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Abstract:

The classification accuracy of datasets heavily depends on their features. The presence of irrelevant and
redundant features in a dataset can lead to a reduction in classification accuracy. ldentifying and remov-
ing such features is the main purpose of feature selection problem, which is an important step in the data
science lifecycle. The aim of the Wrapper feature selection method is to reduce the number of selected
features (SF) while improving the classification accuracy by optimizing a set of features. Feature selec-
tion is a challenging and computationally expensive problem that falls under the NP-complete category,
so it requires computationally efficient algorithms to solve it. The Artificial Rabbits Optimization (ARO)
is a biologically inspired optimization technique that mimics the unique and intelligent foraging tactics
of rabbits in nature. This paper proposed a new feature selection method based on the ARO meta-heuris-
tic algorithm, called the memory artificial rabbits optimization (MARQO), to improve its performance for
solving feature selection problems. The proposed MARO method is tested on a standard benchmark da-
taset and compared with four state-of-the-art feature selection algorithms. The results show the effective-
ness of the proposed MARO algorithm in searching for an optimal subset of features.
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1. Introduction

The use of information technology in various fields such
as social media, medicine, transportation, business, online
education, and marketing has led to the generation of large
and complex datasets. Analyzing and processing such data
can be time-consuming and challenging. Therefore, it is
necessary to preprocess the data before modeling. Data pre-
processing involves several important steps, and one cru-
cial step is feature selection, which is performed during the
preprocessing phase [1]. The main aim of feature selection
is to improve classification accuracy while reducing the
number of selected features (SF) by eliminating irrelevant
and redundant ones. By applying feature selection, the re-
sulting dataset model becomes more powerful and helps
prevent overfitting [2].

There are various approaches to obtaining the best subset
of features. One such approach is a comprehensive search
within the datasets. However, this approach is not efficient
for large datasets because it requires evaluating 2™.subsets
of features for n features, which becomes highly com-
plex [3]. Another approach is random selection, where sub-
sets of features are chosen randomly. However, the com-
plexity of this method can be reach to that of the
comprehensive search method.

Feature selection is a NP-complete problem, which means
that it falls into a class of problems for which no efficient
solution has been discovered. It is highly challenging to
solve this problem using deterministic methods. To over-
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subsets. This category includes methods such as Sequential
Forward Selection (SFS), Sequential Backward Selection
(SBS), and meta-heuristic search. SFS methods start with
an empty set of features and progressively add features un-
til the evaluation function improves, as described in [6]. On
the other hand, SBS assumes all features are initially in-
cluded and then removes features one by one to achieve the
desired result, as described in [7]. Additionally, meta-heu-
ristic feature selection methods utilize meta-heuristic algo-
rithms to search for the optimal subset of features, as stud-
ied in [8].

Embedded methods are another class of feature selection
techniques where feature selection is integrated into the
classifier algorithm. In these methods, the machine learn-
ing algorithm and feature selection problem interact to
achieve the best classification accuracy, as used in [9]. Hy-
brid methods combine the capabilities of both filter and
wrapper methods. In this approach, a filter method is ini-
tially applied to select a suitable subset of features, which
is then passed to the wrapper method to determine the final
subset, as proposed in [10].

The remainder of this paper is structured as follows: In sec-
tion 2, a summary of previous works is given. Section 3
provides a brief overview of the functioning of the ARO
algorithm. Section 4 elaborates the proposed approach in
detail. In Section 5, we present the experimental results ob-
tained from comparing the proposed algorithm with state-
of-the-art algorithms. Lastly, Section 6 offers conclusions
and outlines potential avenues for future research.

]
I S— T
|— Filter Methods |—Wrapper Methods |— Hybrid Met!

Sequential Forward Selection

Sequential Backward Selection

Meta-Heuristic approch

hods Embedded methods
!

