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Abstract. Cancer classification is an important issue addressed in the
Bioinformatics field. In this paper, we present a novel extension of the
Moth Flame Optimization Algorithm combined with Mutual Information
Maximization (MIM) to solve gene selection problem called Mutual In-
formation Maximization-modified Moth Flame Optimization Algorithm
(MIM-mMFOA). The MIM-mMFOA has two phases: the first one is used
to solve the difficulty of high-dimensional data, which measures redun-
dancy and relevance of the gene, in order to obtain the relevant gene set.
The second phase is dedicated to finding a small gene subset that can be
used to classify samples with high accuracy, using a Support Vector Ma-
chine (SVM) with Leave One Out Cross Validation (LOOCV) classifier.
In order to evaluate the performance of the proposed MIM-mMFOA,
we test it on seven Microarray datasets. Experimental results show that
MIM-mMFOA achieves a high classification accuracy in comparison to
some known algorithms. . . .

Keywords: Genes expression, Cancer Classification, Moth Flam Algo-
rithm, Mutual Information, Bio-inspired Algorithms, Bioinformatics

1 Introduction

DNA Microarray is a modern biological research technology for analyzing gene
expression. This technology has the ability to measure the expression levels of
thousands of genes during important biological processes and provides the ability
to diagnose cancer on the basis of gene expression [8].

In literature, several gene selection methods have been proposed and can
be arranged into three main categories: filter, wrapper, and embedded methods
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[11, 4]. However, we find several approaches that solve this issue, among them
but not limited to, GA/SVM [7], GBC [3], GSP [1], PCC-BPSO/GA [6], and
mABC [10].

In this paper, we propose a new algorithm called Mutual Information Max-
imization - modified Moth Flame Optimization Algorithm (MIM-mMFOA).
MIM-mMFOA is proposed to investigate and improve the performance of gene
selection. First, for high dimensional data, we use a pre-processing (Normaliza-
tion and MIM) to handle this difficulty. Second, mMFOA uses three procedures,
one for the presentation of individual, another for moth movement and the last is
a new fitness function (an SVM with LOOCV classifier). Finally, the main objec-
tive of MIM-mMFOA is to select the best gene subset from among the predictive
gene subsets, which is evaluated with the SVM classifier to provide high classi-
fication accuracy. Experimental results showed that the MIM-mMFOA achieves
better performance of classification accuracy to solve the gene selection problem
in binary class.

The remainder of the paper is organized as follows: The next section de-
scribes briefly the proposed method. Section 3 presented experimental results
and discussion. Finally, the conclusion is given in Section 4.

2 The proposed algorithm

In this section, we propose a new MIM-mMFOA algorithm for predictive gene
selection for cancer classification. This work is based on a hybrid approach be-
tween mutual information maximization and Moth-Flame Optimization Algo-
rithm (MFOA), the principle of our proposed algorithm consists of two stages:
pre-processing and modified Moth Flame Optimization Algorithm (mMFOA).

2.1 Pre-processing

This stage consists of two phases: Normalization and Mutual Information Max-
imization.

Normalization In this study, we used a feature scaling to normalize each gene
value between [a, b] as shown in the following Eq. 1.

Xnew = (b− a)
X −Xmin

(Xmax −Xmin)
+ a (1)

Mutual Information Maximization (MIM) We use Mutual Information
[15] to reduce the size of the initial problem. Formally, the MI is given by Eq. 2:

I(X,Y ) =
∑

x∈S

∑

x∈T

p(x, y) log
2

p(x, y)

p(x)p(y)
(2)
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Consider expression data there are n samples and each one has m genes, the
data can be represented by the matrix T of dimension N ×M .

I(t, c) : is mutual information of t of class c, it is calculated as follows .

I(t, c) = log
p(t \ c)

p(t)
= log

p(t, c)

p(t)× p(c)
≈ log

α×M

(α+ β)× (α+ δ)
(3)

During the application of Eq.3, if the gene expression profile t is irrelevant
to the class c, I(t, c) = 0. The MIM can be expressed as:

MaxMI(t) =

k
∑

i=1

p(Ci \ t) log
p(Ci \ t)

p(Ci)
(4)

where k represents the number of classes in the dataset. The principle of the
MIM method is each score MaxMI(Gj) of gene Gj (j = 1, ...,m) is calculated
independently of all other genes in the same class by Eq.4.

2.2 Modified MFO algorithm for genes expression selection

MFOA is a nature-inspired algorithm that was developed by [9]. In the following
steps, we mention the main phases of mMFOA:

Step 1: Representation of candidate solutions and initialization of popula-
tion:
In our work, the moths can fly in two-dimension (2D), considered as a candidate
solution, the flames are the best position of moths that obtain so far, these both
represented by two matrices (n× d), see Eq.5.

M =











(mx
1,1,m

y
1,1) (mx

1,2,m
y
1,2) · · · · · · (mx

1,d,m
y
1,d)

(mx
2,1,m

y
2,1) (mx

2,2,m
y
2,2) · · · · · · (mx

2,d,m
y
2,d)

...
...

