classifier was chosen, after several ex-
periments it was found that KNN is suitable for data filtered by ReliefF (since both use the notion of
neighborhood and distance ).

2. Experiments and results

The implementation of the proposed approaches (FBPSO-SVM) and (RBPSO-1NN) is done under Matlab.
As far as the SVM classifier is concerned, we have chosen a predefined binary linear classifier.
In the case where the number of classes exceeds two, we have developed a SVM classifier based on the ’One-against-
all strategy ’.
For the KNN classifier and the ReliefF algorithm, we used predefined functions in Matlab.
We chose the datasets from (Gene Expression Model Selector [43]) for experiments.

The rest of this section is devoted to the presentation of the datasets used and the analysis of the experimental
results.

2.1. Environment

To evaluate our approaches, we have chosen datasets (DNA microarray ), all of which concern problems of
recognition of cancers imported since (Gene Expression Model Selector [43]).
We have used publicly available, easily accessible datasets that are used in many data supervised classification work.
The details of the datasets are presented in the Table (Tab 2). The choice of the latter depends on a multitude
of specificities (binary or multi-classes, number of genes, number of samples). Some datasets have binary classes
(Prostate_Tumor, DLBCL) while others have multi-classes (Leukemia1, Lung Cancer ...). Some of them have a
smaller number of samples (Brain_Tumor2, 9_Tumors ...), while others have a higher number (Prostate_Tumor
...).
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Figure 4. General diagram of FBPSO-SVM.

3. Experiments and results

The implementation of the proposed approaches (FBPSO-SVM) and (RBPSO-1NN) is done under Matlab.
As far as the SVM classifier is concerned, we have chosen a predefined binary linear classifier.
In the case where the number of classes exceeds two, we have developed a SVM classifier based on the “One-
against-all strategy”.
For the KNN classifier and the ReliefF algorithm, we used predefined functions in Matlab.
We chose the datasets from (Gene Expression Model Selector [38]) for experiments.

The rest of this section is devoted to the presentation of the datasets used and the analysis of the experimental
results.

3.1. Environment

To evaluate our approaches, we have chosen datasets (DNA microarray), all of which concern problems of
recognition of cancers imported since (Gene Expression Model Selector [38]).
We have used publicly available, easily accessible datasets that are used in many data supervised classification
work.
The details of the datasets are presented in the Table 2. The choice of the latter depends on a multitude of
specificities (binary or multi-classes, number of genes, number of samples). Some datasets have binary classes
(Prostate Tumor, DLBCL) while others have multi-classes (Leukemia1, Lung Cancer . . .). Some of them have a
smaller number of samples (Brain Tumor2, 9 Tumors . . .), while others have a higher number (Prostate Tumor
. . .).
As our approaches are designed to process data of high dimensions all these datasets are characterized by
thousands of genes ranging from 2308 to 11225 (high-dimensional data).



278 A. BIR-JMEL ET AL.

Table 2. Description of the datasets (DNA microarray) used.

Dataset name Diagnostic task
Number

of samples of genes of classes

9 Tumors 9 various human tumor types 60 5726 9
Brain Tumor1 5 human brain tumor types 90 5920 5
Brain Tumor2 4 malignant glioma types 50 10367 4
Leukemia1 Acute myelogenous leukemia (AML), acute lympboblastic

leukemia (ALL) B-cell, and ALL T-cell
72 5327 3

Leukemia 2 AML, ALL, and mixed-lineage leukemia (MLL) 72 11225 3
SRBCT Small, round blue cell tumors (SRBCT) of childhood 83 2308 4
Prostate Tumor Prostate tumor and normal tissues 102 10509 2
DLBCL Diffuse large b-cell lymphomas (DLBCL) and follicular

lymphomas
77 5469 2

TITLE WILL BE SET BY THE PUBLISHER

As our approaches are designed to process data of high dimensions all these datasets are characterized by thousands
of genes ranging from 2308 to 11225 (high-dimensional data).

Table. 2. Description of the datasets (DNA microarray) used.