Figure 1: Feature Selection Methods

come this, special feature selection methods have been de-
veloped, including filter methods, wrapper methods, embed-
ded methods, and hybrid methods, as illustrated in Figure 1.
These methods can find an appropriate solution for the fea-
ture selection problem within an acceptable timeframe.
The filter method for feature selection involves assigning
an importance score to each feature based on criteria such
as dependency, distance, correlation, similarity, and con-
sistency. Features with low scores are then removed, reduc-
ing the dimensionality of the datasets. This method can
consider the mutual dependence between features, known
as multivariate analysis, as discussed in [4]. Alternatively,
if each feature is considered independent, it is referred to
as univariate analysis, as discussed in [5].In the wrapper
method for feature selection problem, a machine learning
algorithm is used to evaluate the quality of different feature

2. Lecture review

Solving real-world optimization problems poses various
challenges. Some of these problems lack deterministic so-
lutions, but meta-heuristic algorithms can effectively find
suitable solutions within an acceptable time frame. Meta-
heuristic algorithms possess advantages such as flexibility,
simplicity, being guess free, and independence in optimi-
zation problems. These algorithms can be classified based
on their characteristics: nature-inspired or non-nature-in-
spired, single-solution or population-based, and single-ob-
jective or multi-objective. They act as black boxes and find
wide applicability in optimization problems, allowing us to



obtain appropriate outputs without requiring in-depth
knowledge of the problem’s nature [11].

The class of meta-heuristic methods for feature selection
utilizes these meta-heuristic algorithms to solve the feature
selection problem by formulating it as an optimization
problem with a suitable fitness function.

Genetic Algorithm (GA) is a prominent meta-heuristic al-
gorithm that employs three operations mutation, selection,
and crossover to update the positions of individuals within
a population. Each individual, represented as a chromo-
some, represents a potential solution to the optimization
problem [12]. Several meta-heuristic feature selection
methods are based on genetic algorithms, and some com-
bine GA with other algorithms to achieve improved results.
For example, the algorithm proposed in [13] utilizes ge-
netic algorithms and neural networks to identify the appro-
priate feature subset. Other studies such as [14] also em-
ploy genetic algorithm to solve feature selection problems.
Particle Swarm Optimization (PSO) is another popular
meta-heuristic algorithm inspired by the behavior of birds.
PSO updates the positions of particles based on the best so-
lution found so far. This algorithm exhibits a favorable
convergence rate, although it may become trapped in local
optima. Several PSO-based meta-heuristic methods for fea-
ture selection have been proposed in studies such as [15].
The Ant Colony Optimization (ACO) algorithm is another
widely used meta-heuristic algorithm. It is inspired by the
foraging behavior of ants in their search for the shortest
path between their nest and food sources [16]. Several
meta-heuristic feature selection methods based on ACO
have been introduced, such as the algorithm presented in
[17].

Researchers have proposed many solutions to the problem
of feature selection problem. In Table 1 a summary of the
works based on algorithms Salp Swarm Algorithm (SSA)
[28], Gray Wolf Optimization (GWQ) [11], Cuckoo Opti-
mization Algorithm (COA) [29],and Differential Evolution
(DE) [30] is given.

In recent years, humerous meta-heuristic algorithms have
been developed, each with its own advantages and disad-
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This method is primarily proposed to prevent the re-evalu-
ation of candidate solutions. Given that the most time-con-
suming aspect of feature selection is evaluating candidate
solutions, the proposed approach can significantly enhance
the performance of metaheuristic algorithms in feature se-
lection.

