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Abstract. Datasets comprise a collection of features; however, not all of these features
may be necessary. Feature selection is the process of identifying the most relevant features
while eliminating redundant or irrelevant ones. To be effective, feature selection should im-
prove classification performance while reducing the number of features. Existing algorithms
can be adapted and modified into feature selectors. In this study, we introduce the imple-
mentation of the Anarchic Society Optimization algorithm, a human-inspired algorithm, as
a feature selector. This is the first study that utilizes the binary version of the algorithm for
feature selection. The proposed Binary Anarchic Society Algorithm is evaluated on nine
datasets and compared to three known algorithms: Binary Genetic Algorithm, Binary Parti-
cle Swarm Optimization, and Binary Gray Wolf Optimization. Additionally, four traditional
feature selection techniques (Info Gain, Gain Ratio, Chi-square, and ReliefF) are incorpo-
rated for performance comparison. Our experiments highlight the competitive nature of the
proposed method, suggesting its potential as a valuable addition to existing feature selection
techniques.

Key-words: artificial intelligence; anarchic society optimization; feature selection;
meta-heuristic; swarm intelligence algorithms.

1. Introduction
Data mining has become a rapidly growing research field driven by the need to extract valu-

able information from large datasets. This massive data has sparked studies across various fields
including verification [1], clustering [2], modeling [3], control systems [4], neural networks [5],
and health [6]. Data mining is a part of the knowledge discovery process, encompassing data
preprocessing, mining, pattern evaluation, and knowledge presentation [7]. Dealing with rele-
vant features in data is crucial for achieving optimal performance and reducing computational
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time. This can be achieved by feature selection (FS). FS is the process of removing irrelevant
features from a dataset and can be categorized as wrapper or filter techniques [8]. Discovering an
optimal feature subset through the search process is a challenging problem due to the exponential
growth of the search space with increasing feature count. In practice, this can be restrictive and
costly [9].

The use of metaheuristic algorithms has gained attention in recent years as a way to address
the challenge of finding the best feature subset. While these algorithms do not guarantee the
best solution in every run, they are able to detect optimal solutions within a reasonable time
frame [10]. Researchers have proposed several nature-inspired metaheuristic algorithms, includ-
ing insects [11–13], reptiles [14, 15], birds [16–18], animals [19–22], sea creatures [23, 24],
plants [25, 26], human-based algorithms [27–29], for solving optimization problems. Some of
these algorithms have been modified to become feature selectors. These algorithms are discussed
in Section 2. The purpose and motivation of FS are to remove irrelevant and/or redundant features
without affecting learning performance and to keep only relevant features. Many algorithms are
emerging in the field of FS, where new metaheuristic methods are proposed every day. In this
study, a modification of the Anarchic Society Optimization (ASO) algorithm, a human-inspired
metaheuristic algorithm, is proposed to be used as a feature selector. Its binary version, Binary
Anarchic Society Optimization (BASO), is introduced for FS. The performance of BASO is eval-
uated on several UCI (http://archive.ics.uci.edu/ml) datasets commonly used in machine learning
research.

ASO algorithm, introduced by Ahmadi-Javid in 2011, is a nature-inspired swarm intelli-
gence algorithm that simulates human society [27]. In this algorithm, potential solutions are
represented as members of an anarchic society that struggle to make their situation better by be-
having anarchically. The details of the ASO algorithm are described in Section 3. The results
of the BASO algorithm are compared with conventional FS algorithms such as Info Gain (IG),
Gain Ratio (GR), Chi-square (CHI), and ReliefF. Besides, the BASO results are compared with
state-of-the-art FS algorithms including Binary Grey Wolf Optimization (BGWO) [30], Binary
Particle Swarm Optimization (BPSO) [31] and Binary Genetic Algorithm (BGA) [32]. Genetic
Algorithm (GA), proposed by Holland [33], is an optimization and search algorithm inspired
by natural selection. Particle Swarm Optimization (PSO) is a swarm intelligence optmization
algorithm proposed by Kennedy and Eberhart [16]. It addresses the problems by creating a pop-
ulation that represents the candidate solutions. It solves the problems by creating a population
that represents the candidate’s solutions. Grey wolf optimization (GWO) algorithm, proposed
by Mirjalili et al. [19], is another swarm intelligence optimization algorithm that emulates the
hunting behavior of wolves.