Dataset Diagnostic Number
name Task of Samples of genes of classes

9_Tumors 9 various human tumor types 60 5726 9
Brain_Tumor1 5 human brain tumor types 90 5920 5
Brain_Tumor2 4 malignant glioma types 50 10367 4
Leukemia1 Acute myelogenous leukemia (AML), acute lympboblastic leukemia (ALL) B-cell, and ALL T-cell 72 5327 3
Leukemia 2 AML, ALL, and mixed-lineage leukemia (MLL) 72 11225 3
SRBCT Small, round blue cell tumors (SRBCT) of childhood 83 2308 4

Prostate_Tumor Prostate tumor and normal tissues 102 10509 2
DLBCL Diffuse large b-cell lymphomas (DLBCL) and follicular lymphomas 77 5469 2

2.2. Parameters

We note that our approaches have been run on an Acer Aspire 7750g laptop with Intel Core I5 2.30GHz processor
and 8GB RAM, under system running Windows 7 (64 bit).

As part of the study of our approach, several tests were carried out in order to adopt the best parameterization.
More exactly, we selected the best parametrization by setting first, a set of initial values for the parameters, then
we adjust the value of one parameter until the solutions could not be improved. We repeat the process until the
adjustment of all parameters did not provide a better solution. This process has been tested on two datasets of
cancer classification ( Brain_tumor1 and Brain_tumor2 ). As an example for the inertia weight w, the below figure
shows that w = 1 is the best value of w (Fig.5):

Figure. 5. the parametric study for the inertia weight w.

The number of genes to be selected by the filter approach (step 1) is set at 300.
The number of neighbors for ReliefF is set to 3. On the other hand, the number of neighbors for the KNN classifier
is set to K=1.

The parameters we have set for exploring the wrapper method are shown in the following table:
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3.2. Parameters

We note that our approaches have been run on an Acer Aspire 7750 g laptop with Intel Core I5 2.30 GHz
processor and 8 GB RAM, under system running Windows 7 (64 bit).

As part of the study of our approach, several tests were carried out in order to adopt the best parameterization.
More exactly, we selected the best parametrization by setting first, a set of initial values for the parameters,
then we adjust the value of one parameter until the solutions could not be improved. We repeat the process
until the adjustment of all parameters did not provide a better solution. This process has been tested on two
datasets of cancer classification (Brain tumor1 and Brain tumor2). As an example for the inertia weight w, the
below figure shows that w = 1 is the best value of w (Fig. 5):

The number of genes to be selected by the filter approach (step 1) is set at 300.
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Table 3. Parameters used for our methods.

Parameters Value

Swarm size m 30
Number of generations nmax 100
c1, c2 2
w 1
vmax 4
vmin −4
Backward generation, itmax 200

The number of neighbors for ReliefF is set to 3. On the other hand, the number of neighbors for the KNN
classifier is set to K = 1.

The parameters we have set for exploring the wrapper method are shown in the Table 3.

3.3. Results and comparisons

The objects of the experiments carried out on the eight datasets of (DNA microarray) are, on the one hand,
to test the effect of gene selection on the improvement of (the classification accuracy and the computational
time of classification) and, on the other hand, to show the performances of our approaches.

Given the non-deterministic nature of our approaches, ten independent runs (to compare run times) were
performed for each dataset and method.

The Table 4 illustrates the classification rates (LOOCV) for the eight datasets, these rates are obtained from
the SVM and 1NN algorithms without selection and then with selection by using our approaches, this table
emphasizes the interest of selection in a classification problem.

We analyze our results in four ways:

1. The number of genes selected by the 2 methods.
2. The classification accuracy.
3. The execution time.
4. The computational time of classification before and after the selection.

3.3.1. Discussion

The proposed approaches derive their effectiveness from the remarkable improvement in the classification
accuracy (shown in bold in Tab. 4), in all datasets (Fig. 6).

The “RBPSO-1NN” and “FBPSO-SVM” approaches reduce the number of genes compared to the original
number of genes in the datasets, we talk about a selection that ensures better accuracy.

In addition, for the “Brain Tumor2” dataset, the “FBPSO-SVM” approach has reached a classification
accuracy of 100% using 0.116% of the original genes only (12 genes from 10367). Similarly, for the “Leukimia2”
dataset the “RBPSO-1NN” approach gave a perfect accuracy using just 0.044% of the genes (5 genes from
11225).