3. ARO (Artificial Rabbits Optimi-
zation)

Rabbits in nature have special behaviors to feed, escape
or hide from predators. ARO is an optimization algorithm
designed based on these behaviors of rabbits. Rabbits do
not forage on the grass near their nest to avoid detection of
their nest site. This behavior, called detour foraging, is used
for the exploration phase of the ARO algorithm. Rabbits
also dig holes in the side of their nests so that when preda-
tors attack them, they can accidentally hide in one of them.
This strategy, called random hiding, is used in the exploi-
tation phase for the ARO algorithm. Given that the energy
required to escape from predators is limited in rabbits, they
must strike a balance between detour foraging and random
hiding because the farther they are from their nest, the
greater the distance they must run to escape than when
predators attack. ARO uses this pattern to balance between
exploration and exploitation phases.[32]

3.1. Mathematical modeling of rabbit be-
havior

The ARO algorithm considers search agents (rabbits)
in d-dimensional space and then updates the position
of each agent according to the mentioned behaviors.
One of the behaviors of rabbits is detour foraging. The
following equations are used for mathematical simu-
lation of this behavior.

vantages. The Avtificial rabbits optimization(fRe)is x () + R. (x ) —-x (t)) +round(0.05+(0.05+r1,)).n, @)

meta-heuristic optimization algorithm that distinguishes it-
self from the other algorithms due to its unique biological
inspiration [31]. In the next section, a brief description of
this algorithm is provided.
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Table 1: Some of recent works on the feature selection problem

Base on Authors Type
SSA [18], [19] Wrapper
GWO [20], [21] Wrapper
GWO [22] Hybrid
COA [23] Wrapper
ABC [24], [25] Wrapper
DE [26] Wrapper
DE [27] Filter
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where \7i (t + 1) is a temporary variable to update the
position of each search agent (rabbit) in the search space.
X (t) , N, and T are the position of the ith search agent in

1
time t, the size of the population of rabbits and the maxi-
mum number of iterations, respectively. Also, r{, r, and 5
are random numbers in the range (0,1). n, is the standard
normal distribution. The randperm(k) function returns a
random permutation of integers between 0 and k. Equation
+ provides the detour foraging.
In equation 2, R has a direct relation with L. Also, L, which
is the length of the rabbit's steps, has a large value at the
beginning and gradually decreases. The detour foraging be-
havior makes the ARO algorithm not get stuck in the local
optimal points and converges to the global solution.
As mentioned at the beginning of this section, another strat-
egy of rabbits is random hiding. Rabbits hide when preda-
tors attack in holes they dig around their nests. To simulate
this behavior, the ARO algorithm assumes d number of
holes in each dimension of the search space. The following
equations is used to generate these holes.

b, () =% + H.g.5,(t) i @
=1,..,nand j=1,..,d
- 8
H =T _:+1'r4 (
n, ~N(0.1) ©
1 ifk==]j (10
g(k)= k=1..,k
0 else

where b; ;(t) is the jth hole for the ith rabbit. r, and n, are

random numbers in the range (0,1) and standard normal
distribution, respectively. The following equation is used
to simulate the random hiding of rabbits in the produced
holes.

7 (t+1) =x(t) +R (11)
(b, -%©®)
=1,...,n

if K== (12)

gxm=¥ th=[rd] 1 4

0 else
b, (1) =x@)+H-g, %) (13

where 7 is a random number in the range (0,1). After
choosing one of the random foraging or hiding strategies
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and calculating the corresponding value v;, the following
equation is used to calculate the next position of each rab-
bit.
- {Zm Fogm) < Fy+n) 9
Xi(t+1) =< . . .

vi(t+1) f(x (1)) > f(v,(t+1)
where x;(t + 1) indicates the position of the ith
agent at time t + 1. The ARO algorithm models the
energy depletion of rabbits during running to switch
between exploration and exploitation phases. To do it
in the initial iterations, more detour foraging should
be done and gradually detour foraging is reduced and
random hiding is increased in subsequent iterations.
In each iteration of ARO, the following equation is
used to select the desired strategy.
A =4a-Lyind 15)

T r

where r is a random number in the range (0,1). In the next

section, this algorithm is improved and used to solve fea-
ture selection problems.

