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ARTICLE

A review of feature selection methods based on meta-heuristic 
algorithms
Zohre Sadeghian, Ebrahim Akbari , Hossein Nematzadeh and Homayun Motameni

Department of Computer Engineering, Sari Branch, Islamic Azad University, Sari, Iran

ABSTRACT
Feature selection is a real-world problem that finds a minimal feature 
subset from an original feature set. A good feature selection method, in 
addition to selecting the most relevant features with less redundancy, can 
also reduce computational costs and increase classification performance. 
One of the feature selection approaches is using meta-heuristic algo-
rithms. This work provides a summary of some meta-heuristic feature 
selection methods proposed from 2018 to 2022 that were designed and 
implemented on a wide range of different data for solving feature selec-
tion problem. Evaluation criteria, fitness functions and classifiers used and 
the time complexity of each method are also depicted. The results of the 
study showed that some meta-heuristic algorithms alone cannot perfectly 
solve the feature selection problem on all types of datasets with an 
acceptable speed. In other words, depending on dataset, a special meta- 
heuristic algorithm should be used. The results of this study and the 
identified research gaps can be used by researchers in this field.
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Introduction

Lot of information has been obtained in many sciences with the advancement of data collection and 
storage in recent decades. Researchers in different fields such as engineering, astronomy, biology, 
economics, etc. are facing more and more observations every day. Today’s the increasing size of data 
has become a major issue in data mining. In the past, classical datasets with a maximum of a few 
dozen features have had acceptable classification accuracy (Mullick et al., 2020). Today, we are faced 
with big data and high-dimensional data in which the number of features has increased dramatically 
(Al-Helali et al., 2019; Pei et al., 2018; Tran et al., 2019). This increase in dimensions increases the 
computational cost of the system, hence leading to a reduction in the classification accuracy rate. In 
addition, as the number of features grows, the need for more data samples surges, which, in turn, 
increases the temporal and spatial complexity of the problem. Therefore, it can be concluded that 
traditional statistical methods have lost their effectiveness today for two reasons: The increase in the 
number of observations, and the increase in the number of features related to an observation. In fact, 
in most cases, all features of data are not important to find the knowledge that lies in the data. For 
this reason, in many areas of study, reducing the size of the data is one of the significant issues. Data 
dimension reduction methods are generally divided into two categories (A. -D. Li et al., 2021; B. Xue & 
Chen, 2016; H. B. Nguyen et al., 2017; Xu et al., 2020):
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● Feature Extraction: These methods map a multidimensional space to a smaller space. In fact, by 
combining the values of existing features, they create fewer features so that these features 
contain all (or most) of the information contained in the original features (Bi et al., 2018, Bi et al.,  
2020a, B. Peng et al., 2020a; Hammami et al., 2020; Hammami et al., 2020c, Fan et al., 2022; B. 
Peng et al., 2020b; Rostami et al., 2021).

● Feature Selection: These methods try to reduce the size of the data by selecting a subset of the 
primary features (Ain et al., 2018; Albuquerque et al., 2020, Hammami et al., 2019; Hammami et 
al., 2020a, G. -G. Wang et al., 2014; B. Xue & Zhang, 2020; Y. Xue et al., 2019; Kashani & 
Hamidzadeh, 2020).

In fact, feature extraction creates a set of new features. Therefore, we cannot have a proper physical 
understanding of these features. In contrast, feature selection preserves the physical perception of 
the original features with retaining some of the main features, and presents better readability and 
interpretability of the models. Therefore, feature selection is often preferred in many areas (Bi et al.,  
2021; Hammami et al., 2020a). In recent years, several reviews have been presented to study different 
feature selection methods for classification and clustering purposes (Deng et al., 2019; Hancer et al.,  
2020; Remeseiro & Bolon-Canedo, 2019). In this regard, optimisation-based feature selection meth-
ods have been studied extensively in recent years and have been successful to a great extent 
(Hammami et al., 2018, 2019). Numerous review papers have been presented to study and review 
this type of methods. For example, (Kothari et al., 2011) studied 17 the Particle Swarm Optimisation 
(PSO)-based feature selection methods that were published before 2010. (B. Xue et al., 2015) studied 
Evolutionary Computation (EC)-based feature selection methods. However, this study was limited to 
Genetic Algorithm (GA), Genetic programming (GP), PSO and Ant Colony Optimisation (ACO)-based 
methods published before 2015. (Brezočnik et al., 2018) studied the Swarm Intelligence (SI)-based 
feature selection methods proposed between 2001 and 2017. They classified these methods based 
on the initialisation and search mechanism. Then, (B. H. Nguyen et al., 2020) categorised SI-based 
methods based on the representation and the search mechanism. This work limited to PSO, Artificial 
Bee Colony (ABC) and ACO-based feature selection methods before 2018. (M. Sharma & Kaur, 2021) 
presented an analysis of meta-heuristic methods inspired by nature in 2018 and 2019. In this work, 
the criteria of redundancy and relevance, scalability and the use of binary and chaotic types of these 
methods were mentioned. However, this study did not consider purely filter-based and wrapper- 
based feature selection methods. Also, the fitness function used by these methods was not dis-
cussed. As it is known, the above articles are limited to the years before 2019 and some specific 
algorithms or areas. And in some works, criteria such as fitness function and used classifiers have not 
been investigated. Accordingly, this article reviews and compares feature selection methods based 
on 21 different meta-heuristic algorithms in different areas between 2018 and 2022.