The results show first that “FBPSO-SVM” and “RBPSO-1NN” perform similar performances for the majority
of datasets, with an advantage of FBPSO-SVM at the level of accuracy (in bold Tab. 4), except for “Leukimia2
and SRBCT” where “RBPSO-1NN” is the best according to the number of selected genes and execution time.
However the major difference between our two approaches is in “execution time”, in fact, “RBPSO-1NN” gives
good performance in a minimal time. This is due to the use of 1NN as a classifier (Fig. 7).

In the figures (Figs. 9, 11 and 13), the abscissa axis expresses the number of generations while the ordinate
axis represents the classification accuracy of the best particle of the swarm. This is done for the average solution
found for the datasets “9 Tumors, Brain Tumor1 and Brain Tumor2”. These figures clearly show that the use
of BPSO plays a crucial role in raising the classification accuracy rate.
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Table 4. Comparison of SVM, 1NN, RBPSO-1NN and FBPSO-SVM (LOOCV).

Data sets Performance SVM 1NN RBPSO-1NN FBPSO-SVM

Best Avg Best Avg

9 Tumors Accuracy (%) 38.33 53.33 83.33 81.83 95 92.999
Genes 5726 5726 20 29.1 71 45
Time(h) – – 0.68 0.69 4.17 4.22
Class Time(s) 26.38 2.21 0.79 0.9 4.89 5.27

Brain Tumor1 Accuracy (%) 88.89 86.67 94.44 94.00 97,78 97.22
Genes 5920 5920 11 24.7 21 22.4
Time(h) – – 1.47 1.48 4,09 4,20
Class Time(s) 23.32 3.32 1.10 1.04 4.81 5.38

Brain Tumor2 Accuracy (%) 70.00 70.00 96.00 92.80 100.00 100.00
Genes 10367 10367 15 24.5 12 14.3
Time(h) – – 0.50 0.52 1.84 1.91
Class Time(s) 14.28 2.29 0.63 0.59 1.72 1.55

Leukimia1 Accuracy (%) 97.22 87.50 100.00 99.72 100.00 100.00
Genes 5327 5327 8 11.7 6 8.4
Time(h) – – 0.76 0.76 1.58 1.60
Class Time(s) 10.81 1.96 0.9 0.83 1.68 1.54

Leukemia2 Accuracy (%) 97.22 93.05 100.00 100.00 100.00 100.00
Genes 11225 11225 5 13.1 6 8.6
Time(h) – – 0.74 0.84 1.92 1.99
Class Time(s) 18.89 3.06 0.85 0.87 1.68 1.71

SRBCT Accuracy%) 100.00 91.57 100.00 100.00 100.00 100.00
Genes 2308 2308 7 11.7 10 12.4
Time(h) – – 0.87 0.85 2.89 3.02
Class Time(s) 10.86 2.21 1.02 1.06 3.29 3.01

Prostate Tumor Accuracy(%) 92.16 76.47 99.02 98.24 100.00 100.00
Genes 10509 10509 9 11.2 6 8.3
Time(h) – – 1.02 1.01 3.04 3.46
Class Time(s) 24.48 4.73 1.40 1.29 2.87 2.97

DLBCL Accuracy (%) 97.40 87.01 100.00 100.00 100.00 100.00
Genes 5469 5469 6 12.5 4 6.7
Time(h) – – 1.34 1.30 1.43 1.49
Class Time(s) 8.34 2.48 0.97 0.97 1.11 1.20

Note: The best results are shown in bold.
Accuracy: The classification accuracy rate using LOOCV (leave one out cross validation).
Genes: The number of genes used in the classification.
Time: The execution time in hours.
Class Time: The computational time of classification in seconds.
Best: The best result found in all ten runs.
Avg: The average of the ten experiments.

In the figures (Figs. 8, 10 and 12), we show the evolution of the number of genes selected on the ordinate axis
relative to the number of generations (the abscissa axis) for the “9 Tumors, Brain Tumor1 and Brain Tumor2”
datasets. These figures illustrate the role of the Backward algorithm in reducing the number of genes.