4. Proposed Method

In this section, the main idea of the paper is de-
scribed. The aim is to improve the efficiency of ARO
metaheuristic algorithms in the feature selection prob-
lem by removing repeated fitting values. The imple-
mentation of meta-heuristic algorithms consists of a
number of populations whose positions are updated in
each iteration. Often, the most time-consuming part
in each iteration of the meta-heuristic algorithm is
evaluating the positions with the fitness function. One
of the disadvantages of these algorithms is the evalu-
ation of the repeated position with fitness function. In
order to solve this problem, a memory table (MT) is
introduced in this paper, where previously positions
are stored to avoid re-evaluation them. Therefore, if
repeated values are reproduced, they will be ignored
and new values that have not been generated before
will be generated.

In this table, the positions that has already been eval-
uated is stored and it is prevented from being re-eval-
uated in new calculations. In the same way, it creates
a new position and if that position is not already in the
table, the algorithm continues and otherwise it creates
a new position.

By preventing the re-evaluation of the items in the
MT by generating new items, the probability of reach-
ing new area in the search space increases and the ef-
ficiency of the algorithm enhances. Figure 3 shows
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Figure 2: MARO flowchart

number of repeated positions generated for the Con-
gressEW benchmark [33] datasets in different itera-
tions. There are many repeated cases in the last itera-
tions because in the last iterations the algorithm enters
the exploitation phase and the evaluated positions get
closer together. Therefore, the possibility of creating
repeated positions increases.
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Figure 3: The number of repeated positions in iteration 1 to
100 with 30 search agents for CongressEW dataset

In equation 1, R specifies the direction of population

movement. To increase the exploration of ARO algo-

rithm, in this paper, also a different method to recog-

nize R vector is introduced. This method used a table

that stores the used R vectors that call vector table
(VT). In each iteration of the algorithm, the R vector
is generated 10 times, and among them, the case that
has the greatest difference with the previous cases is
selected. The selected item is added to the VT and the
position of search agents is also updated with this vec-
tor. The number of vectors produced in each iteration
(10) was experimentally obtained. Using the vector
with the most deviations allows access to unvisited
area in the search space which improves the perfor-
mance of the ARO algorithm.

In the second section, MT and VT memory tables
were introduced to improve the performance of ARO
algorithm in feature selection problems. Figure 3
shows the flowchart of proposed algorithm. In the
next section, the introduced method is tested on
benchmark detasets.



Table 2: UCI benchmark datasets

Datasets No.of Objects No.of Features
1 PenglungEwW 73 325
2 Sonar 208 60
3 WaveformEW 5000 40
4 KrVsKpEW 3196 36
5 lonosphere 351 34
6 BreastEW 569 30
7 SpectEW 267 22
8 Lymphography 148 18
9 CongressEW 435 16
10 Vote 300 16
11 Zoo 62 16
12 Exactly 1000 13
13 Exactly2 1000 13
14 M-of-n 1000 13
15 HeartEW 270 13
16 Wine 178 13
17 Tic-tac-toe 958 9
18 BreastCancer 699

5. Experiments and results

5.1. Definition of experiments

The proposed methods in this article were implemented

using the Python programming language. The UCI stand-
ard benchmark datasets in Table 2, which were sourced
from [33] work, were used to evaluate the efficiency of the
proposed method. The datasets were partitioned such that
80% of the data was reserved for training, while the re-
maining portion was utilized for testing.
To assess the classification accuracy, the K-nearest neigh-
bor (KNN) classifier was applied to the split datasets. The
obtained classification accuracy was then incorporated into
the following fitness function

SF
fitness = w x (1 = ACC) + (1 — a))ﬁ

where SF and TF are number of selected and total features
respectively. w is a coefficient to control the importance of
the classification accuracy and the number of SF, which in
our experiments w = 0.99 is considered. Therefore, the
feature selection problem with a suitable fitness function
became a minimization problem, which can be solved by
the proposed method.