The major contributions of this article can be summarised as:

● Introducing the new feature selection methods based on meta-heuristic algorithms from 2018 
to 2022.

● Review of performance evaluation criteria of methods
● Review and comparison of the fitness function used in these methods
● Review of frequency of meta-heuristic algorithms used in the studied methods
● Review and comparison of time complexity of methods

The remainder of this paper is organised as follows: Section 2 describes the basic concept of 
feature selection and discusses a variety of different methods proposed in the literature for solving 
this problem. Section 3 reviews the related work based on the meta-heuristic algorithms proposed 
between 2018 and 2022. Section 4 provides an analysis of these methods. Finally, the research 
conclusion is presented in Section 5.
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Feature selection

As a simple definition, the feature selection refers to finding a subset of features with the minimum 
size, containing the necessary and sufficient information for the intended purpose. Different feature 
selection methods have attempted to find the best subset from among 2N candidate subsets. But, 
due to the breadth of possible results, finding the optimal subset is difficult and very expensive in 
medium and large values of N.

The feature selection process consists of four following basic steps (Dash & H, 1997).

● Subset generation: A feature subset is generated by a search method.
● Subset evaluation: Each produced subset is required to be evaluated based on a special 

criterion to determine how desirable it is.
● Stopping criterion: The feature selection process must be stopped under a certain criterion 

such as achieving a certain number of features, reaching the maximum number of iterations, 
producing an optimal subset, or not producing better subsets by adding or removing a new 
feature.

● Result validation: The feature subset is tested to check whether it has the necessary conditions 
to solve the desired problem or not?

Figure 1 shows the steps of the feature selection process.
Feature selection methods can be examined and classified from different perspectives. 

Depending on feature selection mechanism, feature selection methods can be broadly classified 
into three categories: filter, wrapper, and embedded (Kohavi & John, 1997). Filter-based methods 
calculate a rank or a score for each feature based on data dependency techniques. Then features 
with lower scores are omitted. The advantage of these models is the low computational cost, good 
generalisation ability, high speed and applicable to high-dimensional data. However, they may not 
be suitable for target learning algorithms due to the lack of a learning algorithm in search phase. On 
the other hand, the wrapper methods include a learning algorithm as a black box and use its 
predictive performance to assess the selected features. These methods consist of two steps: search-
ing for a features subset, and evaluating the subset. The disadvantages of these methods are high 
search space for high-dimensional data, high computational complexity, low speed, and being time 
consuming due to the use of machine learning algorithms. The embedded methods perform feature 
selection in the training process and are usually applied to specific learning machines (Sadeghian et 
al., 2021). In the first stage of these methods, the filter-based methods are applied to reduce data 
size, and then in the second stage, the wrapper methods are applied to select the best feature 
subset. Thus, the embedded methods inherit the advantages of both filter and wrapper methods. 
They have better performance than the wrapper methods because they do not require re-evaluation 
of feature sets. The embedded feature selection methods eliminate redundant and irrelevant 

Figure 1. Feature selection process (Dash & H, 1997).
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features without considerably decreasing the speed or increasing the computational complexity. The 
majority of meta-heuristic algorithms are considered as wrapper method because they generate a 
set of solutions during a given iteration and then evaluate them at each iteration, and finally, they 
extract the best solution. Based on the techniques adopted, the feature selection methods are 
categorised into the following five groups (J. Li et al., 2017):

● Similarity-based methods: These methods work on the basis of data similarity that can be 
extracted from class labels in supervised methods or can be calculated using different distance 
metric measurements in unsupervised methods.

● Information theory-based methods: These methods consider feature relevancy and feature 
redundancy in selection process.