The main contributions of this paper can be summarized as follows:
• The BASO algorithm proposed in this study was utilized as an FS method for the first time.
• In order to evaluate the performance of the proposed algorithm, four optimization algo-

rithms, including the proposed method, were tested on a set of benchmark datasets includ-
ing low, medium, and high dimensional datasets.

• The proposed algorithm was compared to well-established traditional FS methods, such as
IG, GR, CHI, and ReliefF, commonly used in the literature, to demonstrate its success and
superiority.

• A distinguishing aspect of BASO is its consideration of the past in addition to personal
best and global best solutions.

• Compared to other algorithms, BASO exhibited a greater ability to extract significant his-
torical correlations from medium or large datasets compared to small datasets.
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• According to the experimental results, it is concluded that the BASO algorithm performs
better in terms of F-measure and the number of selected features.

• This study indicates that not following the best solution and allowing the herd to become
anarchic, adventurous, and indecisive can yield good results.

The paper is organized as follows: a literature review is provided in Section 2. The details
of the ASO algorithm are outlined in Section 3. The proposed binary version of ASO, named
BASO, is described in Section 4. The performance evaluation of BASO and comparisons with
other techniques are presented and discussed in Section 5. Conclusions are in Section 6.

2. Literature Review

High dimensionality in the feature space presents a challenge, and feature selection has been
proposed as a solution to overcome this issue [34]. Traditional FS strategies such as CHI and
IG, which utilize feature scoring measures, have limitations in that they do not interact with the
classifier model, leading to decreased classification efficiency. In contrast, wrapper methods that
incorporate classification methods in the searching process have been proposed to achieve better
performance [9]. Metaheuristic methods have been adapted for the purpose of FS by utilizing a
wrapper method that incorporates classifiers. Taradeh et al. [35] employed Gravitational Search
Algorithm (GSA) as a feature selector and used K-Nearest Neighbors (KNN) and Decision Tree
(DT) classifiers as evaluators. The proposed method was assessed on 18 UCI datasets using
GA, PSO, and GWO. The results demonstrate the superiority of the proposed method in the FS
process.

The Artificial Bee Colony (ABC) algorithm is widely used in the literature for FS in the
nature-inspired category. Palanisamy and Kanmani [8] proposed a new technique using ABC
that simulates honey bee foraging behavior. They applied ABC for FS and compared it with
J48, Bagging, Boosting, and Ant Colony Optimization-based FS algorithms on ten UCI datasets.
Their method achieved superior results. Another study by Zorarpaci and Ozel [9] presented
a hybrid approach combining ABC and Differential Evolution (DE) algorithms for FS. They
compared it with pure ABC, DE, and popular FS methods such as correlation-based FS, CHI,
and IG on fifteen UCI datasets. The results showed that the hybrid approach outperformed other
methods for most datasets. ABC is employed as a feature selector by Kilic and Kaya Keles to see
its performance on medical datasets [36–38]. Moreover, Kaya Keles et al. also used binary ABC
(BABC) as a feature selector to predict concrete strength [39] and to anticipate the leadership
perception of site managers [40].

