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Hybrid metaheuristics are of the most interesting recent trends in optimization and memetic algorithms.
In this paper, two hybridization models are used to design different feature selection techniques based on
Whale Optimization Algorithm (WOA). In the first model, Simulated Annealing (SA) algorithm is embed-
ded in WOA algorithm, while it is used to improve the best solution found after each iteration of WOA
algorithm in the second model. The goal of using SA here is to enhance the exploitation by searching
the most promising regions located by WOA algorithm. The performance of the proposed approaches is
evaluated on 18 standard benchmark datasets from UCI repository and compared with three well-known
wrapper feature selection methods in the literature. The experimental results confirm the efficiency of
the proposed approaches in improving the classification accuracy compared to other wrapper-based algo-
rithms, which insures the ability of WOA algorithm in searching the feature space and selecting the most
informative attributes for classification tasks.

Optimization

© 2017 Published by Elsevier B.V.

1. Introduction

Data mining is one of the fastest growing research topics in the
information industry in recent years due to the wide availability of
the huge amounts of data and the crucial need to transform such
data to useful information [1]. Data mining is an essential part in
knowledge discovery (KDD) process that consists of a set of itera-
tive sequence of tasks data preprocessing (data cleaning, data inte-
gration, data reduction, data transformation), data mining, pattern
evaluation and finally knowledge presentation [1]. The preprocess-
ing step, that precedes the data mining step in the Knowledge Dis-
covery (KDD) process, has a large impact on the performance of
the data mining techniques (e.g, classification) [2] on either the
quality of the extracted patterns or the running time required to
analyze the complete dataset. Feature selection is one of the major
preprocessing steps since it aims to eliminate the redundant, irrel-
evant variables within a dataset. Feature selection methods are cat-
egorized as wrappers and filters [3]. While the filter model tries to
evaluate the features subsets depending on data itself using desig-
nated methods (e.g.,, information gain (IG) and principal component
analysis (PCA) [4]), wrappers utilize a learning algorithm (e.g., clas-
sification algorithm) to evaluate the selected feature subset during
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the search process [5]. Filters usually perform faster than wrap-
pers since they measure the information gain, distance between
features, features dependency, which are computationally cheaper
than measuring a classifier accuracy [3]. However, wrappers have
been widely investigated for classification accuracy since they are
proved to be beneficial in finding feature subsets that suite a pre-
determined classifier [6]. Generally, three factors should be deter-
mined when using a wrapper feature selection model: classifier
(KNN, SVM, DT, etc.), feature subset evaluation criteria (accuracy,
false-positive elimination rate, area under the ROC), and a search-
ing technique to find the best combination of features [7].

It is worth mentioning here that there are also feature selec-
tion techniques based on matrix computations in the literature.
Some of the recent and promising ones the column-subset selec-
tion problem [8-10] are known to do feature selection with prov-
able theoretical bounds. These methods have been used to perform
feature selection on k-means [11], SVM [12,13], Ridge Regression
[14], which provide provable performance guarantees. These meth-
ods are known to outperform existing methods like mutual infor-
mation, recursive feature elimination, etc.

Searching a (near) optimal subset from the original set is a chal-
lenging problem. In the last two decades, metaheuristics have been
very reliable when solving diverse optimization problems such
as engineering design, machine learning, data mining schedul-
ing and production problems, and so on [15]. Feature selection is
one of the domains where metaheuristics have been investigated.
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Metaheuristics show superior performance when compared to the
exact search mechanisms since the complete search tends to gen-
erate all possible solutions for the problem. For instance, if a
dataset contains N features, then 2N solutions should be generated
and evaluated which requires high computational cost [16]. Ran-
dom search is another search strategy for selecting features which
searches the next set randomly [17]. Metaheuristics are considered
better than the random search too, since they may perform as a
complete search in the worst case [3,15]. Although the strategy
metaheuristic does not guarantee finding the best solution in every
run, it may determine an acceptable solution in a reasonable time
[15]. Various metaheuristics including Tabu Search (TS) [18], Simu-
lated Annealing (SA) [19], Record-to-Record Travel Algorithm (RRT)
[20,21], Genetic Algorithm (GA) [22], Particle swarm optimization
(PSO) [23], Ant Colony Optimization (ACO) [24], Differential Evo-
lution (DE) [25], and Artificial Bee Colony (ABC) [26] have been
used in the literature to search feature subset space for selecting
(sub)optimal feature set [25].

Exploration of the search space (diversification) and ex-
ploitation of the best solutions found (intensification) are two
contradictory criteria that must be taken into account when
designing or using a metaheuristic [15]. According to these
criteria, metaheuristics algorithms can be classified into two
families; population-based (e.g., swarm intelligence, evolution-
ary algorithms) algorithms that are exploration oriented and
single-solution based (e.g., local search and simulated annealing)
algorithms that are exploitation oriented. A good balance between
these two goals will enhance the performance of the searching
algorithm. One choice to achieve this balance is to use a hybrid
model where at least two techniques are combined to enhance the
performance of each technique. The resulting algorithm is called
memetic algorithm. In this study, our aim is to use the recently pro-
posed Whale Optimization Algorithm (WOA) and SA to build a new
hybrid (memetic) wrapper method to improve the performance of
general classification tasks [27].

According to Talbi [15], one of the metaheuristic hybridization
models is to combine a metaheuristic with a complementary meta-
heuristic. In this manner, two levels of hybridizations can be dis-
tinguished: low-level and high-level. On one hand, in the low-level
hybridization, a given function in a metaheuristic (e.g., crossover
or mutation in GA) is replaced with another metaheuristic (e.g.,
local search). In this model, the local optimization has the re-
sponsibility of the local search algorithm, while the global opti-
mization is carried by the population-based algorithm [27]. On the
other hand, in high-level hybrid algorithms, self-contained meta-
heuristics are executed in a sequence. In each level two hybridiza-
tion mechanisms are possible; relay and teamwork hybridization.
While in relay hybridization a set of metaheuristics is acting in a
pipeline fashion where each metaheuristic uses the output of the
previous algorithm, in the teamwork hybridization, many cooper-
ating agents evolve in parallel; each agent carries out a search in
a solution space [27]. In this paper, we aim to use the low-level
teamwork hybrid (LTH) and the high-level relay hybrid (HRH) mod-
els for feature selection problems, where a population-based algo-
rithm (WOA) will be hybridized with another single-solution based
algorithm (SA). In other words, SA will be enhancing the exploita-
tion in WOA algorithm. In literature, different forms of hybridiza-
tion of heuristic algorithms were developed for feature selection
problem, but to the best of the authors’ knowledge this is the first
time that a hybrid model using WOA and SA algorithms is applied
to feature selection problems.