● Sparse learning-based methods: The purpose of these methods is minimising fitting errors 
along with sparse adjustment terms.

● Statistical-based methods: These methods use different statistical criteria, such as the concept 
of variance, T-score, chi-square score, Gini index, etc. to select relevant features or remove 
irrelevant features.

● Other methods: Feature selection methods that do not belong to the four first categories, e.g. 
hybrid feature selection methods, deep learning based methods, and meta-heuristic feature 
selection algorithms are classified in last category. Meta-heuristic search algorithms have been 
inspired by biological processes in nature. These algorithms can be used for solving feature 
selection problem, with a little modification. Recent research has shown that these methods are 
more effective for large data sets (Hancer et al., 2022; Pei et al., 2022; Ain et al., 2022; Pei et al.,  
2021; A. -D. Li et al., 2021; Bi et al., 2020, Bi et al., 2020a, Hamidzadeh, 2021).

Meta-heuristic algorithms for feature selection

Nowadays, with the rapid growth of real-world problems and the importance of access speed to 
answers, classical methods cannot deal with many problems and random algorithms are mostly 
used. Therefore, in recent decades, the use of meta-heuristic algorithms has grown significantly. 
Unlike classical methods, meta-heuristic search methods perform space searching in parallel and use 
only one fitness function to guide the search. They are able to discover the answer due to their 
swarm intelligence. Meta-heuristic algorithms are divided into population-based and path-based 
methods based on their search strategies. The Genetic Algorithm that uses a set of chromosomes or 
whale and cuckoo algorithms that use several agents are population-based algorithms. These 
methods consider ways to coalesce and extend the elements of the solutions that already exist. 
On the other hand, path-based algorithms, e.g., Tabu Search (TS) and Simulated Annealing (SA), 
incorporate strategies to transform a single solution (Rupasinghe et al., 2010). In this section, the 
feature selection studies which have used meta-heuristic algorithms and have published between 
2018 and 2022, are reviewed.

Genetic Algorithm-based feature selection

Genetic Algorithm (GA) is a special type of evolutionary algorithms, that uses the technique of 
inheritance and mutation. First, it was introduced by (Holland, 1973) and its position was consoli-
dated by the efforts of (Goldberg & Holland, 1988). GA uses the mechanism of the superior solution 
(chromosome) selection in each generation. This algorithm is based on two principles: the survival of 
the best and mating. In recent years, various methods based on this algorithm have been proposed 
to solve the feature selection problem, such as: GIFS (Abdel-Basset et al., 2020), GA-enhanced PLSR 
(Robinson et al., 2021). Table 1 demonstrates the primary details taken from the chosen recently- 
published GA-based papers.
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As a conclusion of the advantages and disadvantages of the studied methods, it can be said that 
the IBGAFG method is mostly used in the field of pattern recognition and bioinformatics. HGAWE 
identifies relevant genes more accurately and efficiently than other compared models, and GA-EN 
has a high computational cost due to further evaluations for some large problems. Garank&rand has a 
low execution time due to removing 90% of irrelevant features in the first phase. But the perfor-
mance of this method on multi-class datasets and non-medical datasets is unclear.

Artificial Bee Colony-based feature selection

Artificial Bee Colony (ABC) was introduced at first to optimise mathematical functions. In this 
algorithm, each solution represents a potential food area and agents (artificial bees) search and 
exploit food sources in the search space (Karaboga, 2005). This algorithm uses three types of agents: 
employee bees (EBs), onlooker bees (OBs), and scouts. (Hancer et al., 2015) is one of the ABC-based 
methods introduced in recent years. Table 2 demonstrates the primary details taken from the chosen 
recently-published ABC-based papers.

In conclusion, it can be said that the ABCoDT method has a higher execution time than other 
compared methods in some datasets.

Ant Colony Optimization-based feature selection

Ant Colony Optimisation (ACO) presented by (Dorigo & Gambardella, 1997) was inspired by the 
feeding behaviour of ants. Despite being blind and low intelligence, one of the ants’ abilities is 
finding the shortest path. Ants communicate with each other based on a chemical called phero-
mones that they leave behind. In recent years, various methods based on this algorithm have been 
proposed to solve the feature selection problem, such as: MRMR Enhanced ACO (MRMR-EACO) (Khan 
& Baig, 2016), Modified Binary coded ACO (MBACO) (Wan et al., 2016). Table 3 demonstrates the 
primary details of the chosen recent ACO-based papers.

Table 2. Details of methodology and findings of the ABC-based feature selection algorithms.