Mafarja and Mirjalili [41] introduced two hybrid methods that combine the whale optimiza-
tion algorithm (WOA) with simulated annealing (SA) for FS. The first method embeds SA into
WOA, while the second method employs SA to improve exploitation after each iteration of WOA.
The performance of these methods is evaluated using 18 standard benchmark datasets from the
UCI repository, and the measured performance is compared against native WOA, ant lion op-
timizer (ALO), genetic algorithm (GA), and particle swarm optimization (PSO). The results
demonstrate the efficiency of the proposed methods in improving classification accuracy. An-
other nature-inspired optimization algorithm, the Butterfly Optimization Algorithm, is converted
into a feature selector by Arora and Anand [42]. The continuous form is turned into a binary
form using V-shaped and S-shaped transfer functions. 21 well-known UCI datasets are used for
the assessment and proposed approaches are compared to state-of-the-art FS methods such as
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GA, PSO, ALO, Brain Strom Optimizer, GWO, Dragonfly Algorithm (DA), Sine-Cosine Algo-
rithm (SCA), SSA and WOA. Better results than other approaches are obtained by the proposed
approaches for FS, according to the experiments.

The black widow optimization algorithm, inspired by the mating behavior of black widow
spiders, was proposed by Hayyolalam and Kazem [22]. This proposed solution for nonlinear
optimization problems is turned into a feature selector in [43]. They used 20 benchmark datasets.
A comparison with BPSO, V-shaped PSO, and BGWO was made. The results show the efficiency
of the proposed method. Mafarja et al. [44] proposed a hybrid metaheuristic method employing
GWO and WOA to reduce the drawbacks of both algorithms. The developed wrapper-based
FS method is used on 18 well-known datasets of the UCI repository. Comparisons are done
using four state-of-the-art methods which are binary GOA, binary GSA, GA, and BPSO. Their
results showed that the proposed method surpasses state-of-the-art approaches, notably. Another
hybridization is made by Qaraad et al. [45] to deal with the shortcomings of algorithms. To
enhance the performance of SSA, the GWO strategy is included in SSA. The position of leaders
in SSA is improved by applying robust exploitation of SSA. Furthermore, GWO’s exploration
strategy is included to update the followers’ positions. By making those changes, the exploration
and exploitation phases are expected to show improvements. 18 datasets are used to see the
effectiveness of the proposed method. Comparisons are done with original SSA, GWO, and
some other known methods such as WOA, SCA, and so on. The outputs show the efficiency
of the proposed algorithm and the improvement in the exploitation and exploration phases. In
the paper from Hu et al. [46], a multi-surrogate assisted BPSO was proposed and experimented
on the UCI datasets. According to the results, the proposed method was efficient in reducing
running time and prediction error.

3. Overview of the Anarchic Society Optimization
Anarchic Society Optimization (ASO), proposed by Ahmadi-Javid, is a swarm intelligence

algorithm that mimics the behavior of an anarchic social group. It incorporates fickle, venture-
some, and frequently irrational behavior to resist stability. This approach promotes a high level
of diversity among individuals and thorough exploration of the solution space, thereby avoiding
local optima. Each individual in ASO represents a potential solution to the optimization prob-
lem. According to the author, ASO shows promise in effectively exploring solution spaces and
preventing the algorithm from getting trapped in local optima. In the literature, ASO has been
applied to solve various problems, including scheduling problems [47–49] for control of auto-
matic voltage regulators [50], to optimize the operation of reservoir systems [51] and for water
distribution networks [52].

The algorithm is based on an anarchic social group whose members behave abnormally to
improve their state. The process starts with the random initialization of members. All members
are informed of the best position in the first k iteration, represented as GBest(k), which is the
global best. Members are also aware of the best member’s position in iteration k, denoted by
i∗(k). The best personal position of members is stored, and Pi(k) represents the best personal
position of the ith member in iteration k. Xi(k) denotes the position of the ith member in the
kth iteration.