Moreover, the wrapper method based on the BPSO and the Backward generation algorithm plays a key role
in increasing the classification accuracy rate and reducing the number of genes used. Indeed, the BPSO aims to
identify the best subset of candidate genes that maximizes the objective function (a compromise between the
classification rate and the number of genes used) (Figs. 9, 11 and 13). Once the subset in question is found,
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Given the non-deterministic nature of our approaches, ten independent runs (to compare run times) were per-
formed for each dataset and method.

The table (Tab.4) illustrates the classification rates (LOOCV) for the eight datasets, these rates are obtained
from the SVM and 1NN algorithms without selection and then with selection by using our approaches, this table
emphasizes the interest of selection in a classification problem.

We analyze our results in four ways:

1. The number of genes selected by the 2 methods.
2. The classification accuracy.
3. The execution time.
4. The computational time of classification before and after the selection.

Discussion

The proposed approaches derive their effectiveness from the remarkable improvement in the classification accuracy
(shown in bold in Table Tab.4), in all datasets (Fig.6).

Figure. 6. Comparison of the average Classification accuracy between the four methods (Best).

The "RBPSO-1NN" and "FBPSO-SVM" approaches reduce the number of genes compared to the original number
of genes in the datasets, we talk about a selection that ensures better accuracy.

In addition, for the "Brain Tumor2" dataset, the "FBPSO-SVM" approach has reached a classification accuracy
of 100% using 0.116% of the original genes only (12 genes from 10367). Similarly, for the "Leukimia2" dataset the
"RBPSO-1NN" approach gave a perfect accuracy using just 0.044% of the genes (5 genes from 11225).

The results show first that "FBPSO-SVM" and "RBPSO-1NN" perform similar performances for the majority
of datasets, with an advantage of FBPSO-SVM at the level of accuracy (in bold Tab.4), except for "Leukimia2
and SRBCT" where "RBPSO-1NN" is the best according to the number of selected genes and execution time.
However the major difference between our two approaches is in "execution time", in fact, "RBPSO-1NN" gives good
performance in a minimal time. This is due to the use of 1NN as a classifier (Fig.7).
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Figure. 7. Comparison of average execution times in hours.

In the figures (Fig.9, Fig.11 and Fig.13), the abscissa axis expresses the number of generations while the ordinate
axis represents the classification accuracy of the best particle of the swarm. This is done for the average solution
found for the datasets "9_Tumors, Brain_Tumor1 and Brain_Tumor2 ". These figures clearly show that the use
of BPSO plays a crucial role in raising the classification accuracy rate.

Figure. 8. Comparison of the evolution of
the number of genes used for "9_Tumor1".

Figure. 9. Comparison of the evolution
of the Classification accuracy rate for
"9_Tumors".
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Figure 7. Comparison of average execution times in hours.

the Backward algorithm is called to reduce the number of genes used while retaining the classification rate
previously fixed (Figs. 8, 10 and 12).

We tried to evaluate our results statistically using the kruskal-wallis statistical test, in order to test the
significance of the difference in the results (Classification accuracy) obtained by our approaches.
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axis represents the classification accuracy of the best particle of the swarm. This is done for the average solution
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Figure 9. Comparison of the evolution of the Classification accuracy rate for “9 Tumors”.

The kruskal-wallis statistical test presented in the figure (Fig. 14) shows a comparison of the results obtained
by our proposed algorithms, the SVM classifier and the 1NN. According to the figure (Fig. 14), the performance
of our proposed approaches exceeds that of SVM and 1NN classifiers. In terms of statistical significance of the
results (Classification rate), the kruskal-wallis test shows that the difference between the classification rate in
“SVM” and “FBPSO-SVM” is statistically significant (large and remarkable).
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Figure. 10. Comparison of the evolu-
tion of the number of genes used for
"Brain_Tumor1".

Figure. 11. Comparison of the evolu-
tion of the Classification accuracy rate for
"Brain_Tumor1".

Figure. 12. Comparison of the evolu-
tion of the number of genes used for
"Brain_Tumor2".