(16)
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The MARO algorithm employed to solve feature selction
problem to find the appropriate subset of features. This al-
gorithm was compared with five state-of-art algorithms:
ARO, AIEOU, SMO, WOA_CM, ASGW. All five algo-
rithms were applied to the same split datasets. However, it
is worth noting that the test and training datasets were ran-
domly divided and resulting in average ten different execu-
tions with different test and training sets. Also, the number
of algorithms population are 30 and the number of repeti-
tions are 100 time. All experiments were repeated 5 times
and their results were averaged to provide reliable results.
The implementation of the experiment was carried out on
a system with the following specifications:

CPU: Intel Core i3, 2.4 GHz

RAM: 4 GB.

The algorithms are compared based on three criteria:

e Classification accuracy (Acc): The primary
objective is to enhance the classification ac-
curacy, which is measured using the K-near-
est neighbor (KNN) algorithm. This is
achieved by eliminating irrelevant and redun-
dant features from the datasets.

o Selected features (SF): The second priority is
to reduce the number of selected features.

e Time: One of the important parameters in the
implementation of algorithms is its run time.
Therefore, the execution time has also been
examined in these experiments.

5.2. Experiments Results

This section presents a comparison between MARO and
five state-of-the-art algorithms, demonstrating the superior
performance of MARO. Compared algorithms include
ARO, AIEOU, SMO, WOA_CM, ASGW. Throughout the
experiments, a population size of 30 and a maximum itera-
tion count of 100 were chosen, with the experiment being
repeated 5 times.

All the investigated algorithms and the proposed algorithm
have been implemented in Python and are accessible in an

online repositoryl. Additionally, the datasets used were ob-

tained from the UCI 2website.

Table presents Table 3 a comparison of MARO with five
state-of-the-art algorithms based on their average classifi-
cation accuracy. MARO beats ARO in 10 datasets on the
average classification accuracy In the other 7 datasets, they
give equal results and ARO performs better only in one da-
tasets. As a result, MARO performs better than ARO in av-
erage classification accuracy over benchmark datasets.

Figure 4: The number of datasets compared to each other in terms of SF

1 https://github.com/alihamdipour/MARO

2 https://archive.ics.uci.edu/datasets
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Table 3: Comparison of algorithms with the proposed method in terms of classification accuracy

Dataset MARO ARO AIEQU SMO WOA-CM ASGW Original
Exactly 99.8 99.2 97.7 98.1 97.9 81.2 70
Wine 100 100 100 100 100 98.89 69.44
Vote 98.33 98.33 98.33 98.33 98.33 97.33 91.67
SpectEW 91.48 90.74 91.11 90.74 91.11 90.74 81.48
CongressEwW 97.47 96.78 97.47 97.24 96.78 96.55 93.1
lonosphere 98 96.86 94.57 94 94.29 93.43 84.29
Z00 100 100 100 100 100 100 80
Breastcancer 98.57 98.57 98.57 98.57 98.57 98 58.57
Lymphography 96.67 95.33 98 95.33 94.67 92.67 66.67
Exactly2 78.4 78.3 78.4 78.5 78.4 77.1 77.5
HeartEW 85.56 85.19 84.07 84.07 82.22 74.44 61.11
M-of-n 99.9 99.8 99.5 98.7 99.3 93.3 88.5
Sonar 97.62 97.14 97.62 97.62 97.62 96.67 90.48
BreastEW 96.49 96.49 96.49 96.49 96.49 96.49 90.35
PenglungewW 100 100 100 100 100 97.33 86.67
WaveformEW 84.72 84.64 83.56 83.84 83.64 83.54 81.5
KrVsKpEW 98.2 98.28 97.57 97.89 97.26 97.42 94.84
Tic-tac-toe 83.85 83.85 83.85 83.85 83.85 81.77 83.85
Friedman Test Rank 5.86 481 478 4.64 4.42 2.25 1.25
Assigned Rank 1th 2th 3th 4th 5th 6th 7th

MARO beats AIEQU in 7 datasets on the average classifi-
cation accuracy criteria. In the other 10 datasets, they give
equal results and AIEQU performs better only in one da-
tasets. As a result, MARO performs better than AIEOU in
average classification accuracy over benchmark datasets.