Following random initialization, the algorithm introduces three movement policies (MPs) for
each member to update their position by combining these policies, specifically the MP current,
MP society, and MP past. Three index values are also presented, including the fickleness index
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(FI), external irregularity index (EI), and internal irregularity index (II). These indexes are em-
ployed in the calculations of the movement policies. The first policy, denoted as MPCurrent

i (k),
is based on the current position of the ith member in iteration k. With this movement policy,
members can choose different or common neighboring methods. In this MP, the FI is employed,
which represents the members’ indecision level compared to others’ situations and is defined as
follows:

FIi(k) =
f(Xi(k))− f(Xi∗(k)(k))

f(Xi∗(k)(k))
, (1)

where FIi(k) represents the fickleness index for ith member in kth iteration. The second move-
ment policy, represented as MPSociety

i (k), in the ASO algorithm is based on the positions of
other members. Although logically, members would generate their policy based on the global
best or the best member in a related iteration, the anarchic behavior of the ASO algorithm allows
members to choose their movement policy based on any (or a number) of other members. In this
MP, the EI is used. EI represents the level of diversity and inequality among the members of
the society. As the diversity of society increases, members become more anxious and tend to
move in an anarchical manner. The formula to calculate EIi(k) is

EIi(k) =
maxj{f(Xi(k))} − f(Xi∗(k)(k))

f(Xi∗(k)(k))
, (2)

where EIi(k) symbolizes the external irregularity index for ith member in kth iteration. For
the minimization problem, max indicates the worst member and j is its index where j is not
equal to i. The third and final movement policy is based on past positions and is represented
as MPPast

i (k). Normally, members would produce a movement policy based on their best
previously visited position, which is called their personal best. At this point, the anarchic nature
of the ASO algorithm takes over, and members may choose any (or a number of) past positions
to generate the policy. In this MP,II , which evaluates the past situations experienced by each
member, is used. When a member’s best personally experienced situation differs significantly
from the global best situation, the member cannot concentrate on their next movement and tends
to behave more erratically. IIi(k) is calculated as follows [48]:

IIi(k) =
f(Pi(k))− f(GBest(k))

f(GBest(k))
, (3)

where IIi(k) stands for the ith member’s internal irregularity index in the kth iteration. After
calculating these values, the movement policies should be taken into consideration. The values
for MPCurrent

i (k), MPSociety
i (k), and MPPast

i (k) are defined in (4), (5), and (6), respectively:
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MPC
i (k) =



Move along a direction randomly
chosen from the hypercube i ̸= i∗(k),
[(1− ϵ)xDiri(k − 1), (1 + ϵ)xDiri(k − 1)] FIi(k) ≤ β1

with random stepsize,

Move toward the situation of a randomly selected i ̸= i∗(k),
member with random stepsize, F Ii(k) > β1

Move toward the situation CO0,1(Xi(k), GBest(k)), i = i∗


, (4)

MPS
i (k) =


Move toward the situation of the best member i∗(k)
with random stepsize, EIi(k) ≤ β2

Move toward the situation of a randomly selected
member with random stepsize, EIi(k) > β2

 , (5)

MPP
i (k) =


Move toward the best situation previously experienced
with random stepsize, IIi(k) ≤ β3

Move toward the situation of a randomly selected
member with random stepsize, IIi(k) > β3

 . (6)

In the definitions of movement policies, β1, β2, β3, and ϵ are positive constants, COα(X,Y )
is a blended crossover, Diri(k) is movement direction, which is defined as follows for each
member i in iteration k [49]:

Diri(k) = Xi(k + 1)−Xi(k). (7)

The combination of movement policies in ASO can be sequential, elitism, or hybridization,
as explained in [49]. Figure 1 given in [56] illustrates the general framework of the ASO algo-
rithm. While ASO shares similarities with PSO, it introduces an additional criterion based on the
past situation of members. Unlike PSO, designed for continuous problems, ASO is capable of
addressing both continuous and discrete problems.

4. The Proposed Binary Anarchic Society Optimization
In the ASO algorithm, a member’s position represents a potential solution for the FS problem.

For FS, fewer features that yield higher accuracy are preferable. To enable an optimization
algorithm to select features, modifications must be made. In the case of wrapper methods, the
binary version of the algorithm needs a fitness value producer to evaluate the position of the
solution members.