Figure. 13. Comparison of the evolu-
tion of the Classification accuracy rate for
"Brain_Tumor2".

In the figures (Fig.8, Fig.10 and Fig.12), we show the evolution of the number of genes selected on the ordinate axis
relative to the number of generations (the abscissa axis) for the "9_Tumors, Brain_Tumor1 and Brain_Tumor2"
datasets. These figures illustrate the role of the Backward algorithm in reducing the number of genes.

Moreover, the wrapper method based on the BPSO and the Backward generation algorithm plays a key role in
increasing the classification accuracy rate and reducing the number of genes used. Indeed, the BPSO aims to identify
the best subset of candidate genes that maximizes the objective function (a compromise between the classification
rate and the number of genes used) (Fig.9, Fig.11 and Fig.13). Once the subset in question is found, the Backward
algorithm is called to reduce the number of genes used while retaining the classification rate previously fixed (Fig.8,
Fig.10 and Fig.12).

We tried to evaluate our results statistically using the kruskal-wallis statistical test, in order to test the significance
of the difference in the results (Classification accuracy) obtained by our approaches.
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algorithm is called to reduce the number of genes used while retaining the classification rate previously fixed (Fig.8,
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Figure 11. Comparison of the evolution of the Classification accuracy rate for “Brain Tumor1”.

Based on these results from the experiments we carried out, we can say that our approaches (FBPSO-SVM
and RBPSO-1NN) of gene selection are very well-founded. Indeed, of the eight datasets used, our selection
approaches have succeeded in improving the quality of classification. In addition, the FBPSO-SVM approach
yielded a classification rate equal to or greater than 95.00% for all datasets, with a perfect 100% classification
for (Brain Tumor2, Leukimia1, Leukimia2, SRBCT, Prostate Tumor, DLBCL) using less than 12 genes.

In practice, the choice of an optimal subset of genes has been the subject of growing interest in the biological
domain, in the sense that it allows biologists to gain time, since they can refer directly to selected genes that
have more be useful for the diagnosis of cancer. Moreover, a small subset of genes can reduce the computational
time of classification as shown in (Figs. 15 and 16).

In the following, we propose to make a comparison with other optimization algorithms on several benchmark
classification datasets.
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In the figures (Fig.8, Fig.10 and Fig.12), we show the evolution of the number of genes selected on the ordinate axis
relative to the number of generations (the abscissa axis) for the "9_Tumors, Brain_Tumor1 and Brain_Tumor2"
datasets. These figures illustrate the role of the Backward algorithm in reducing the number of genes.

Moreover, the wrapper method based on the BPSO and the Backward generation algorithm plays a key role in
increasing the classification accuracy rate and reducing the number of genes used. Indeed, the BPSO aims to identify
the best subset of candidate genes that maximizes the objective function (a compromise between the classification
rate and the number of genes used) (Fig.9, Fig.11 and Fig.13). Once the subset in question is found, the Backward
algorithm is called to reduce the number of genes used while retaining the classification rate previously fixed (Fig.8,
Fig.10 and Fig.12).

We tried to evaluate our results statistically using the kruskal-wallis statistical test, in order to test the significance
of the difference in the results (Classification accuracy) obtained by our approaches.
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Figure 13. Comparison of the evolution of the Classification accuracy rate for “Brain Tumor2”.

3.3.2. Comparison with state-of-the-art algorithms

In this subsection, we compare our results with those of five reference algorithms [1,8,9,32,41]. To do this, we
perform our experiments using the same experimental conditions used by each reference algorithm. Specifically,
we execute our approaches ten times, and then we choose the average and the best gene subset found.

Let us take into account that the five reference algorithms use LOOCV to calculate the classification accuracy.
We indicate that the authors of [8, 9] report the best results found over 10 runs.
The Table 5 illustrates the classification accuracy for the different approaches as well as the number of selected

genes. We use the (–) symbol to designate that a result is not reported in the previous related work. We note
that the results obtained by our approaches are very competitive compared to the most representative methods
of the last years.

First, for the dataset (9 Tumors) we have a classification accuracy of 95% with only 71 genes. We find that
the best performance for this dataset is the performance of our approach (FBPSO-SVM). We note that the
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Figure. 14. The result of the kruskal-wallis test between the proposed approaches, SVM and 1NN on the
datasets (classification rate).