SA [28] is a single solution based metaheuristic algorithm, in-
troduced by Kirkpatrick et al., and can be considered as a hill-
climbing based method that iteratively try to improve a candi-
date solution with respect to the objective function. The improving
move will be accepted, while the worse move is accepted with a

certain probability to help the algorithm escape from the local op-
tima. The probability of accepting a worse solution is determined
by the Boltzmann probability, P=e ~¢/ T, where 0 is the difference
of the evaluation of the objective function between the best so-
lution (Solpes;) and the trial solution (Solyy), and T is a parame-
ter (called the temperature) that periodically decreases during the
search process according to some cooling schedule.

WOA [29], proposed by Mirjalili and Lewis, is a recent optimiza-
tion algorithm that mimics the intelligent foraging behavior of the
humpback whales. WOA has good properties such as fewer num-
ber of parameters to control since it includes only two main in-
ternal parameters to be adjusted, easy implementation, and high
flexibility. WOA algorithm smoothly transit between exploration
and exploitation depending on only one parameter. In the explo-
ration phase the position of the search agents (solutions) are up-
dated according to a randomly selected search agent instead of the
best search agent find so far. Due to the simplicity of WOA al-
gorithm in implementation and the less dependency on parame-
ters in addition to using a logarithmic spiral function which makes
the algorithm cover the border area in the search space, many re-
searchers in many fields become motivated to use this algorithm in
solving variant optimization problems like the economic dispatch
problem on IEEE 30-Bus [30], sizing optimization problems of truss
and frame structures [31] and unit commitment problem solution
[32]. The powerful properties of WOA and SA algorithms can be
combined to produce a hybrid model to obtain better results than
using each one separately. This hybridization is to enhance the
exploitation property of the WOA algorithm. To enhance the ex-
ploration in the same algorithm, tournament selection mechanism
is used instead the random selection.

This paper proposes a hybrid WOA and SA algorithms in a
wrapper feature selection method. The proposed approach aims to
enhance the exploitation of the WOA algorithm. To enhance the
exploitation, SA algorithm is employed in two hybridization mod-
els; namely low-level teamwork hybrid (LTH) and high-level relay
hybrid (HRH). In LTH model, simulated annealing is used as a com-
ponent in the WOA algorithm. It is used to search the neighbor-
hood of the best search agent so far to insure that it’s the local
optima. In the second model, SA is employed in a pipeline mode
after the WOA terminates to enhance the best found solution. To
preserve the diversity of the algorithm, tournament selection is
employed to select search agents from the population because it
gives the chance to all individuals to be selected.

The rest of this paper is organized as follows: Section 2 presents
the related works. The basics of the WOA algorithm and SA are
presented in Section 3. Section 4 presents the details of the pro-
posed approach. In Section 5, the experimental results are pre-
sented and result are analysed. Finally, in Section 6, conclusions
and future work are given.

2. Related works

In recent years, hybrid metaheuristics have been used by many
researchers in the field of optimization [15]. Hybrid algorithms
showed superior performance in solving many practical or aca-
demic problems [27]. In 2004, the first hybrid metaheuristic algo-
rithm for feature selection was proposed [33]. In this approach, lo-
cal search techniques were embedded into GA algorithm to control
the search process.

In [34], Martin and Otto introduced a hybrid algorithm between
Markov chain and simulated annealing, in which the Markov chain
is only dedicated to explore local optima. The algorithm was de-
signed to solve the travel salesman problem. Recently, TS and SA
algorithms have been proposed to solve reactive power problem
[35] and Symmetrical Traveling Salesman Problem [36]. In addi-
tion, SA has been hybridized with genetic algorithm in [37-40].
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These studies evidence that the hybrid models shown a better per-
formance when compared with other local or global search algo-
rithms.

In feature selection domain, many hybrid metaheuristic
algorithms have been proposed with much success. Mafarja and
Abdullah proposed a filter feature selection hybrid algorithm that
used SA to enhance the local search capability of genetic algorithm
in [41]. The algorithm was tested on eight UCI datasets and showed
a good performance in terms of the number of selected attributes
when compared with the state-of-the-art approaches. In [42], a hy-
brid GA and SA has been proposed and tested on the hand-printed
Farsi characters. Another wrapper feature selection hybrid algo-
rithm was proposed in [43], by incorporating the metropolis ac-
ceptance criterion of simulated annealing into crossover operator
of GA. Again, GA was hybridized with SA to produce a hybrid wrap-
per feature selection algorithm to classify the power disturbance in
the Power Quality (PQ) problem, and to optimize the SVM param-
eters for the same problem [44]. Olabiyisi et al. in 2012 [45] pro-
posed a novel hybrid GA-SA metaheuristic algorithm for feature
extraction in timetabling problem, where the GA selection process
replaced by the one in SA to avoid stacking at the local optima. GA
was hybridized with TS in a wrapper feature selection which used
the FUZZY ARTMAP NN classifier as an evaluator [46]. Two filter
feature selection memetic algorithms were proposed by Mafarja et
al. [47]. In these approaches, the fuzzy logic was employed to con-
trol the main parameters in two local search algorithms (record to
record and great deluge) who combined with GA later.