The proposed BASO utilizes the KNN algorithm to evaluate the members’ positions and
produce fitness values. KNN is chosen due to its frequent usage in literature. Initially, the
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algorithm generates random positions for the members and evaluates each solution using the F-
measure. The member with the best feature subset is marked as i∗ and GBest. The main loop
then begins, where in each iteration, the FI, EI, and II values are calculated for each member
using (8), (9), and (10), respectively:

FIi(k) =
f(Xi(k))− f(Xib(k))

f(Xib(k))
, (8)

where the fitness function is denoted by f , and Xi(k) represents the position of the i-th member
in the k-th iteration. Similarly, Xib(k) denotes the position of the best member in the k-th
iteration,

EIi(k) =
f(Xw(k))− f(Xib(k))

f(Xib(k))
, (9)

where Xw(k) represents the position of the member that has the worst fitness value in kth itera-
tion,

IIi(k) =
f(Pbesti(k))− f(GBest(k))

f(GBest(k))
. (10)

where Pbesti(k) symbolizes position of personal best of ith member and GBest(k) denotes
position of the global best member in iteration k.

β1, β2, and β3 are positive constants in the original algorithm. In the proposed BASO, these
values are set up as the mean of FI, EI, and II, in order. Based on our experiments, it was found
that employing a single pre-specified value for each constant is inadequate and can lead to poor
performance, owing to the diversity and dissimilarity of the datasets used. Therefore, in the
proposed method, each movement policy is applied to the members individually. Subsequently,
an elitism rule is applied to select the best-produced position based on the F-measure value among
the three-movement policies. The chosen position is then assigned to the corresponding member.
The best member of the iteration and global best are identified and stored. The subsequent
iteration begins and this cycle repeats until the termination criteria are satisfied. The movement
policies, modified for the FS problems, are shown in (11), (12), and (13), respectively:

MPCurrent
i (k) =



Create a random member and apply i ̸= i∗(k),
a single point (SP) crossover with it FIi(k) ≤ β1

Apply SP crossover with a random i ̸= i∗(k),
number j where j ̸= i, F Ii(k) > β1

Apply SP crossover with the GBest, i = i∗


, (11)

MPSociety
i (k) =


SP crossover with the best member
of the iteration (i∗(k)), EIi(k) ≤ β2

SP crossover with a random
member j (j ̸= i), EIi(k) > β2

 , (12)
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MPPast
i (k) =

 SP crossover with the personal best position, IIi(k) ≤ β3

SP crossover with a random member j (j ̸= i), IIi(k) > β3

 . (13)

Diri(k) and ϵ are not needed to be used in the proposed BASO. Pseudo-code of the proposed
BASO can be seen in Algorithm 1 given in [56]. Figure 2 given in [56] provides an overview of
the FS process employed in this study. Initially, the original datasets are input to the proposed
method, which evaluates the goodness of subsets to determine whether the feature subset is an
improvement. The termination criteria are then checked at the end of each iteration.

5. Experimental Results and Discussion
The following pages provide details for experimental configurations, results, and discussions.

5.1. Experimental setup
The proposed BASO algorithm was implemented in MATLAB and evaluated on nine UCI

datasets. KNN was used as part of BASO to calculate the F-measure of feature subsets. The
experiments were conducted on a personal computer with an Intel Core i5-6400 CPU and 16 GB
RAM. BASO’s performance was compared to three other popular algorithms (BGA, BPSO, and
BGWO) converted into feature selectors from the literature. The population size and maximum
iteration number were set to 10 and 100, respectively, for all algorithms. There are various meth-
ods available for validating a classifier, including cross-validation, confusion matrix analysis,
ROC curve analysis, and Cohen’s kappa score. For the purpose of validating our model, we have
opted to utilize the cross-validation method [55]. 10-fold cross-validation is employed for the
experiments. Similar architecture and the same parameters are used for all algorithms. The pa-
rameters such as k (in KNN), population number, maximum iteration, and fold values are defined
based on common usage in the literature [30,31,53,54]. The comparisons are made utilizing the
F-measure value and the average number of the selected features. No objective function was
employed, and each experiment was conducted independently for each dataset. The datasets are
described in Table 1, and the parameter settings are given in Table 2.