...
...

...
(mx

n,1,m
y
n,1) (m

x
n,2,m

y
n,2) · · · · · · (m

x
n,d,m

y
n,d)











;F =











(fx
1,1, f

y
1,1) (fx

1,2, f
y
1,2) · · · · · · (fx

1,d, f
y
1,d)

(fx
2,1, f

y
2,1) (fx

2,2, f
y
2,2) · · · · · · (fx

2,d, f
y
2,d)

...
...

...
...

...
(fx

n,1, f
y
n,1) (f

x
n,2, f

y
n,2) · · · · · · (f

x
n,d, f

y
n,d)











(5)

Our proposition starts with a random initialization of the moth sets popula-
tion.

Step 2: Gene subset selection and fitness calculation for each moth (individ-
ual):
In this step, we used the Gene select function to determine which genes are
selected in this individual (subset).

The pseudo-code of Gene select function is given by Algorithm 1.
In this work, we define the fitness value of each individual (moth i) as follows

(Eq.6):

Fitnessi =

{

w1 ∗AccSVM with LOOCV (Mothi) + w2 ∗
tg−sg

tg

With w1 + w2 = 1
(6)

AccSVM with LOOCV is the accuracy of SVM with LOOCV classifier, tg and
sg is the number of total and selected genes, respectively. w1 and w2 are the
coefficients of each part of fitness.
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Algorithm 1 Genes selection pseudo-code

1: function Gene select(i, NbrGenes, ϑ) ⊲ Where i: number of the individual
2: SG[NbrGenes] array of Boolean
3: for (j ← 1 to NbrGenes) do

4: D ←
√

(mx
i,j)

2 + (my
i,j)

2

5: if sigmoid(D) > ϑ then

6: SG[j]← true

7: else

8: SG[j]← false

9: end if

10: end for

11: return SG

12: end function

Step 3: Update moth position
The next moth coordinates are calculated by the following Eq.7:

{

X = ρ cos(θ + α) +XF

Y = ρ sin(θ + α) + YF
(7)

where ρ is the distance between the next position of ith moth and the jth

flame given by the Archimedes spiral function ρ = a.θ where θ is a random angle
in [0, 2kπ] (see Fig.1). α is the angle between the line (FM) and the x-axis in
the landmarks R.

0

π
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π
3

π
2

2π
3

5π
6

π

7π
6

4π
3

3π
2

5π
3

11π
6

0 1 2 3

F M

Moth

F lam

Next Moth

Fig. 1. Logarithmic Archimedes spiral, space around a flame, and some next possible
moth positions (when k=3).

Step 4: Update number of flames
In our work, we used the following formula proposed by [9].

Nbr F = round(MaxNbr F − Cit ∗
MaxNbr F − 1

Maxit

). (8)

Where Cit and Maxit represent the current and maximum number of itera-
tions, respectively, MaxNbr F is the maximum number of flames.
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Step 5: Stopping Criterion is satisfied
If a maximum number of iterations is reached, the iterative process stops for
extract and evaluate the best subset of genes. Otherwise, return to Step 2.

The pseudo-code of mMFOA is given by Algorithm 2.

Algorithm 2 Pseudo-code of the mMFOA

1: for (i← 1 to Pop Size) do
2: Random initialization(P [i])
3: end for

4: Iteration← 1
5: repeat

6: Nbr F is calculated using (Eq. 8)
7: for (i← 1 to Pop Size) do
8: SGM [i]← selection− genes(P [i])
9: FM [i]← Evaluate PM [i] to fitness function using (Eq. 6)
10: end for

11: if Iteration = 1 then

12: PF, FF, Subset F ← sort(PM,FM,Subset M);
13: else

14: PF, FF, Subset F ←sort([PF, PM ], [FF, FM ], [Subset F, Subset M ]);
15: end if

16: for (i← 1 to Pop Size) do
17: for (j ← 1 to Nbr F ) do
18: Calculate (ρ) using ρ = a.θ.
19: Update the moth position using (Eq. 7)
20: end for

21: end for

22: Subsetbest ← PF [0], FF [0], Subset F [0]
23: Iteration← Iteration+ 1
24: until (Iteration > Max iteration)
25: return Subsetbest

3 Results and discussion

In our work, we used two comparison parameters : classification accuracy and
the number of predicted genes.

3.1 Dataset and Parameters Settings

In this study, Table 1 detailing seven binary microarray datasets. The MIM-
mMFOA parameters used in our experiments are shown in Table 2.
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Table 1. Summary of gene expression datasets.

Dataset Name Samples Features Classes Source

CNS 60 7129 2 (Binary class) [16]
Colon 62 2000 2 (Binary class) [2]

Leukemia1 72 7129 2 (Binary class) [5]
Breast 97 24481 2 (Binary class) [16]
Ovarian 253 15154 2 (Binary class) [12]
DLBCL 77 5469 2 (Binary class) [13]

Prostate Tumor 102 10509 2 (Binary class) [14]

Table 2. MIM-mMFOA parameters.