Moradi and Gholampour [48] proposed a local search algorithm
to guide the search process in PSO algorithm to select the minimal
reducts based on their correlation information. Moreover, in [49],
GA and PSO algorithms were proposed in a hybridized method
with SVM classifier called GPSO and were applied to microarray
data classification. A multi objective PSO with a hybrid mutation
operator is proposed in the same field in [50]. In [51], a new com-
bination between GA and PSO was proposed to optimize the fea-
ture set for Digital Mammogram datasets. Two hybrid wrapper fea-
ture selection algorithm based on the combination between ACO
and GA [52,53]. In the same manner, ACO was combined with
Cuckoo Search (CS) algorithm in [54]. Also, a new combination
between Harmony Search Algorithm (HSA) and a Stochastic Local
Search (SLS) was proposed for a wrapper feature selection method
in [55]. Artificial Bee Colony (ABC) has been recently combined
with differential evolution algorithm (DE) to propose a new wrap-
per feature selection method [25]. For further reading about meta-
heuristics and feature selection, interested readers are referred to
the survey papers in [56,57].

Despite the merits of the above-mentioned memetic algorithms
for feature selection, one might ask if we need any other new
memetic. There is a theorem in the field of optimization called No-
Free-Lunch (NFL) that logically proves: there is no algorithm for
solving all optimization problems. In the scope of this work, this
can be stated as: none of the heuristic wrapper feature selection is
able to solve all feature selection problems. In other words, there
is always room for the improvements of the current techniques to
better solve the current of new feature selection problems. This
motivated our attempts to propose yet another memetic algorithm
for feature selection in the next section.

3. Methods
3.1. Whale optimization algorithm

WOA is a new metaheuristic algorithm proposed by Mirjalili
and Lewis [29] and mimics the foraging of humpback whales. The

humpback whales hunt school of krill or small fishes close to the
surface by swimming around them within a shrinking circle and

creating distinctive bubbles along a circle or ‘9’-shaped path (see
Fig. 1). Encircling prey and spiral bubble-net attacking method
were represented in the first phase of the algorithm; exploitation
phase, the second phase where search randomly for a prey (explo-
ration phase). The following subsections discuss the mathematical
model of each phase in details. Note that in the equations, a uni-
form distribution will be used to generate random numbers.

3.1.1. Exploitation phase (encircling prey/bubble-net attacking
method)

To hunt a prey, humpback whales first encircle it. Eqs. (1) and
(2) can be used to mathematically model this behavior [29].

D=|Cc.X*(t) - X (t) (1)

X(t+1)=X(t)-AD )

where t indicates the current iteration, X * represents the best so-
lution obtained so far, X is the position vector, | | is the absolute
value, and - is an element-by-element multiplication. In addition, A
and C are coefficient vectors that are calculated as in Egs. (3) and
(4), respectively:

A=20.7-7 (3)
C=2.7 (4)

where a decreases linearly from 2 to 0 over the course of iterations
(in both exploration and exploitation phases) and r is a random
vector generated with uniform distribution in the interval of [0,1].
According to Eq. (2) the search agents (whales) update their posi-
tions according to the position of the best known solution (prey).
The adjustment of the values of A and C vectors control the areas
where a whale can be located in the neighborhood of the prey.

The Shrinking encircling behavior is achieved by decreasing the
value of a in Eq. (3) according to Eq. (5).

2

~ ' Maxiter (5)
where t is the iteration number and MaxIter is the maximum num-
ber of allowed iterations. To simulate the spiral-shaped path, the
distance between a search agent (X) and the best known search
agent so far (X*) is calculated (see Fig. 1), then a spiral equation
is used to create the position of the neighbor search agent as in
Eq. (6).

X (t+1) =D et cos (2ml) + Xx(t) (6)

a=2

where D' = |)?f(t) —7(t)| and indicates the distance of the ith
whale and the prey (best solution obtained so far), b is a constant
for defining the shape of the logarithmic spiral, and [ is a random
number in [-1,1].

To model the two mechanisms, shrinking encircling and the
spiral-shaped path, a probability of 50% is assumed to choose be-
tween them during the optimization process as in Eq. (7).

Shrinking Encircling (Eq.(2))
spiral—shaped path (Eq.(6))

if(p < 0.5)

7g(t“):{ ifp=05 7

where p is a random number in [0,1].

3.1.2. Exploration phase (search for prey)

In order to enhance the exploration in WOA, instead of updat-
ing the positions of the search agents according to the position of
the best one so far, a random search agent is selected to guide the
search. So, a vector A with the random values greater than 1 or less
than —1 is used to force search agent to move far away from the
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X(@t+1) =D el cos(2mt) + X*(¢t)

—® X

Position

t=05 t=-05 t=-1 ¢t=0 t=1

Fig. 1. Unique bubble-net feeding methods of humpback whales and the mathematical model.

Algorithm 1
Pseudo-code of the native WOA algorithm.

Generate Initial Population X; (i=1, 2, ..., n)
Calculate the fitness of each solution
X* = the best search agent
while (t < Max_Iteration)
for each solution
Update a, A, C, I, and p
if1(p<05)
if2 (Al <+1)
Update the position of the current solution by Eq. (2)
else if 2 (|A| > +1)
Select a random search agent ()
Update the position of the current search agent by the Eq. (9)
end if 2
else if 1 (p>0.5)
Update the position of the current search by the Eq. (6)
end if 1
end for
Check if any solution goes beyond the search space and amend it
Calculate the fitness of each solution
Update X* if there is a better solution t=t+ 1
end while
return X*

best known search agent. This mechanism can be mathematically
modeled as in Egs. (8) and (9).

— —_— =
D= ‘?)(rand - X‘ (8)
X(t+1) =Xy~ A.D )

where m is a random whale chosen from the current popula-
tion.

Algorithm 1 shows the pseudo code of WOA algorithm. It may
be seen that WOA creates a random, initial population and evalu-
ates it using a fitness function once the optimization process starts.
After finding the best solution, the algorithm repeatedly executes
the following steps until the satisfaction of an end criterion. Firstly,
the main coefficients are updated. Secondly, a random value is gen-
erated. Based on this random value, the algorithm updates the po-
sition of a solution using either Eqs. (2)/(9) or Eq. (6). Thirdly, the
solutions are prevented from going outside the search landscape.
Finally, the algorithm returns the best solution obtained as an ap-
proximation of the global optimum.