The kruskal-wallis statistical test presented in the figure (Fig.14) shows a comparison of the results obtained by
our proposed algorithms, the SVM classifier and the 1NN. According to the figure (Fig.14), the performance of our
proposed approaches exceeds that of SVM and 1NN classifiers. In terms of statistical significance of the results
(Classification rate), the kruskal-wallis test shows that the difference between the classification rate in "SVM" and
"FBPSO-SVM" is statistically significant (large and remarkable).

Based on these results from the experiments we carried out, we can say that our approaches (FBPSO-SVM and
RBPSO-1NN) of gene selection are very well-founded. Indeed, of the eight datasets used, our selection approaches
have succeeded in improving the quality of classification. In addition, the FBPSO-SVM approach yielded a classifi-
cation rate equal to or greater than 95.00 % for all datasets, with a perfect 100 % classification for (Brain_Tumor2,
Leukimia1, Leukimia2, SRBCT, Prostate_Tumor, DLBCL) using less than 12 genes.

In practice, the choice of an optimal subset of genes has been the subject of growing interest in the biological
domain, in the sense that it allows biologists to gain time, since they can refer directly to selected genes that have
more be useful for the diagnosis of cancer. Moreover, a small subset of genes can reduce the computational time of
classification as shown in (Fig.15, and Fig.16).

Figure. 15. Comparison of the computational time of classification for the 1NN classifier before and after
the selection using RBPSO.
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Figure 15. Comparison of the computational time of classification for the 1NN classifier before
and after the selection using RBPSO.

number of genes reported in other works is at least 251 genes to have a good accuracy and they fail to provide
high performance.

Similarly for the datasets (Brain Tumor1, Brain Tumor2 and Prostate Tumor), we get the best perfor-
mance. Using the approach (FBPSO-SVM), we have a perfect classification (100%) for (Brain Tumor2 and
Prostate Tumor) with less than 12 genes, and accuracy of 97.78% for (Brain Tumor1) using only 21 genes.
Moreover, our method (FBPSO-SVM) resulted in higher classification accuracies on all datasets compared to
the other methods.

The results of this comparative analysis with other proposed methods for the gene selection and the classifi-
cation of DNA microarray data have enabled us to know just how competitive our approaches are.
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Table 5. A comparison between our methods (RBPSO-1NN and FBPSO-SVM) and methods
of state-of-the-art.

Datasets Method RBPSO-1NN FBPSO-SVM FRBPSO HICATS EPSO TS-BPSO IBPSO
(This work) (This work) 2017 (2016) (2013) (2009) (2008)

Performances [1] [41] [32] [9] [8]

9 Tumors Best #Acc (%) 83.33 95.00 – 83.33 76.67 81.63 78.33
Best #Genes 20 71 – 259 251 2941 1280
Average #Acc (%) 81.83 92.222 – 78.33 75.00 – –
Average #Genes 29.1 45 – 248.5 247.10 – –

Brain Tumor1 Best #Acc (%) 94.44 97.78 – 94.44 93.33 95.89 94.44
Best #Genes 11 21 – 6 8 2913 754
Average #Acc (%) 94.00 97.22 90.67 93.10 92.11 – –
Average #Genes 24.7 22.4 803 8.9 7.5 – –

Brain Tumor2 Best #Acc (%) 96.00 100.00 – 94.00 94.00 92.65 94.00
Best #Genes 15 12 – 3 4 5086 1197
Average #Acc (%) 92.80 100.00 87.6 92.60 92.4 – –
Average #Genes 24.5 14.3 662 5.8 6.0 – –

Leukimia1 Best #Acc (%) 100 100.00 – 100.00 100.00 100.00 100.00
Best #Genes 8 6 – 3 2 2577 1034
Average #Acc (%) 99.72 100.00 98.89 100.00 100.00 – –
Average #Genes 11.7 8.4 825 3 3.2 – –