Parameters Setting value

Population size 50
Normalization interval [-1, 1]

Top-ranked genes 100
Random angle [0, 6π]

w1 0.70
w2 0.30

Number of generation 30

3.2 Experimental Results and Analysis

In this section, we present and analyze the results obtained by MIM-mMFOA.
In order to prove the high-performance of MIM-mMFOA, it should be compared
with various gene selection methods.

Table 3 shows the accuracy and the number of genes selected by MIM-
mMFOA in seven binary Microarray datasets.

From the Table 3, we can see, that MIM-mMFOA can obtain 100% (Best,
worst and average) accuracy with zero standard deviation (S.D) for the leukemia1,
DLBCL, Colon, and Prostate Tumor. Also, we can see, that leukemia1 the best
number of selected genes is (7) seven. For the datasets DLBCL, CNS, Colon,
Breast and Prostate Tumor, the MIM-mMFOA can provide the best number of
selected genes between 20 and 10.

Table 4 compared MIM-mMFOA with well-known gene selection algorithms
published in the literature, applied to the binary class.

In Table 4, we have highlighted the best results in classification accuracy
and number number of genes selected. As we can see, the MIM-mMFOA obtains
the highest results in five out of seven cancer microarray datasets in terms of
classification accuracy, and in three out of seven datasets in terms of number of
genes.

Based on the above analysis, we can conclude that MIM-mMFOA can per-
form better classification accuracy than other algorithms.
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Table 3. Experimental results by MIM-mMFOA on all datasets.

Dataset Accuracy # Genes

Best Worst Avg. S.D. Best Worst Avg. S.D.

Leukemia 100,00 100,00 100,00 0,00 6,00 9,00 7,50 0,97
DLBCL 100,00 100,00 100,00 0,00 11,00 18,00 14,70 2,00
CNS 100,00 98,33 99,83 0,53 13,00 31,00 24,70 6,09
Colon 100,00 100,00 100,00 0,00 20,00 31,00 26,30 3,56
Ovarian 98,42 98,02 98,18 0,20 26,00 40,00 35,90 4,70
Breast 91,75 83,51 86,80 3,10 11,00 45,00 25,90 9,60

Prostate Tumor 100,00 100,00 100,00 0,00 14,00 23,00 18,60 2,63

Table 4. Comparison of experimental results obtained by MIM-mMFOA with other methods for binary class datasets.

Algorithms Dataset Leukemia1 DLBCL Prostate Tumor CNS Colon Breast Ovarian

MIM-mMFOA Accuracy Best 100,00 100,00 100,00 100,00 100,00 91,75 98,42
Worst 100,00 100,00 100,00 98,33 100,00 83,51 98,02
Avg. 100,00 100,00 100,00 99,83 100,00 86,80 98,18
S.D. 0,00 0,00 0,00 0,53 0,00 3,10 0,20

# Genes Best 6,00 11,00 14,00 13,00 20,00 11,00 26,00
Worst 9,00 18,00 23,00 31,00 31,00 45,00 40,00
Avg. 7,50 14,70 18,60 24,70 26,30 25,90 35,90
S.D. 0,97 2,00 2,63 6,09 3,56 9,60 4,70

PCC-BPSO Accuracy Best 100,00 - 97,06 98,33 91,94 90,72 100,00

# Genes Best 18,00 - 33,00 39,00 25,00 41,00 17,00

PCC-GA Accuracy Best 100,00 - 96,08 98,33 91,94 88,66 100,00

# Genes Best 35,00 - 26,00 48,00 29,00 38,00 22,00

GBC Accuracy Best 100,00 - - - 98,38 - -
worst 93,05 - - - 91,93 - -
Avg 96,43 - - - 94,62 - -

# Genes Best 5,00 - - - 20,00 - -

mABC Accuracy Best 100,00 100,00 100,00 - - - -
Avg. 100,00 100,00 100,00 - - - -
S.D. 0,00 0,00 0,00 - - - -

# Genes Best 4,00 3,00 5,00 - - - -
Avg. 5,67 4,05 10,73 - - - -
S.D. 0,73 0,78 3,15 - - - -



8 Ali Dabba et al.

4 Conclusions

In this paper, we presented a new bio-inspired algorithm for gene selection prob-
lem. Our approach consists of two stages : pre-processing in order to reduce the
initial size of the input dataset and mMFOA to select the best gene subset.

The overall goal of this paper is to select a smaller number of genes and
achieve similar or better classification accuracy than using all genes. The tests
of MIM-mMFOA on seven binary classes of datasets show that our algorithm
is better than all other compared algorithms to the classification accuracy and
provides competitive results with the number of genes.

We plan, in future work, to extend our algorithm to address other issues not
yet tackled.
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