WOA is a population-based stochastic algorithm as mentioned
above. What guarantees the convergence of this algorithm is the
use of the best solution obtained so far to update the position

of the rest of solutions. However, this mechanism might lead so-
lutions to local optima. This is the reason of using random vari-
ables to switch between three equations to update the position
of solutions. The balance between local optima avoidance (explo-
ration) and convergence (exploitation) is done with the adaptive
parameter a. This parameter smoothly reduces the magnitude of
changes in the solutions and promotes convergence/exploitation
proportional to the number of iterations.

3.2. Simulated annealing

Simulated annealing, proposed by Kirkpatrick et al. [28], is a
single-solution metaheuristic algorithm based on the hill climbing
method that. To overcome the problem of stagnating in local op-
tima, SA utilizes a certain probability to accept a worse solution.
The algorithm starts with a randomly generated solution (initial so-
lution); in each iteration, a neighbor solution to the best one so far
is generated according to a predefined neighborhood structure and
evaluated using a fitness function. The improving move (the neigh-
bor is fitter than the original solution) is always accepted, whilst
worse neighbor is accepted with a certain probability determined
by the Boltzmann probability, P=e~% T where 6 is the difference
between the fitness of the best solution (BestSol) and the generated
neighbor (TrialSol). Moreover, T is a parameter (called the temper-
ature) which periodically decreases during the search process ac-
cording to some cooling schedule. In this work, the initial temper-
ature is set to 2*|N|, where |N| represents the number of attributes
for each dataset, and the cooling schedule is calculated as T=0.93
* T (as adopted in [58]). Algorithm 2 shows the pseudo code of SA
algorithm.

3.3. Tournament selection

Tournament selection is a simple and easy to implement selec-
tion mechanism that was stated by Goldberg et al. [59]. It is one of
the most well-regarded selection mechanisms used in evolutionary
algorithms [60]. In tournament selection, n solutions are to be se-
lected randomly from the population, these solutions are compared
against each other and a tournament will be placed to determine
the winner. The tournament involves generating a random number
between 0 and 1, then it is compared with a selection probability
that provides a convenient mechanism for adjusting the selection
pressure (usually set to 0.5), if the random is greater, then the so-
lution with the highest fitness value will be selected and, other-
wise, the weak solution is selected. This property in tournament
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Algorithm 2
Pseudocode of SA algorithm.

To = 2*|N| where |N| is the number of attributes for each dataset
BestSol < S’
§ (BestSol) < 8 (S;) /| 6 indicates the quality of the solution
while T> Ty
generate at random a new solution TrialSol in the neighbor of S;’
calculate 8(TrialSol)
if (8(TrialSol) > §(BestSol))
Si’ < TrialSol;
BestSol < TrialSol,
8(Sy’) < 8(TrialSol);
S(BestSol) < &(TrialSol);
else if ((8(TrialSol) = §(BestSol))
Calculate |TrialSol| and | BestSol |;
if (|TrialSol| < | BestSol |)
S;’ < TrialSol;
BestSol < TrialSol;
8(Si") < 8(TrialSol);
8(BestSol) < §(TrialSol);
end if
else /| accepting the worse solution
Calculate 6 = §(TrialSol) - 5(BestSol))
Generate a random number, P=[0,1];
if (P<e?IT)
S;’ < TrialSol; 8(S;) < 8(TrialSol);
end if
end if
T=0.93 * T; /| update temperature
end while
Output BestSol

selection gives the chance to most solutions to be selected which
preserves the diversity of the selected solutions [60].

4. The proposed approach

Feature selection is a binary optimization problem, where solu-
tions are restricted to the binary {0, 1} values. For the WOA algo-
rithm to be used with the feature selection problem, a binary ver-
sion should be developed. In this work, a solution is represented
in one dimensional vector, where the length of the vector is based
on the number of attributes of the original dataset. Each value in
the vector (cell) is represented by “1” or “0”. Value “1” shows that
the corresponding attribute is selected; otherwise the value is set
to “0”.

Feature selection can be considered as a multi-objective opti-

mization problem where two contradictory objectives are to be
achieved; minimal number of selected features and higher classifi-
cation accuracy. The smaller is the number of features in the solu-
tion and the higher the classification accuracy, the better the solu-
tion is. Each solution is evaluated according to the proposed fitness
function, which depends on the KNN classifier [61] to get the clas-
sification accuracy of the solution and on the number of selected
features in the solution. In order to balance between the number
of selected features in each solution (minimum) and the classifica-
tion accuracy (maximum), the fitness function in Eq. (10) is used
in both WOA and SA algorithms to evaluate search agents.
Fitness = ayr(D) + ﬂ:%', (10)
where yg(D) represents the classification error rate of a given
classier (the K-nearest neighbor (KNN) classifier is used here). Fur-
thermore, |R| is the cardinality of the selected subset and |N| is the
total number of features in the dataset, « and 8 are two param-
eters corresponding to the importance of classification quality and
subset length, @ € [0, 1] and B =(1-«) adopted from [62].

As can be noted in the WOA algorithm, exploitation (as in
Egs. (2) and (6)) depends on calculating the distance between the
search agent and the best known whale so far. We believe that

employing an efficient local search algorithm to search the neigh-
borhood around the best known solution will improve the results.
Moreover, since the exploration in the native WOA algorithm (as
in Eq. (9)) depends on changing the position of each search agent
according to a randomly selected solution we believe that using a
different selection mechanism like tournament selection may im-
prove the exploration ability within the algorithm. This is simply
because the tournament selection gives more chance to the weak
solutions to be selected during the search process depending on
the selection pressure which improves the diversity capability of
WOA algorithm.

