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Abstract

Much of the data in the classification issue contains a number of additional attributes that do not affect
the accuracy of the classification. There are many evolutionary algorithms that are used to define the
feature and reduce dimensional patterns such as the gray wolf algorithm (GWO) after converting it from a
continuous space to a discrete space. In this research, a method of feature selection was proposed through
two consecutive stages in the first stage, the mutual information (MI) method is used to determine the most
important feature selection. In the second stage, the binary gray wolf optimization (BGWO) algorithm is
used to lessen and determine a specific number of features affecting the process of classification, which
came from the first stage. The proposed algorithm MI_BGWO is efficient and effective by obtaining higher
classification accuracy and a small number of specific features compared to other competing algorithms.
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Introduction

Gray wolf optimization (GWO) is a swarm
intelligent technique developed by Mirjalili et al., 20141,
The hunting techniques and the social hierarchy of
wolves are mathematically modeled in order to develop
GWO and perform optimization. The GWO algorithm is
tested with the standard test functions that indicate that it
has superior exploration and exploitation characteristics
than other swarm intelligence techniques 2.Scientists
have developed the basic algorithm GWO by converting
the search algorithm from a continuous search space to a
discrete search space. This modified algorithm is called
a binary gray wolf optimization (BGWO) algorithm,
which works in binary search areas and uses binary
values equal to 0 or 13.Mutual information (MI) is one
of the filtering method,which is calculated between two
random variables using entropy. Entropy measures an
average random variable the amount of information
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required to describe the random variable’.In this study,
a new MI_BGWO algorithm is suggested to determine
the best-feature selection. Our proposed algorithm can
efficiently achievement the powerful points of both MI
and BGWO algorithms in finding the most important
feature. The experimental results show the excellent
performance of the proposed algorithm when the number
of feature is high, and the sample size is low. The GWO
is presented in Section 2. In Sections 3 and 4, a brief
description of feature selection and MI respectively. In
Section 5, the proposed algorithm is explained. Section 6
covers the obtained results and their discussion. Finally,
the most important general conclusions are mentioned,
in section 7.

Grey wolf optimization (GWO): The gray wolf
(Canis lupus) is part of the Canidae family. Gray wolves
are types with a very rigorous social dominant hierarchy
of leadership. Males and females in the pack are leaders,
and they are called alpha'. Alpha wolf is also known as
the dominant wolf because all its orders must be followed
by all wolves in the pack. Only alpha wolves are allowed
to mate in the pack. This means that the order of the pack
and its regularity is more important than its strength.
Beta is the second level in the hierarchy of gray wolves.
Beta are wolves that help alpha wolves make decisions
or other things about the pack. The wolf beta is the best



candidate to be alpha in the case if one of the wolves
of alpha becomes too big or in the case of the death of
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D=|C-X,(t)— X(0)](1)
X(t+1)=X,(0-4-D (2)

someone in command. Omega is less gray wolves. The
omega wolf always offers all the other dominant wolves
on it. Omega acts as a scapegoat. The last wolves allowed
to eat are omega. We may apparently notice that omega
is not an important member of the group, but in fact,
if omega is lost, the entire pack will face problems and
internal fighting. Delta is the fourth class in the pack.
Delta wolves control omega, but they must undergo
alpha and beta orders. Delta shall be responsible for
guards, scouts, hunters, elders, and patients and each has
its own specific responsibility?®.

Mathematical Modelling: The first best solution in
GWO is alpha (a), the second-best solution is beta (),
and the third-best solution is Delta (8). While the rest of
the solutions are Omega (®), which follows the rest of
the first three solutions.

Encircling Prey:: Gray wolves surrounded prey
while hunting. The following equations will represent
a mathematical model about the surrounding behavior:

=+

where t is the iteration, X, is the prey position, X
is the gray wolf position, the operator indicates vector
entry wise multiplication.

where 4 and C are coefficient vectors calculated as
follows:

f_l.=2rx-:r"1 —a (3)
2r (4)

(el .

where components of — are linearly decreased from

2 to 0 over the course of iterations and r', r*> are random
vectors in [0,1].

1

Hunting: Gray wolves have the ability to encircle
prey and locate them. Hunting is performed by a
complete pack based on, Information from the alpha,
beta and delta wolves,So the updating for the wolves
positions is as in the following equations:

D=l X -F|, B =[G % -4, Bi=[6 %~ 4 ©
X1=|er E'Dm . X“—|E A"'Eﬁ: . J'53=|f|:3‘ Az - Dj (6)

. X, 4+X, +X
X(it+1)=">r—2>2"3

(7)

The updating of the parameter a through the following equation:

2
Max

iter

a=2—t

where ¢ is the iteration number and Max,,,,

(8)

is the total number of iteration allowed for the optimization 9. The

pseudo code of the GWO algorithm is displayed in Figure 1.
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Start

Generate an initial population of the gray wolf X; (i=1.....n)
Generate an initial value 4, a, and ¢

Find the fitness function of each search agent

X,, = the first best search agent

xg = the second-best search agent

X5 = the third best search agent

while (t < Max,,,. of iterations).

for each search agent

Update the position of the current search agent by equation (7)

end for
Update A, a, and ¢

Update x,, xg and x;
sett=t+1

end while

return x,

End

Find the fitness function of each search agent

Figure 1: The pseudo code of the GWO algorithm.