Table 1. List of the datasets used in this work
Datasets No. of attributes No. of samples
Breast-w 9 699

Car 6 1728
Credit-g 20 1000

Dermatology 34 366
Glass 9 214

Heart-c 13 303
Ionosphere 34 351

Lymphography 18 148
Sonar 60 208
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Table 2. Parameter settings for the experiments
Parameter Value(s)

K for KNN 3
Dimension of population 10

Number of iterations 100
Number of runs 10

n (cross-validation) 10
Problem dimension Number of features in dataset

Acceleration constants in PSO [2,2]
Inertia w in BPSO [0.9,0.4]

Parameter A in BGWO min=0 max=2

5.2. Results and discussions for the datasets

To establish a benchmark, the F-measure and the number of selected features were recorded
for each run and averaged over ten iterations. Table 3 presents the resulting average values, with
the best results highlighted in bold.

The analysis of the table shows that BASO performed well on datasets with a large num-
ber of features and samples. However, its performance was relatively poorer when the number
of samples increased without a corresponding increase in features. However, despite the small
differences between the results, the number of selected features can still play an important role
in selecting the best method. Based on the results presented in Table 3, BASO outperforms
BGA, BPSO, and BGWO in terms of F-measure for the glass, heart-c, lymphography, and sonar
datasets. For the ionosphere dataset, BASO and BGA achieve the same level of performance,
sharing first place in terms of F-measure and the number of selected features. However, for
the breast-w, car, and credit-g datasets, BGA obtains slightly better results than BASO. For the
dermatology dataset, BGWO achieves the best score, but BASO, BGA, and BPSO obtain very
similar results with fewer features. BGWO achieves a score of 0.989 using 25.6 features, while
BASO and BGA achieve a score of 0.988 with 19.7 and 19.4 features, respectively. This repre-
sents a significant reduction of 23% and 24.2% in the number of features, while the F-measure
value only decreases by 0.1%. This drastic reduction in the number of features justifies accept-
ing a slight decrease in F-measure. In most of the datasets, the top-performing method wins by
a slight margin. However, in some cases, a method may have the highest F-measure but not the
highest number of selected features. This exception is observed in only four datasets (breast-w,
car, heart-c, and sonar). In these datasets, the method with the highest F-measure also exhibits
the best performance for the average number of selected features.

Figure 3 and Figure 4 given in [56] are other ways to represent Table 3. Figure 3 given in [56]
depicts the average F-measures of algorithms for 10 runs. BOth figures show the competitive side
of the proposed method. Therefore, F-measure values are so close to each other. When dealing
with datasets with fewer features, the performance of BASO is similar to that of the other algo-
rithms. However, when dealing with datasets with more features and samples, BASO performs
better. As previously mentioned, BASO leverages the information from the past behavior of its
members to guide the search. The availability of more features and samples increases the oppor-
tunities for accurate and appropriate inference when evaluating the past behavior of the members.
In Figure 4, given in [56] it can be observed that the number of selected features is also close
among the methods, except for BGWO, which generally selects a higher number of features as
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Table 3. Average F-measure and average number of selected features

Datasets
F-measure
without FS

Average F-measure Average No. of selected features
BASO BGA BPSO BGWO BASO BGA BPSO BGWO

Breast-w 0.969 0.982 0.983 0.981 0.981 6.5 6.3 6.5 7.1
Car 0.925 0.920 0.922 0.919 0.911 5 5 5 5.2

Credit-g 0.721 0.829 0.831 0.824 0.825 11.1 10.6 9.9 13.9
Dermato. 0.959 0.988 0.988 0.987 0.989 19.7 19.4 20 25.6