Publication

Methodology

Findings
Key 
NO.

Fitness function

Stopping Criteria

Experimental results

(Rao et al.,  
2019)

Bee Colony and Gradient Boosting Decision Tree (GBDT), 
called ABCoDT, was proposed that has two steps: 
using ABC to find useful features, and using GBDT to 
achieve better feature subset. In fact, due to its 
simple structure, fewer control parameters, easy 
detection, and strong ability to explore the search 
space, ABC has been used to select the primary 
feature and raw data processing. Each solution in 
ABCoDT are defined similar to Key 3. Additionally, 
ABCoDT uses the regression and classification tree as 
a basic classifier and the coefficient GINI (Suthaharan,  
2016) to determine whether branching.

ABCoDT provides a framework to integrate 
a classification method with a feature 
selection process.

7

SQRT
PD

i¼1
xi � xcentroidð Þ

2
� �

The maximum number of iterations
Superiority of the method over the GBDT, Variance 

Threshold (VT), Select K Best (SKB), RFE, L12, and PCA 
on two breast cancer datasets and six UCI datasets.
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In conclusion, the FACO and MGCACO methods are more suitable for small and medium datasets 
and have a relatively better execution time than other compared methods. The WFACOFS does not 
consider redundancy due to the use of similarity-based filter method. For this reason, the efficiency 
of the method can be improved by using other filter methods instead of the similarity method. The 
ACO – ANN feature selection algorithm is used for textual data sets. This method should be 
expanded or combined with the other feature selection methods to support other types of data 
such as video, audio, images.

Ant Lion Optimization-based feature selection

Ant Lion Optimisation (ALO) is a stochastic optimisation algorithm proposed by (Mirjalili, 2015) and 
mimics the hunting behaviour of antlions in nature. ALO has no parameters to adjust and avoids 
local optimal stagnation due to the use of the random walking and roulette wheel. Two binary 
versions of ALO, called BALO-S and BALO-V were proposed by (Zawbaa et al., 2016) to solve the 
feature selection problem. Table 4 demonstrates the primary details of the chosen recently-pub-
lished ALO-based papers.

It can be concluded that although MALO-WSVM has good and stable performance, but its 
performance decreases with increasing data dimensions. Also, the search capability of HBALO and 
LALO depend on the quality of the initial population. Therefore, the use of initialisers such as MRMR 
to produce the initial population is effective in improving the quality of HBALO and LALO.

Grasshopper Optimization Algorithm-based feature selection

Grasshopper Optimisation Algorithm (GOA) is an optimisation algorithm that mimics the swarming 
behaviour of grasshoppers that was first proposed by (Saremi et al., 2017). GOA, with the aim of 
improving convergence speed and avoiding local optima when searching for food, has two phases: 
exploration and exploitation. In the exploration phase, search agents make random moves, while in 
the exploitation phase, they tend to move locally and around their locations. GOA increases the 
average of fitness, which indicates the algorithm’s ability to improve the initial random population of 
grasshoppers. The target fitness is also improved during iterations, which indicates the enhancement 
of the global optimal estimate accuracy proportional to the number of iterations. Table 5 demon-
strates the primary details taken from the recent GOA-based feature selection methods.

Despite the good performance of GOA-EPD, the average CPU time of GOA-EPD is higher than the 
other compared meta-heuristics. The NBGOA method has achieved good results, especially for large 
data sets. But it needs to be expanded to support other types of datasets such as biomedicine and 
games. The proposed binary GOA methods do not consider redundancy despite good performance 
on data types which this problem can be solved by combining these methods with information 
theory-based methods.

Particle Swarm Optimization-based feature selection

Particle Swarm Optimisation (PSO) was first proposed by (Eberhart & Kennedy, 1995) as an uncertain 
optimisation method. This algorithm is inspired by the swarm movement of birds in the search of 
food. Each solution, called a particle, has a velocity vector to direct the movement of the particle, a 
position vector to identify the place of the particle and a fitness value to determine how good the 
particle is. In recent years, a several PSO-based feature selection methods have been proposed (Tran 
et al., 2016, 2017). Table 6 demonstrates the primary details taken from the recent studies conducted 
on the PSO-based feature selection.