Leukemia2 Best #Acc (%) 100 100.00 – 100.00 100.00 100.00 100.00
Best #Genes 5 6 – 5 4 5609 1292
Average #Acc (%) 100.00 100.00 97.50 100.00 100.00 – –
Average #Genes 13.1 8.6 1028 6.80 6.8 – –

SRBCT Best #Acc (%) 100.00 100.00 – 100.00 100.00 100.00 100.00
Best #Genes 7 10 – 9 7 1084 431
Average #Acc (%) 100.00 100.00 98.19 100.00 99.64 – –
Average #Genes 11.7 12.4 213 11.7 14.90 – –

Prostate Tumor Best #Acc (%) 99.02 100.00 – 98.04 99.02 95.45 92.61
Best #Genes 9 6 – 5 5 5320 1294
Average #Acc (%) 98.24 100.00 92.43 97.75 97.84 – –
Average #Genes 11.2 8.3 418 7.2 6.6 – –

DLBCL Best #Acc (%) 100.00 100.00 – 100.00 100.00 100.00 100.00
Best #Genes 6 4 – 3 3 2671 1042
Average #Acc (%) 100.00 100.00 96.49 100.00 100.00 – –
Average #Genes 12.5 6.7 105 4.10 4.70 – –

Note: The best results are shown in bold.
#Acc: Denotes the classification accuracy.
#Genes: Represents the number of selected genes.
Average: Is the average of the ten experiments.
FRBPSO = A Fuzzy Rule Based Binary PSO.
HICATS = Hybrid Binary Imperialist Competition Algorithm and Tabu Search.
EPSO = An enhancement of binary particle swarm optimization.
TS-BPSO = A combination of tabu search and BPSO.
IBPSO = An improved binary PSO.
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Figure. 16. Comparison of the computational time of classification for the SVM classifier before and after
the selection by FBPSO .

In the following, we propose to make a comparison with other optimization algorithms on several benchmark
classification datasets.

Comparison with state-of-the-art algorithms

In this subsection, we compare our results with those of five reference algorithms [1; 8; 9; 32; 41]. To do this, we
perform our experiments using the same experimental conditions used by each reference algorithm. Specifically, we
execute our approaches ten times, and then we choose the average and the best gene subset found.
Let us take into account that the five reference algorithms use LOOCV to calculate the classification accuracy.

We indicate that the authors of [8; 9] report the best results found over 10 runs.
The Table (Tab.5) illustrates the classification accuracy for the different approaches as well as the number of

selected genes. We use the (-) symbol to designate that a result is not reported in the previous related work. We
note that the results obtained by our approaches are very competitive compared to the most representative methods
of the last years.

First, for the dataset (9_Tumors) we have a classification accuracy of 95 % with only 71 genes. We find that the
best performance for this dataset is the performance of our approach (FBPSO-SVM). We note that the number of
genes reported in other works is at least 251 genes to have a good accuracy and they fail to provide high perfor-
mance.
Similarly for the datasets (Brain_Tumor1, Brain_Tumor2 and Prostate_Tumor), we get the best performance. Us-
ing the approach (FBPSO-SVM), we have a perfect classification (100%) for (Brain_Tumor2 and Prostate_Tumor)
with less than 12 genes, and accuracy of 97,78 % for (Brain_Tumor1) using only 21 genes. Moreover, our method
(FBPSO-SVM) resulted in higher classification accuracies on all datasets compared to the other methods.

The results of this comparative analysis with other proposed methods for the gene selection and the classification
of DNA microarray data have enabled us to know just how competitive our approaches are.
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Figure 16. Comparison of the computational time of classification for the SVM classifier before
and after the selection by FBPSO.

4. Conclusion

In this work, we have presented two hybrid approaches for the gene selection in DNA microarray data. The
two proposed approaches consist of a pre-selection phase carried out using the Fisher and ReliefF filter methods
for FBPSO-SVM and RBPSO-1NN respectively, and a search phase that determines a good subset of genes
for the classification. The latter is based on two metaheuristics, BPSO and a local search method (backward
generation). These approaches aim to select an optimal subset of relevant genes from a dataset which contains
redundant, noisy or irrelevant data.

The experimental results show that our approaches compare very favorably with the reference methods in
terms of the classification accuracy and the number of selected genes.
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