MARO demaonstrates superior average classification accu-
racy results compared to the five state-of-the-art algorithms
that were evaluated.

In Figure 5, the superiority of MARO is shown statistically.
Green color indicates the number of superiority, blue color

SF competition

MARO VS. other algorithms
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SMO had better result only one dataset. MARO has better
results in 9 datasets and equal results have been obtained in
the rest datasets. As a result, MARO performs better than
SMO in average classification accuracy over datasets.
MARO beats WOA-CM in 9 datasets and has been ob-
tained the same result in the rest 9 dataset over the average
classification accuracy results. As a result, MARO per-
forms better than WOA-CM in average classification accu-
racy over datasets. ASGW has not had better results
MARO in any dataset. MARO has better results in 16 da-
tasets and equal results have been obtained in the rest da-
tasets. As a result, MARO performs better than ASGW in
average classification accuracy over datasets. Overall,

M achieve equal SF

B MARO achieve more SF2

indicates the number of equality, and red color indicates the
scarcity in the benchmark dataset. As can be seen, MARO
has performed better in terms of classification accuracy
compared to all 5 compared algorithms.

The average SF achieved of MARO and five state-of-the-
art algorithms are presented in Table 3Figure 5. MARO
beats AIEOU in 10 datasets and AIEOU beats MARO in 3
datasets. In the other one dataset, they give equal results.
As aresult, MARO performs the better than AIEOU in av-
erage count of selected features across datasets. SMO had
better results in 4 dataset based on average SF. MARO has
better results in 12 datasets and equal results have been ob-
tained in the 2 datasets. As a result, MARO performs better



than SMO in average count of selected features across da-
tasets. MARO beats WOA-CM in 14 datasets based on av-
erage SF and in the other 2 dataset, they give equal results.
WOA-CM has better results MARO in 2 dataset. As a
result, MARO performs better than WOA-CM in average
count of selected features across datasets. ASGW beats
MARO in just 4 datasets and MARO beats ASGW in other

o odlae (el alas

Figure 6 shows the value of the fitness function for all 18
benchmark datasets. In each of the graphs of this figure, it
is possible to compare the proposed algorithm with 5 other
state-of-art algorithms in the corresponding dataset. These
graphs are the value of the fitting function resulting from
equation (16) in different iterations. These graphs are the
result of the average execution of 5 times. Each time, the

Table 3: The results of comparing the selected features of MARO and state-of-art algorithms

Dataset MARO ARO AIEOU SMO WOA CM ASGW Original
Exactly 6.4 6.4 7 6.8 7 9 13
Wine 3.8 4 4.4 4.4 4.8 6.4 13
Vote 3.4 3.6 4.6 5.8 6.6 7.2 16
SpectEW 10.4 6 9 8 12.2 11.6 22
CongressEW 7.40 6.20 7.60 6.80 6.80 7.40 16
lonosphere 5 7.6 14.2 13.4 16 14 34
Zoo 9 9.2 9 9.2 9.2 10.2 16
Breastcancer 3 3 3 3.2 3.4 5.6 9
Lymphography 9 6 7.8 8 9.6 8.4 18
Exactly2 8.6 8.2 8.6 9 8.6 7.6 13
HeartEW 4.2 4.6 4.2 4.2 4.6 5.8 13
M-of-n 6.2 6.4 6.6 7 7 9.4 13
Sonar 25.4 26.8 30.6 31 36.2 37.4 60
BreastEW 13.6 15.4 14.8 15.2 19 18.6 30
PenglungEwW 81 91.8 168.4 165.4 197 185 325
WaveformEW 28.4 27.4 24.6 23 25.8 28 40
KrVsKpEW 18.5 24 215 20 24.5 23 36
Tic-tac-toe 9 9 9 9 9 7 9
Friedman Test Rank 2.39 2.58 3.22 3.28 4.86 481 6.86
Assigned Rank 1th 2th 3th 4th 6th 5th 7th

13 datasets based on the average SF. As a

result, MARO performs better than ASGW in average
count of selected features across datasets. So generally,
MARO has obtained better results than 4 state-of-art fea-

dataset is separated from a different part for training and
testing to obtain reliable results. By using these graphs, we
can check and analyze the performance of all compared al-
gorithms compared to each other in different iterations. As

ACC competition

= RN
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umber of superiority
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MARO VS. ARO MARO VS.
MARO VS. othattglgorithms SMO
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Figure 5: The number of datasets compared to each other in terms of classification accuracy

ture selection algorithms based on the average SF.