Binary gray wolf optimization (BGWO): The
positions of gray wolves constantly change in space to
any point. Solutions are limited to binary values such as
0 or 1 in some special problems such as feature selection.
In our research, we suggested feature selection through
a binary GWO algorithm. Updating the equations of
wolves are a function of the positions of three vectors is
X,» Xp and X, which represents the best three solutions
and which attracts each wolf towards it.At any given
time, all solutions are at a corner of a hypercube and the
solutions are grouped in binary form.Based on the basic
GWO algorithm, the given wolf positions are updated,
a binary restriction must be maintained according to
equation (9).

The main update equation in the GWO algorithm is

written as>:

X1 = Crossover(X,, X, X;) (9)

where (X1,%5,X3) they are binary vectors
representing wolves inbGWO and crassaver [ﬂ; b,c ]

are an appropriate intersection between solutions

(ﬂ; b, Cj and (X 1 X0, X 3], and the wolves calculate
alpha, beta and delta in order using equations (10), (13)
and (16).

xé :{1 if (X+bstep®) =1 (10)
0 other wise

where bstep:f is a binary step in dimension d, X j
is a vector representing the position of the alpha wolf
in dimension d . bstepg is calculated by the following
equation:

, d -
1 if cstep; = rand (11)

bstep® =
Pa 0 other wise

d . . .
where €5tep, is the continuous-valued step size
for dimension d, ¥and is a random number in the closed

period [0.1] derived from the uniform distribution .

€S ‘-LE'P:S can be calculated using the sigmoidal function
by the following equation:
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1 ' d -
cstepl = —— (12) bstepf = Lif csteps 2 rand (17)
1 + g-10(4£Df-05) 0  other wise
where ﬁlf r:mr:; Dj are calculated using equations cstep éd _ 1 - (18)
(3), and (5) in the dimension d. 1 4 o—10(47D5 -0.5)

g g . .
X3 and X3 Can be found by the following equations: In the following cquations, we will apply the

intersection to each of the solutions a, b, c:

Xé = {1 if (X§ +bstepf) = 1 (13)
0 other wise a, if rand<1/3
. . X,=14b;, if 1/3<rand<2/3 (20)
bstepg _ {1 if cstepy = rand (14) ‘, other wise
0 other wise
1 where rand is a random number derived from the
cstepg = i s (15)  uniform distribution in the closed period [0,1], and
l+e 77F 7 az by and c, represents the binary values of the first,
. P P second and third parameters of the dimension d, Xz is
Xg = {1 if (Xg +bsteps) =1 (16) the result of the exchange in dimension d. The pseudo
0 other wise code of the BGWO algorithm is displayed in Figure 2 1°:

Start
Generate an initial population of the grey wolf X i(i=1....n)
Generate an initial value A, a, and ¢

Find the fitness function of each search agent
X o = the first best search agent

X g = the second-best search agent
X 5 = the third best search agent

while (t < Mﬂxité‘?‘ of iterations).

for each search agent

Calculate X | 5X 53X 5 using equations (10), (13), and (16)

Apply the crossover method among X | ;X ,;X 5 using the equation (9)
end for

Update A, a, and c

Find the fitness function of each search agent

Update X ,, X 5, and X s

sett=t+1

end while

return xa

End

Figure 2: The pseudo code of the BGWO algorithm.
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Feature Selection: The feature selection method
improves the performance of the algorithm by reducing
the number of attributes used to describe a data set'3. The
purpose of features selecting in an algorithm is to reduce
the number of genes used to improve classification
and increase classification accuracy'®. The feature
identification algorithms consist of three parts:
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1. Search algorithm: A subset of properties (features),
which are part of the original features.

2. Fitness function: These input and digital assessment
modes. The goal of the search algorithm is to draw
attention to this function.

3. Classifier: It represents the required algorithm that
uses the latest subset of genes (i.e., an algorithm that
selects the most important features required)5:16-

Search

algorithm

Input

l

—p[ Classifier

sy Qutput

Fitness
function

Figure 3: Filter control strategy

One of the ways to select a feature on the predictive
performance of a predefined algorithm is the wrapper
method, which evaluates the quality and efficiency of
certain features!”. This is based on two-steps, based on a
specific algorithm: (1) Searching for a subset of properties
and features (2) Evaluate these specific features and
attributes. In order to obtain learning performance or to
reach some stop criteria we repeat (1) and (2)'.