4.1. Hybrid WOA-SA methods

WOA algorithm is a recent optimization algorithm that shows
superior results in many optimization problems. The native algo-
rithm uses a blind operator to play the role of exploitation re-
gardless of the fitness value of the current solution and the op-
erated one. We replaced this operator with a local search which
considers a solution as its initial state, work on it, and replace the
original solution by the enhanced one. This approach represents
a hybridization between global search (WOA) and local search al-
gorithm (SA). In the proposed approach, two hybridization models
between the two algorithms are considered, (1) Low-Level Team-
work Hybrid (LTH) and (2) High-Level Relay Hybrid (HRH). On one
hand, in LTH, SA algorithm is embedded in WOA algorithm to
search for the best solution in the neighbour of both the randomly
selected solution (to replace Eq. (9)) and the neighbour of the best
known solution (to replace Eq. (2)) and replace the original one.
This approach is called WOASA-1. This process improves the ex-
ploitation ability of WOA algorithm. SA algorithm in this approach
acts as an operator in WOA algorithm. On the other hand, HRH
model uses SA algorithm after applying WOA algorithm and find-
ing the best solution, then SA is used to enhance that final so-
lution. This approach is called WOASA-2. In both WOASA-1 and
WOASA-2, WOA uses random selection mechanism to select the
random solution that enables the algorithm to explore the fea-
ture space. Moreover, the two approaches are tested when WOA
uses the Tournament Selection mechanism. The two techniques are
named WOASAT-1 and WOASAT-2 respectively.

5. Experiments
5.1. Datasets

The implementation of the proposed algorithm is done using
Matlab. In order to assess the performance of the proposed ap-
proaches, the experiments are performed on 18 FS benchmark
datasets from the UCI data repository [63]. Table 1 shows the de-
tails of the used datasets such as number of attributes and in-
stances in each dataset.

5.2. Parameter settings

A wrapper approach-based on the KNN classifier (where K=5
[62]) with the Euclidean distance matric is used to generate the
best reduct. In the proposed approach, each dataset is divided in
cross validation in a same manner to that in [64] for evaluation.
In K-fold cross-validation, K -1 folds are used for training and vali-
dation and the remaining fold is used for testing. This process is
repeated M times. Hence, individual optimizer is evaluated K*M
times for each data set. The data for training, validation are equally
sized. In all experiments in this section, the parameters are set as
follows. The maximum number of iterations is 100 and the popu-
lation size is 10. Furthermore, each algorithm is run 5 times with
random seed on an Intel Core i5 machine, 2.2 GHz CPU and 4GB of
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Table 1

List of Datasets datasets Used used in the Experimentsexperi-

ments.

Dataset No. of attributes ~ No. of objects

1 Breastcancer 9 699
2. BreastEW 30 569
3. CongressEW 16 435
4, Exactly 13 1000
5. Exactly2 13 1000
6. HeartEW 13 270
7. IonosphereEW 34 351
8. KrvskpEW 36 3196
9. Lymphography 18 148
10.  M-of-n 13 1000
1. PenglungEW 325 73
12. SonarEW 60 208
13.  SpectEW 22 267
14.  Tic-tac-toe 9 958
15.  Vote 16 300
16.  WaveformEW 40 5000
17.  WineEW 13 178
18. Zoo 16 101

RAM. Please note that the parameters of SA are identical to those
used in the previous subsection.

5.3. Results and discussion

All results obtained from the proposed approaches are reported
in this section. The native WOA, WOASA-1 and WOASA-2 are com-
pared to assess the effect of hybridizing SA algorithm with the na-
tive WOA. Then the three approaches that use the Tournament Se-
lection (WOAT, WOASAT-1, and WOASA-2) are compared to assess
the effect of using Tournament selection instead of the random
mechanism. To find out the best approach among the proposed ap-
proaches, all approaches are compared together in one table. The
proposed approaches are also compared to state-of-the-art feature
selection methods including Ant Lion Optimizer (ALO), PSO and GA
[62,65] based on the following criteria:

 Classification accuracy by using the selected features on the test
dataset. The average accuracy gained from 5 runs is calculated.

o The average selection size is the second comparison that is pre-
sented in this section.

e Then the fitness values obtained from each approach is re-
ported, the mean, min and max fitness values are compared.

[m5G;May 17, 2017;11:49]
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5.3.1. Comparison of WOA, WOASA-1 and WOASA-2

The performance of WOA, WOASA-1 and WOASA-2 over the two
objectives (average selection size and classification accuracy) in ad-
dition to the computational time is outlined in this section. It is
worth to remind that WOASA-1 embedded SA algorithms in WOA
algorithm to act as an internal operator, while in WOASA-2, SA is
employed on the final solution after WOA algorithm terminated.

Inspecting Table 2, it is evident that the hybrid algorithms are
much better than the native one for both objective: classifica-
tion accuracy and number of selected attributes. The native algo-
rithm does not outperform any hybrid approach over all datasets in
terms of number of selected attributes, whereas it performs bet-
ter than others on only two datasets with an insignificant differ-
ence. WOASA-1 outperforms all approaches in 8 and 10 datasets
in both classification accuracy and number of selected attributes
respectively. For the classification accuracy, it outperforms WOA
over sixteen datasets and the difference between the results of
the two approaches varies from 0.03% to 23%. In Exactly dataset,
WOASA-1 provides 100% accuracy by using 6 attributes only, at
the same time WOA show 77.2% accuracy and 9.2 attributes. The
rest of results in Table 2 show that WOASA-1 outperforms WOA
in both classification accuracy and selected attributes for the same
dataset. A similar pattern can be seen in the results of WOASA-2,
it performs better than WOA on almost all datasets. When com-
paring WOASA-1 and WOASA-2, it may be seen that WOASA-2
performs better than WOASA-1 over 8 datasets for classification
accuracy. At the same time WOASA-1 obtained better higher classi-
fication accuracy than WOASA-2 over 9 datasets. In terms of num-
ber of selected attributes, WOASA-2 outperforms WOASA-1 over 8
datasets. By contrast, WOASA-1 performs better than WOASA-2 on
six datasets.