The CSO reduces the search time in high-dimensional datasets. Also, the final optimal results of 
this method is less sensitive to initialisation. The iBPSO-SFLA is used for textual datasets. This method 
should be developed to support the other kind of datasets. The SBPSO and modified-BPSO are more 
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suitable for small and medium size datasets. The efficiency of these methods decrease as the number 
of features increases. The number of selected features by the HPSO-SSM method is still high for many 
data sets. Also, due to the logistic map sequence time and the calculation time for the dynamic 
correction factors, the time computational complexity of this method is slightly high. The FBPSO is a 
good unsupervised feature selection method. But, this method should be developed to support 
biomedical datasets in disease diagnosis and image recognition area. The SDPSO depends on user- 
defined parameters that affect final optimal results.

Crow Search Algorithm-based feature selection

Crow Search Algorithm (CSA) is an optimisation algorithm proposed by (Askarzadeh, 2016), which 
mimics the crows’ search behaviours to hide their food. Due to high performance, CSA can solve the 
feature selection problem. Table 7 demonstrates the primary details taken from the recently- 
proposed CSA-based feature selection algorithms.

As a conclusion can be said, the performance of CCSA decreases with increasing number of 
features. And the CFCSA should be developed to support various other areas and reduce runtime.

Table 7. Details of methodology and findings of the CSA-based feature selection algorithms.

Publication

Methodology

Findings
Key 
NO.

Fitness function

Stopping Criteria

Experimental results

(Sayed, 
Hassanien, 
et al.,  
2019)

A Chaotic Crow Search Algorithm (CCSA) uses 
chaotic variables instead of the random 
variables in updating the crow position. Each 
solution of CCSA, have a binary form like Key 3.

The sine chaos map is a desirable map to 
dramatically enhance the classification accuracy, 
stability and convergence speed and to reduce 
the number of features.

28

Accuracy þ α 1 � Sj j= Nj jð Þ, Sj j and Nj j are the 
number of selected features and the original 
number of features, respectively. α ¼ 0:8.

The maximum number of iterations (5) or reaching 
the best solution.

Superiority of this method over the PSO, ABC, 
Flower Pollination Algorithm (FPA), Moth-Flame 
Optimisation (MFO), GWO, WOA, Sine Cosine 
Algorithm (SCA), Chicken Swarm Optimisation 
(CSO) and CSA on 20 medical/biology and 
business UCI datasets.

(Anter & M,  
2020)

hybrid CFCSA method was proposed by 
combination of CSA with Chaos Theory (CF) and 
Fuzzy C-Means algorithm (FCM) to solve the 
feature selection problem in medical diagnosis. 
CFCSA uses the global optimisation technique to 
solve the local minima problem, the chaos 
theory to improve the low convergence of CSA 
and the FCM (Bezdek et al., 1984) to control 
uncertainty and evaluate crows in high- 
dimensional spaces.

The classification accuracy of CFCSA is significantly 
enhanced by using Singer, Gauss, and Tent 
maps.

29

The FCM cost function
The maximum number of iterations (20)

Superiority of this method over the BCSA, CALO, 
BALO, and BA on 20 medical datasets.

JOURNAL OF EXPERIMENTAL & THEORETICAL ARTIFICIAL INTELLIGENCE 19



Gray Wolf Optimization-based feature selection

GWO is a meta-heuristic algorithm that mimics the social behaviour and hierarchy of grey wolves 
while hunting and it was first proposed by (Mirjalili et al., 2014). This algorithm can solve large-scale 
problems. The hunting process of grey wolves has three stages: tracking and approaching, pursuing 
and encircling, and attacking. In recent years, various methods based on this algorithm have been 
proposed to solve the feature selection problem, such as bGWO (Emary et al., 2016), GWO-ANN 
(Chowdhury et al., 2020). Table 8 demonstrates the primary details taken from the some of these 
methods.

The efficiency and runtime of LFGWO and MGWO on the other types of data, GWOCSA on large 
datasets and HSGW on big datasets have not been investigated. The performance and stability of 
BGWOPSO by using two other classifiers such as SVM and ANN could be compared and evaluated. 
The time consumption of TMGWO is higher than the other compared methods.

Gravitational Search Algorithm-based feature selection

Gravitational Search Algorithm (GSA) was presented by (Rashedi et al., 2009) and inspired by 
Newton’s law of gravity. Each object perceives its location and the position of other objects by 
gravity, and each object affects other objects in proportion to its mass and distance from the other 
objects. Table 9 demonstrates the primary details taken from recent papers on GSA-based feature 
selection.

HGSA is suitable for small datasets. This method can be developed to support large data sets in 
other domains.