Glass 0.708 0.778 0.750 0.753 0.754 7.6 6.3 7.8 7.4
Heart-c 0.812 0.857 0.854 0.855 0.834 4.8 5.4 5 6.8
Ionosph. 0.859 0.887 0.887 0.870 0.853 11.4 11.4 11.1 11.7
Lymph. 0.797 0.896 0.891 0.893 0.868 10.8 10.2 9.9 13.3
Sonar 0.860 0.892 0.889 0.880 0.865 27.5 28.8 28.9 41.6

a feature subset. Although this occasionally puts BGWO at the top of the performance list, it is
worth sacrificing a small amount of performance to deal with fewer features.

Having both close best and worst cases, as can be observed in Table 4 given in [56], is
another aspect that supports the competitiveness of the BASO method. The table shows the
number of features used to achieve the related performance, indicated in parentheses. While the
BGA method has achieved most of the best cases according to the table, this does not necessarily
reflect its overall performance. Due to the inherent randomness of the algorithms, some methods
may occasionally attain the best score by chance. To provide a comprehensive assessment and
avoid any reliance on chance, the methods are run multiple times and the average score of the
runs is considered. For almost all of the datasets, BGWO selects the largest number of features.
The best of the best cases and the best of the worst cases are shown in bold.

To compare the performance of traditional FS methods with that of BASO, we have created
Table 5 given in [56]. As shown in the table, except for the car and ionosphere datasets, BASO
outperforms CHI, IG, GR, and ReliefF in terms of performance. It should be noted that when
the number of features selected by BASO is not an integer, it is rounded up for traditional FS
methods, which may provide some advantages to the traditional methods.

Figure 5 given in [56] shows the F-measure obtained from the dataset with all features and
selected features. As shown in the figure, the proposed method increases the F-measure value
while decreasing the number of features for all datasets except the car dataset. The convergence
of the proposed method was also tested, and presented in Figure 6 given in [56]. In the figure, it
can be seen how fast the method converges in terms of the number of iterations. In this figure, it
can also be seen that it is appropriate not to choose the iteration number too high since there is
no increase in the F-measure values after about 20 iterations.

6. Conclusions

In this study, the Anarchic Society Optimization (ASO) algorithm, which simulates anarchic
communities, is proposed as a binary approach for feature selection (FS). This is the first study
that uses the ASO algorithm as binary for the FS domain. The fact that the proposed algorithm
is based on human behavior and has not been used in the FS problem before, motivated au-
thors to carry out this study. The performance of the proposed approach is evaluated using nine
benchmark datasets from the UCI machine learning repository. To compare performance, binary
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versions of three common optimization algorithms, namely Binary Genetic Algorithm (BGA),
Binary Particle Swarm Optimization (BPSO), and Binary Grey Wolf Optimizer (BGWO), are
employed and applied to the same datasets. The aspect that distinguishes BASO from other
algorithms is its attention to the past, alongside personal best and global best. The F-measure
results are so close to each other according to the experiments. This shows the ambitious aspect
of the proposed BASO. Furthermore, the results indicate that BASO can infer more meaningful
correlations for the past from medium or large datasets, as compared to small datasets. Among
the nine benchmark datasets, BASO outperforms the other algorithms for five of them. BASO is
the second position for the remaining four datasets, with a difference of 0.001-0.002 in terms of
average F-measure, as compared to the top algorithm.

The experiments demonstrate that ASO’s supervised randomness facilitates fast convergence.
Traditional FS methods, such as Chi-Square, Information Gain, Gain Ratio, and ReliefF, were
applied to the same datasets. BASO outperforms these methods in terms of F-measure and the
number of selected features. This study suggests that deviating from the pursuit of the best
solution and allowing the swarm to be anarchical, adventurous, and fickle can yield good results.
BASO’s these three characteristics enable it to overcome local optima and explore uncharted
solution spaces, even when the swarm situation worsens.
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