Generally speaking, the performance of both proposed ap-
proaches is very close over both objectives and both of them per-
form better than the native algorithm. From the reported results
we can conclude that the two hybrid models (LTH and HRH) sig-
nificantly enhanced the performance of the native algorithm, but
there is no significant discrepancy between the two models pro-
posed. This motivated us to keep the proposed approaches and
study the influence of enhancing the exploration property by em-
ploying tournament selection mechanism to make more balance
between exploitation and exploration. The results of employing
tournament selection are represented in Table 3.

Table 2

Classification accuracy and average selected attributes obtained from WOA, WOASA-1 and

WOASA-2.
Dataset Accuracy Attributes

WOA WOASA-1 WOASA-2 WOA WOASA-1 WOASA-2

Breastcancer 0.96 0.97 0.96 6.4 5.6 5.2
BreastEW 0.93 0.96 0.97 23.8 13.6 12.6
CongressEW 0.93 0.97 0.97 10 44 52
Exactly 0.77 1.00 1.00 9.2 6 6
Exactly2 0.74 0.73 0.72 4.8 1 14
HeartEW 0.79 0.79 0.84 9.4 6.2 7.2
IonosphereEW 0.87 0.92 0.96 224 14 11.8
KrvskpEW 0.93 0.98 0.98 24.2 19.4 17
Lymphography  0.78 0.90 0.87 10.8 6.8 7.6
M-of-n 0.91 1.00 1.00 8.6 6 6
PenglungEw 0.84 0.85 0.91 1884 138 128.8
SonarEW 0.86 0.94 0.95 46.4 26.6 264
SpectEW 0.81 0.82 0.84 94 9.6 94
Tic-tac-toe 0.76 0.79 0.76 8.4 5.8 5.8
Vote 0.92 0.97 0.96 9.4 3.8 5.8
WaveformEW 0.71 0.69 0.68 33.6 21.6 19.4
WineEW 0.95 0.99 0.99 7.4 6.8 6.8
Zoo 0.96 0.99 0.97 8.8 5.8 54
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Table 3

Classification accuracy and average selected attributes obtained from WOAT, WOASAT-1 and

WOASAT-2.
Dataset Accuracy Attributes

WOA  WOASAT-1  WOASAT-2 WOA  WOASAT-1 ~ WOASAT-2
Breastcancer 0.96 0.96 0.97 6.4 4.0 4.2
BreastEW 0.95 0.97 0.98 21.2 11.2 11.6
CongressEW 0.94 0.98 0.98 72 4.0 6.4
Exactly 0.78 1.00 1.00 10.2 6.0 6.0
Exactly2 0.70 0.72 0.75 5.4 1.8 2.8
HeartEW 0.80 0.80 0.85 9.2 5.8 54
lonosphereEW  0.88 0.90 0.96 17.6 10.2 12.8
KrvskpEW 0.93 0.98 0.98 28.0 16.8 18.4
Lymphography  0.79 0.85 0.89 13.6 8.0 7.2
M-of-n 0.88 1.00 1.00 10.4 6.0 6.0
PenglungEW 0.83 0.90 0.94 1738 14438 1274
SonarEW 0.87 0.95 0.97 43.0 28.8 26.4
SpectEW 0.79 0.83 0.88 12.8 8.0 94
Tic-tac-toe 0.75 0.77 0.79 6.8 6.0 6.0
Vote 0.93 0.96 0.97 9.8 6.0 5.2
WaveformEW 0.72 0.67 0.76 346 212 20.6
WineEW 0.97 0.99 0.99 9.6 6.0 6.4
Zoo 0.94 0.95 0.97 9.2 5.0 5.6
Table 4

Average computational time (in seconds) for random selection based approaches and the tournament
selection based approaches.

Random selection based approaches = Tournament selection based approaches

Dataset WOA WOASA-1 WOASA-2 WOAT  WOASAT-1 WOASAT-2
Breastcancer 2.77 15.10 43.24 2.80 14.06 41.74
BreastEW 3.26 14.04 4318 3.22 15.54 4430
CongressEW 2.24 14.10 37.34 2.25 14.10 35.67
Exactly 4.50 25.30 57.39 4.67 20.52 51.79
Exactly2 4.25 24.90 55.85 3.67 20.41 54.88
HeartEW 1.87 10.85 28.67 1.86 1115 29.79
IonosphereEW 2.23 12.86 30.79 210 11.51 30.84
KrvskpEW 57.53 235.37 641.01 60.49 209.67 589.56
Lymphography  1.68 10.48 2715 1.66 10.87 26.17
M-of-n 443 20.62 52.32 4.64 20.51 51.54
PenglungEW 2.24 11.07 28.47 210 10.12 30.49
SonarEW 2.02 10.00 28.02 1.98 10.80 27.76
SpectEW 1.86 12.52 30.34 1.86 10.58 31.38
Tic-tac-toe 5.08 19.16 51.93 4.25 23.65 56.89
Vote 1.90 10.72 30.63 1.96 12.76 30.79
WaveformEW 180.89  615.35 1770.48 173.72 61710 1633.27
WineEW 1.77 10.33 29.59 1.77 10.86 26.33
Zoo 1.75 9.56 27.55 1.71 11.52 27.02

5.3.2. Comparison of WOAT, WOASAT-1 and WOASAT-2
Table 5 The perf f the TS-based hes i ted i
Comparison between the proposed approaches and the state-of- € performance o . € > dased approaches 1s pr.esen ed n
the-art approaches in terms of classification accuracy. Table 3. In terms of classification accuracy, one can easily observe
that WOASAT-2 shows superior performance since it provides the