Butterfly Optimization Algorithm-based feature selection

Butterfly Optimisation Algorithm (BOA) was proposed by (Arora & Singh, 2017). This method is 
inspired by the searching behaviours of butterflies. Each butterfly produces scent that can be felt by 
different neighbouring butterflies and a general system of social learning is formed. BOA has a high 
efficiency and convergence rate due to the use of random and decentralised steps. Table 10 
demonstrates the primary details taken from recently-proposed BOA-based feature selection 
algorithms.

According to the studies, it can be said that the bBOA method did not consider redundancy. On 
the other hand, although the EITBBOA considers redundancy, it has a higher execution time than the 
compared methods. So parallelism can help solve this problem. This method is also suitable for 
medical datasets. The development of this method is necessary to support other types of data.

Dragonfly Algorithm-based feature selection

Dragonfly Algorithm (DA) is a population-based optimisation proposed by (Mirjalili, 2016) and is 
inspired by dragonfly hunting and migrating behaviour. DA Operators provide two basic concepts: 
diversification and intensification, which are resulted from the static swarming (Hunting strategy) 
and dynamic swarming (migration strategy) activities, respectively. Table 11 demonstrates the 
primary details taken from the recent studies carried out in the DA-based feature selection.

Studies showed high performance of the BDA and CDA methods on large scale medical datasets. 
These methods can be extended to support other areas.
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Salp Swarm Algorithm-based feature selection

Salp Swarm Algorithm (SSA) is a population-based optimisation algorithms proposed by (Mirjalili et 
al., 2017). SSA mimics the behaviour of salps swarm when searching for food in the oceans. The 
position of salps is defined based on the number of given problem’s variables.

Table 12 demonstrates the primary details of the chosen SSA-based recent papers.
Studies show that the TCSSA and CSSA methods have a good stability. Also, efficiency and 

execution time of these six methods not been investigated for other data types and larger datasets. 
It seems that these methods should be developed to support big data and other areas such as image 
processing, signal processing, etc.

Coral Reefs Optimization-based feature selection

The Coral Reef Optimisation (CRO) algorithm is a random search optimisation algorithm proposed by 
(Salcedo-Sanz et al., 2014). The CRO algorithm has two phases: 1) reef formation phase that is 
initialised by a reef of solutions to an optimisation problem, and 2) coral reproduction that searches 
for optimal solutions by Broadcast spawning, brooding and budding operators. New individuals 
(larvae) compete with the others for space in the reef. And finally, the individual with a better fitness 
will occupy the reef. Table 13 demonstrates the primary details taken from recent papers published 
on the CRO-based feature selection.

It seems that although the efficiency of disease diagnosis and execution time of BCRO have 
acceptable quality, the application of this method is limited to medical data. So, BCRO can be 
improved by integrating with other search strategies or optimisation algorithms to support the other 
data and applications.

Table 9. Details of methodology and findings of the GSA-based feature selection.

Publication

Methodology

Findings
Key 
NO.

Fitness function

Stopping Criteria

Experimental results

(Taradeh et 
al., 2019)

Hybrid GSA-based feature selection uses four 
mechanisms: 1) a logarithmic decreasing 
function instead of the linear decreasing 
function for gradually updating the gravitational 
constant, 2) GA’s crossover operator- based 
mechanism for generating new solutions and 
increasing the GSA exploratory powers, 3) A 
counting mechanism of the number of times 
that the best solution obtained so far has not 
been improved, for checking whether the 
algorithm is stuck in local optima or not. If yes, 
the GA’s mutation operator is applied to the 
gbest, and 4) the V-shaped function to transform 
the continuous space to the binary.

1) HGSA avoids the worst misleading agents and 
Gradually improves the quality of the 
population by crossover operator. 
2) The quality of solutions and exploitation of 
HGSA is enhanced by the fitness-based 
mutation operator.

37

Like Key 13
The maximum number of iterations (200)
Superiority of this method over the GA, PSO, GWO, 

GSA, and MFO showed that HGSA on 18 well- 
known UCI datasets.
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Spotted Hyena Optimization-based feature selection

The Spotted Hyena Optimisation (SHO) is a swarm-based algorithm proposed by (Dhiman & Kumar,  
2017) and is inspired by the spotted hyenas social hierarchy and hunting behaviours. SHO have three 
basic phases: searching for prey, encircling, and attacking prey. Finding the best solution in a short 
time and self-adaptation are the advantages of SHO. Table 14 demonstrates the primary details taken 
from the recently-proposed SHO-based feature selection algorithms.

Cuckoo Search-based feature selection

Cuckoo Search (CS) is an optimisation algorithm proposed by (Yang & Deb, 2009) that was developed 
for non-linear and continuous optimisation problems. This method was inspired by the interesting 
cuckoo lifestyle and spawning. Table 15 demonstrates the primary details taken from recent studies 
conducted into the CS-based feature selection.