1. Mutual information (MI): You can get some
information about the variable Y that is included in
the mutual information /(X, Y) which is considered
to be in the information shared by two random

variables.
I(X,Y) = @ (23)
H(y)

If there is a close association between the two
variables X and Y, the mutual information /(X, Y) will
be large!8. If the variables X and Y are not completely
associated, then (X, Y) = 0. The mutual information was
applied to filter the feature set to see the relationship
between certain features and category classifications.
In the theory of information, there is a classic use of
many measures of feature classification. Note that these
statistics work to build a relationship with the classroom
is consist of data and information register each feature

and feature in ', In the theory of information, one
of the most important contributions to the research is
the selection of the feature where it works to use the
information exchanged in the evaluation of the feature
and in the following formula F will be indicated by a set
of features is referred to and the class naming?’.

I(F,C)= ﬂ P[F,C]iogp PIEC)

)-p0) 7

(24)

The evaluation of mutual information (MI) is in
some method between class naming and one feature!”.
The problem is not in this measure. When evaluating
entire feature sets will have difficulties arise. Possible
interactions between features are the reason for
evaluating entire feature sets in a multivariate way.
The combination of two features may in some cases
provide important information, because in some cases
two individual features may not provide sufficient
information about the chapter!!. Between the variable Y
and N variables X1, X2 ... XN, the chain rule is

N

I(1,X2,....Jn;Y) :Zf (1 18- Y
i=1

(25)

fitness(¥1) = 1(%i,C) (26)
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In the measurement of entropy, there is a way to
calculate and replace mutual information in the form
of mutual information.There is an appropriate criterion
for selecting items through information exchange. It is
possible to define the information exchanged is a measure
to reduce the uncertainty about category labels, because
of knowledge of characteristics and characteristics of the
data set, where the fitness function is maximizing the
mutual information value!> Experimental results

The proposed algorithm MI_BGWO is evaluated,
and its interest is compared with the other competitor
algorithms.

Data Sets: We have selected (3) different
classification problems from the literature to verify the
effectiveness of the proposed algorithm for classification
problems. From a repository UCI, a data set was

obtained?!.

The target variable is a binary variable that includes
a set of data where the binary variable represents the

2653

condition of the sick person who has good = 1 and
bad = 0.

The following table shows the overall description
of the data set:

Table 1: Description of the used datasets.

Dataset # Samples # Features Target class

Prostate 102 12601 2

DLBCL 77 7130 2

Colon 62 2001 2
Discussion

To correctly evaluate the proposed algorithm MI-
BGWO, the results were compared with the BGWO
algorithm for feature selection. The training and testing
dataset for the proposed algorithm, MI-BGWO, achieved
the best results for the classification. For instance, in the
prostate dataset, the CA of the testing dataset is 94% by
the MI-BGWO which is higher than 65% by BGWO.

Table 2: Classification performance on average of the algorithms used over 20 partitions (wherethe number
in parentheses is the standard error).

Training dataset Testing dataset

Datasets Method

CA SE SP MCC CA

MI-BGWO 0.9426 (0.0176) | 0.9663 (0.0211) | 0.9207 (0.0324) | 0.8864 (0.0336) | 0.9324 (0.0417)
Prostate BGWO 0.6529(0.0348) 0.7901(0.0474) 0.6029(0.0512) 0.3483(0.0478) 0.7382 (0.0765)
DLBCL MI-BGWO 0.9192 (0.0199) | 0.9914 (0.0138) | 0.7674 (0.0398) | 0.8158(0.0447) | 0.9400 (0.0432)
BGWO 0.9000(0.0469) 0.9009(0.1060) 0.9058(0.0590) 0.7231(0.1396) 0.9640(0.0515)
Colon MI-BGWO 0.8619 (0.0623) | 0.7692(0.1079) | 0.9361 (0.0431) | 0.7245(0.1179) | 0.9100 (0.0699)
BGWO 0.7429(0.0446) 0.5833(0.0548) 1(0) 0.5918(0.0571) 0.8750(0.1161)

When comparing the BGWO algorithm with
the proposed algorithm MI-BGWO we note that the
proposed algorithm MI-BGWO has a clear advantage in
terms of accuracy and classification capacity and BGWO
worse than MI-BGWO through the three datasets.

Conclusion

In this study, the M BGWO method was proposed
between the MI technique and the BGWO to improve
the classification performance (when the datasets are
big), relying on subsets of important features of the

dataset. After the feature selection process, datasets
were submitted to the Naive Bayes classifier, and the
results of the MI BGWO method were compared with
the BGWO method by the criteria shown in Table 2.
Experimental results from the feature selection dataset
indicate that the MI BGWO method has a better
classification performance than the BGWO method and
has few features compared to the default method.
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