Dataset WOASAT-2 ALO GA  PSO  Full . . . .
atase u highest classification accuracy on all datasets. At the same time,
Breastcancer 0.97 096 096 095 094 its performance for the second objective, number of selected at-
BreastEw 0.98 093 034 094 096 tributes, is competitive on some datasets. In addition, it is worth
CongressEW 0.98 093 094 094 092 . . .
Exactly 1.00 066 067 068 067 noting that the WOA algorithm does not outperform the hybrid ap-
Exactly2 0.75 075 076 075 074 proaches over any dataset.
HeartEW 0.85 083 082 078 082
lonosphereEW  0.96 087 083 084 087 5.3.3. Comparison between all proposed approaches
KrvskpEW 0.98 095 092 094 092 This subsection compares the six proposed approaches to
Lymphography  0.89 079 071 069 0.68 1 the i t of enh . th lorati loitati d
Meof-n 100 086 093 086 085 analyze the impact of enhancing the exploration, exploitation an
PenglungEW 0.94 063 070 072 066 both of them combined. By analyzing the results in Tables 2 and 3,
SonarEW 0.97 074 073 074 062 we can say that using TS plays a complementary role in enhanc-
SpectEW 0.88 080 078 077 083 ing exploration in WOA algorithm besides SA which enhances
\T/';t'etac’me 3'57)27, g';; g';; g';g 8';?5 exploitation. The performance of the proposed approaches
WaveformEW  0.76 077 077 076 077 is enhanced gradually: WOA < WOAT < WOASA-1 < WOASAT-
WineEW 0.99 091 093 095 093 1 < WOASA-2 < WOASAT-2. It can be stated thatWOA is a robust
Zoo 0.97 091 088 083 079 algorithm that balances exploration and exploitation when search-
Average 0.92 083 083 082 0481 ing for the global optimum, and SA enhances the exploitation in

WOA algorithm Then Tournament Selection employment enhanced
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Table 6

Comparison between the proposed approaches and the state-of-the-art approaches in
terms of average number of selected attributes.

Dataset Attributes Instances ~ WOASAT-2  ALO GA PSO
Breastcancer 9 699 4.20 6.28 5.09 5.72
BreastEW 30 569 11.60 16.08 16.35 16.56
CongressEW 16 435 6.40 6.98 6.62 6.83
Exactly 13 1000 6.00 6.62 10.82 9.75
Exactly2 13 1000 2.80 10.70 6.18 6.18
HeartEW 13 270 5.40 10.31 9.49 7.94
IonosphereEW 34 351 12.80 9.42 17.31 19.18
KrvskpEW 36 3196 18.40 24.70 2243 20.81
Lymphography 18 148 7.20 11.05 11.05 8.98
M-of-n 13 1000 6.00 11.08 6.83 9.04
PenglungEW 325 73 127.40 164.13 17713 178.75
SonarEW 60 208 26.40 37.92 33.30 31.20
SpectEW 22 267 9.40 16.15 11.75 12.50
Tic-tac-toe 9 958 6.00 6.99 6.85 6.61
Vote 16 300 5.20 9.52 6.62 8.80
WaveformEW 40 5000 20.60 35.72 25.28 22.72
WineEW 13 178 6.40 10.70 8.63 8.36
Zoo 16 101 5.60 13.97 10.11 9.74
Average 15.99 22.68 21.77 21.65

the exploration in WOA algorithm which complemented the role
of SA, so we observed that WOASAT approaches outperformed
all other approaches on almost all datasets in classification accu-
racy and produced better results in terms of number of selected
attributes on many datasets. These findings prove that WOASAT
properly and efficiently balances exploration and exploitation,
which is due to the employed local search and selection mecha-
nism.

It seems that using SA after WOA algorithm performs better
than embedding SA in WOA. This shows the capability of WOA
in locating the high-performance regions in the feature space of
the problem in hand. It can also be stated that a sequential hybrid
WOA and SA does not damage the exploration of WOA, which is
essential when solving challenging problems.

Table 4 presents the average computational time (in seconds)
required by each approach to get (near) optimal solution. All ap-
proaches use the same parameter settings and are tested on the
same datasets, so we used the computational time to compare be-
tween the performances of the proposed approaches. As can be
seen in Table 4, WOAT has the best computational time in compar-
ison to other approaches on twelve datasets. WOA also performs
better than other approaches on six datasets. When comparing the
two hybrid models (LTH and HRH), we found that HRH based ap-
proaches (WOASA-1 and WOASAT-1) require nearly 38% of the total
time required by LTH based approaches (WOASA-2 and WOASAT-
2) to find the best results. This can be interpreted easily since the
number of times of running the embedded SA algorithm in LTH
approaches is much higher than that for the HRH approaches. Al-
though HRH-based approaches require only one third of the time
of LTH-based approaches, they significantly outperform that ap-
proaches in terms of classification accuracy and minimal reducts.

5.3.4. Comparison with the state-of-the-art approaches

In the previous section, after analysing the results we found
that WOASAT-2 approach outperforms other approaches in terms
on classification accuracy on all datasets and has competitive per-
formance compared to other approaches in terms of number of
selected attributes. In this section, we compare the performance
of the best approach among the proposed approaches against
the most related approaches in the feature selection literature.
Table 5 presents the results of WOASAT-2, ALO, GA, and PSO. To
show the importance of using feature selection in classification
problem, the classification accuracy using full feature set is re-
ported as well.

As per the results in Table 5, the accuracy of using full feature
set is worse than selecting features using the wrapper approaches
proposed. Moreover, WOASAT-2 outperforms all approaches on all
datasets, except for two datasets where GA performs better than
other approaches with a slight difference from WOASAT-2, and
WOASAT-2 comes in the second place. In Table 6, the average of
selected attributes using WOASAT-2 and other approaches are re-
ported. WOASAT-2 shows much better performance than other ap-
proaches on 90% of the datasets where WOASAT-2 produces aver-
age accuracy of 92.2%, while the closest approach produces accu-
racy of 82.9%. This can be interpreted by the enhanced exploration
and exploitation capability of WOASAT-2 searches intensively the
high-performance regions of the feature space.