The AGCS-PBAMNN works well for abnormal features and the MCSRS has a good performance in 
selecting fewer features, deleting irrelevant and redundant features, maximising classification accu-
racy and high stability. Nevertheless, the effectiveness of AGCS-PBAMNN and MCSRS has not been 
investigated for the very large datasets in other domains and applications.

Table 10. Details of methodology and findings of the BOA-based feature selection algorithms.

Publication

Methodology

Findings
Key 
NO.

Fitness function

Stopping Criteria

Experimental results

(Arora & 
Anand,  
2019)

Two versions of the binary BOA (S-bBOA and V- 
bBOA) were proposed that use the Sigmoid 
transfer function (1=ð1þ e� Fk

i ðtÞÞ) and the V- 
shaped transfer function 

(j
ffiffiffi
π
p

=2 ò

ffiffi
π
p

=2ð ÞFk
i tð Þ

0 e� t2
dtj).

The S-bBOA is better than the V-bBOA in 
converge, effectively search, finding the 
accurate best solution and enhancing the 
performance of BOA.

38

Like Key 13
The maximum number of iterations (100)

Superiority of these methods over the DA, ALO, GA, 
PSO, GWO, SSA, Sine-Cosine Algorithm (SCA), 
Brain Storm Optimisation (BSO) and WOA on 21 
UCI datasets.

(Sadeghian et 
al., 2021)

Ensemble Information Theory binary BOA (EIT- 
bBOA), has three phases: The Minimal 
Redundancy-Maximal New Classification 
Information (MR-MNCI) method (Gao et al., 2018) 
in the first phase to select 20% of the relevant and 
non-redundant features, The Information Gain 
bBOA (IG-bBOA) with a three-purpose fitness 
function in the second phase to find an optimised 
feature subset, and finally, an ensemble similarity- 
based method and selecting 30 best features. 
Each solution of IG-bBOA is a binary vector similar 
to Key 3.

1) The use of the mean of IG makes more diversity 
to reaches the optimal solution with the high 
accuracy. 
2) EIT-bBOA is mostly used for feature selection 
in medical datasets. 
3) The EIT-bBOA has acceptable stability.

39

αAccuracy þ β N � Sj j= Nj jð Þ þ δMean I Xk; Yð Þð Þ, 
where Nj j is the number of original features, 
α ¼ 0:99, β ¼ 0:001, and δ ¼ 0:009.

The maximum number of iterations (100)

Superiority of this method over the bGWO, bWOA, 
and bCSA on six UCI datasets.
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Whale Optimization Algorithm-based feature selection

The Whale Optimisation Algorithm (WOA) is a population-based algorithm proposed by (Mirjalili & 
Lewis, 2016) based on the encircling and hunting behaviours of humpback whales. WOA has three 
phases: 1) encircling prey that identify the locations of prey and encircle it, 2) bubble-net attacking 
(exploitation) based on shrinking encircling and spiral updating position, and 3) searching for a prey 
(exploration). Table 16 presents the primary details of the chosen papers recently published on WOA- 
based algorithms.
Firefly Algorithm (FA) (Yang, 2010) is a swarm intelligence-based optimisation methods, that is 
inspired by the brightness of fireflies in nature. This algorithm is used in engineering fields, nonlinear 
multi-quality optimisation problems as well as NP-Hard problems. In the FA, a kind of random search 
is employed to reach a set of solutions. One of the advantages of this search mechanism is that it 
avoids falling into the local optimum trap. Table 17 demonstrates the primary details of the selected 
recent papers published on applying the FA-based algorithms to feature selection problems.

The BFA+Penalty+RF is a good stability, but the application of this method is limited to medical 
domain and cancer diagnosis. Also, the prop. FA method is limited to small datasets without missing 
values, and this method should be developed to work on large and complex datasets. Due to the use 
of an estimate process for the optimal fitness values, FGACO has a high performance and selects at 
least the number of features at the minimum time.

Fruit Fly Optimization Algorithm-based feature selection

The Fruit Fly Optimisation Algorithm (FFOA) is an evolutionary optimisation method that was first 
introduced by (W. -T. Pan, 2012) and is inspired by fruit flies food searching behaviours. FFOA has two 
phases; The fruit flies fly towards food place by using their smell capability, at the first phase. In the 
second phase, they get nearer by using their vision power. Simple structure, few parameters to set, 
solving problems with high speed, and high stability are the advantages of this algorithm. Table 18 

Table 11. Details of methodology and findings of the DA-based feature selection algorithms.