In Figure 4, the superiority of MARO is shown statistically.
Green color indicates the number of superiority, blue color
indicates the number of equality, and red color indicates the
scarcity in the benchmark dataset. As can be seen, MARO
has performed better in terms of selected feature compared
to all 5 compared algorithms.
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Figure 6: Fitness comparison graphs for 18 benchmark datasets with all 6 compared algorithms
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Table 4: The results of comparing the selected execution time of MARO algorithm and state-of-art algorithms

datasets ARO AIEOQOU ASGW WOA CM SMO MARO
Exactly 62.13 219.25 63.38 62.48 61.95 100.87
Wine 16.16 62.34 15.84 15.12 15.7 41.69
Vote 24.66 77.65 24,91 24.76 24.82 42.16
SpectEW 26.79 75.38 24.85 24.67 26.45 41.65
CongressEW 27.74 103.39 28.27 27.69 28.31 38.51
lonosphere 28.72 113.23 30.58 29.97 31.83 36.6
Z00 13.12 50.14 12.99 12.76 13.28 22.23
Breastcancer 44.16 158.64 44.38 43.38 43.55 172.95
Lymphography 13.78 51.97 13.22 13.15 14.31 20.02
Exactly2 64.42 223.68 63.25 62.55 62.4 83.88
HeartEW 23.87 77.6 24.95 24.78 24.71 34.29
M-of-n 64.48 235.23 66.37 64.6 63.9 102.33
Sonar 25.28 88.15 25.46 25.45 25.18 25.24
BreastEW 38.99 150.64 40.08 39.57 39.87 46.24
PenglungewW 14.64 93.93 17.9 16.02 27.13 19.39
WaveformEwW 271.85 994.68 270.37 267.44 271.84 280.35
KrVsKpEW 342.34 1249.24 381.43 360.82 336.43 340.08
Tic-tac-toe 62.92 227.96 60.09 58.42 57.06 192.09
Friedman Test Rank 2.56 5.94 3.33 2.00 2.50 4.67

can be seen, the proposed algorithm has obtained a lower
value of the fitness function in most cases.

The average execution time of each algorithm while they
have been less classification time than MARO, they have
been less classification accurate than MARO. Therefore,
MARO can find the best answer among the compared al-
gorithms based on the average classification accuracy and
average SF in an acceptable time.

6. Conclusion

Two approaches for feature selection problem are
presented in this work. The first approach employs the
ARO algorithm for feature selection, which consti-
tutes the first systematic effort to apply this algorithm
to feature selection problem. Second, the improved
ARO algorithm was introduced. The comparison of
these two approaches for feature selection problems
reveals that the proposed improved algorithm is more
efficient. Following that, the proposed algorithm is
tested against five of the state-of-art algorithms. Ac-
cording to the comparison results, the proposed algo-
rithm is capable of improving classification accuracy
while reducing the SF more effectively than the other
compered algorithms. Moreover, given the p-value <
0.001, a statistically significant difference is observed
among the algorithms' performance.

For the future, a binary version of MARO algorithm
can be introduced. Since the feature selection problem
is inherently a binary problem. By binarizing we can
avoid re-evaluating previous values more and more
precisely. With this, the speed of the algorithm im-
proved and the classification accuracy increases.
Moreover, by enhancing the memory table structure

for faster access and retrieval of positions, the perfor-
mance of this method can be improved.
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