Table 6 shows the average number of selected attributes.
WOASAT-2 performs better than other optimizers employed in this
paper. Inspecting the results in Tables 5 and 6, a substantial dis-
crepancy might be seen in the classification accuracy and the num-
ber of the elected attributes when comparing WOASAT-2 and other
approaches. For example, in exactly dataset, WOASAT-2 is bet-
ter than other approaches with nearly 34% in classification accu-
racy and only 6 selected features. The significant superiority of
WOASAT-2 in selecting less number of attributes is justifiable since
it uses the TS mechanism that gives more chances to the weak
solutions to be selected, which decreases the probability of trap-
ping in local optima. This mechanism allows the algorithm to ex-
tensively explore regions in the feature space and use SA to inten-
sify these regions. This approach leverages the strengths of using
a global search algorithm, which is efficient in exploration, and a
local search, which is efficient in exploitation, to solve feature se-
lection problems. Selecting less number of attributes means elimi-
nating the irrelevant/redundant attributes in a dataset and reduces
the search space.

The obtained statistical measures on the different runs of the
optimizers on all the data sets are summarized in Table 7. Here,
WOASAT-2 approach is used in comparison with other approaches.
As may be observed in this table, we can see that WOASAT-2 out-
performs ALO, PSO and GA in Mean and Best Fitness criteria on
fifteen datasets, and it is not worse than any other approach on fif-
teen datasets. The high-performance of the enhanced WOA based
approaches improves its capability.

This high performance of the WOA algorithm proves its capabil-
ity to balance between the exploration and exploitation throughout
iterations of the optimization. As per the results obtained, the per-
formance of the WOA algorithm is proved on the large datasets
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Table 7

Mean, best and worst fitness values obtained from the different optimizers.

Dataset Mean Best

Worst

WOASAT-2  ALO GA PSO WOASAT-2

ALO GA PSO WOASAT-2  ALO GA PSO

Breastcancer 0.04 0.02 0.03 0.03 0.03
BreastEW 0.03 0.03 0.04 0.03 0.02
CongressEW 0.03 005 0.04 004 0.02
Exactly 0.01 029 028 028 0.01
Exactly2 0.25 024 025 025 023
HeartEW 0.16 0.12 0.14 0.15 0.13
IonosphereEW 0.04 0.11 0.13 0.14 0.03
KrvskpEW 0.02 0.05 0.07 0.05  0.02
Lymphography  0.11 0.14 0.17 0.19 0.09
M-of-n 0.01 0.11 0.08 0.11 0.01
PenglungEW 0.06 0.14 022 022 0.03
SonarEW 0.03 0.18 0.13 0.13 0.01
SpectEW 0.13 0.12 0.14 0.13 0.11
Tic-tac-toe 0.21 022 024 024 020
Vote 0.04 004 0.05 005 0.02
WaveformEW 0.25 0.21 020 022 023
WineEW 0.01 0.02 0.1 0.02  0.00
Zoo 0.04 0.07 0.08 0.10 0.00
Total 1.83 215 230 239 157

0.02 002 0.03 0.04 003 0.04 0.03
0.03 0.02 0.02  0.04 0.04 005 0.05
0.03 0.03 0.03  0.05 0.06 0.06 0.04
0.28 0.27 0.21 0.01 029 031 0.32
023 022 022 027 025 030 031
011 0.12 0.13 0.18 0.13 0.14 0.18
0.10 009 012 0.05 0.12 0.16 0.17
0.03 0.03 0.03  0.02 0.07 013 0.07
008 012 0.14 0.14 0.16 027 027
0.09  0.02 0.06 0.01 0.12 0.15 0.16
0.00 013 013 0.11 0.21 029 0.29
0.13 0.07 0.07  0.05 026 023 022
0.09 012 0.10 0.15 0.15 0.15 0.16
020 021 0.21 0.23 024 026 027
0.03 0.03 0.03  0.04 0.05 0.08 0.08
0.19 0.19 0.21 0.26 022 021 0.23
0.00 000 0.00 0.03 0.03 003 0.03
004 000 003 010 0.12 0.18 0.21
170 1.69 177 214 254 303 3.08

as well as small size data sets. The three datasets; penglungEW,
krvskpEW and ionosphereEW are relatively large datasets and the
fitness value of the proposed approach is clearly less than all other
approaches. We can also see that WOA performs better than ALO,
PSO and GA in terms of the best and worst obtained solution.

6. Conclusion

Feature selection is one of the key factors in enhancing the
classifier abilities in the classification problem. In this paper
four variant hybrid metaheuristic algorithms based on WOA al-
gorithm were proposed. The proposed approaches integrate SA
algorithm with the global search of WOA. SA was employed
in the proposed approaches following two hybrid models; low-
level teamwork hybrid model (LTH), and high-level relay hybrid
model (HRH).

In LTH, SA was used as a local search operator around the se-
lected search agents in two approaches (WOASA-1 and WOASAT-1).
By contrast, SA was used to search the neighborhood of the best
found solution after each iteration of WOA in HRH (WOASA-2 and
WOASAT-2). To give more chances to the weak solutions to be se-
lected in order to enhance the diversity of WOA, Tournament Se-
lection mechanism was used to selected the search agents instead
of random selection mechanism (WOASAT-1 and WOASAT-2).

The performances of the proposed approaches were assessed
and compared against three recent wrapper feature selection
methods including ALO, PSO, and GA. Two criteria were reported
to evaluate each approach: classification accuracy, average selec-
tion size. The proposed approaches were compared against each
other and the native WOA algorithm. We found that WOASAT-2,
which used SA to intensify the neighboring region of the best so-
lution found in each iteration of WOA, and the tournament se-
lection to select the search agents show the best performance
among all proposed approaches in terms of classification accu-
racy They also show competitive results over the second objec-
tive; selecting the minimal reducts. Since the performance of the
proposed approaches follows this order: WOA < WOAT < WOASA-
1 < WOASAT-1 < WOASA-2 < WOASAT-2, we can conclude that the
proposed approaches managed to successfully balance the main
two objectives of a metaheuristic algorithm: exploration and
exploitation.

For future studies, it would be interesting to hybridize WOA
algorithm with another population-based metaheuristic algorithm

like ALO. In addition, employing a hybrid WOA algorithm for solv-
ing real world problem like medical data is another possible future
work.
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