Publication

Methodology

Findings
Key 
NO.

Fitness function

Stopping Criteria

Experimental results

(Sayed, 
Tharwat, et 
al., 2019)

Chaotic DA (CDA) uses the Synthetic Minority Over-Sampling 
Technique (SMOTE) to refine the unbalanced datasets in the 
first phase, CDA to select the most distinctive features in the 
second phase, and SVM classifier to evaluate the selected 
subset in the last phase.

1) Combining chaotic map with DA 
makes a fast, robust and efficient 
feature selection model. 
2) The Gauss map enhances 
performance of DA more than the 
other chaotic maps.

40

Like Key 27. Just, w is set to 0.9 in this method.
The maximum number of iterations (50) or finding the best 

solution.
Superiority of this method over the DA, PSO, CSO, GWO, and 

ABC on the extracted dataset from the Drug bank.

(Mafarja, 
Heidari, et 
al., 2020)

BDA uses DA to find the best subset and KNN to evaluate the 
subset. Each solution in BDA is represented by a binary 
vector similar to Key 3. Furthermore, a V-shaped function 
( vi

d tð Þ
�
�

�
�= 1þ vi

d tð Þ2
� �1=2

) is used to transfer the continuous 
positions to binary space.

BDA is suitable for high dimensional 
medical datasets.

41

Like Key 13
Not mentioned

Superiority of this method over the BGWO, BGSA, BBA, BGA, 
and BPSO on 9 large medical datasets
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demonstrates the primary details of the chosen FFOA-based papers recently published on the 
feature selection problem.

Despite its high accuracy, BIFFOA is still weak in decreasing size of selected features subset. Low 
stability in high dimensional datasets and falling into local optimal are the limitations of FOA 
method.

Brain Storm Optimization-based feature selection

The Brain Storm Optimisation (BSO) algorithm proposed by (Shi, 2011) is a swarm intelligence 
method based on the human beings’ brainstorming processes. BSO has three steps: clustering the 

Table 13. Details of methodology and findings of the CRO-based feature selection algorithms.

Publication

Methodology

Findings
Key 
NO.

Fitness function

Stopping Criteria

Experimental results

(Yan et al.,  
2019)

Binary Coral Reef Optimisation Simulated Annealing 
Tournament (BCROSAT), was proposed by combination 
the BCRO with TS for updating the worst solution and 
SA for updating the best solution with the higher 
fitness. This method uses KNN classifier to evaluate 
solutions. Each generated larva (solution) at the first 
phase of this method is a binary vector similar to Key 3. 
Also, The broadcast spawning is performed by a 
crossover operator.

1) Due to the high local search power of 
SA, the search performance of the CRO 
improved. 
2) This method is a good tool for pre- 
processing on high dimensional 
biomedical data.

48

Like Key 13
Not mentioned

Superiority of BCROSAT over the Whale Optimisation 
Algorithm Simulated Annealing Tournament (WOASAT), 
Improved Genetic Algorithm (IGA), Modified Binary PSO 
(MBPSO),, and Improved SFLA (ISFLA) on 13 high- 
dimensional biomedical datasets.

Table 14. Details of methodology and findings of the SHO-based feature selection algorithms.

Publication

Methodology

Findings
Key 
NO.

Fitness function

Stopping Criteria

Experimental results

(Jia et al.,  
2019)

Two different hybrid SHO-based feature selection 
models were proposed. First model (called SHOSA- 
1) uses SA as an operator of SHO to gain the best 
solution and reposition the main solution around a 
randomly-selected solution and the known best 
solution. The second model (called SHOSA-2) uses 
SA to improve the final obtained solution from SHO.

SHOSA-1 has an excellent performance; 
however, it is not suitable for high 
dimensional datasets because of 
a long-running time.

49

Like Key 13

The maximum number of iterations (30)
Superiority of the method over the ACO, CS, FPA, PSO, 

SCA, and SSA on 20 UCI datasets. And superiority of 
SHOSA-1 over the native algorithm and SHOSA-2.
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existing individuals, disrupting the cluster centres, and creating solutions. Table 19 summarises the 
primary details taken from recent articles published on the BSO-based feature selection.

The stability and robustness of FAM-BSO in high dimensional datasets is low.

cuttlefish Algorithm-based feature selection

Cuttlefish Algorithm (CFA) was proposed by (Eesa et al., 2014) that mimics the colour changing 
mechanism of the cuttlefish. This algorithm considers two processes: Reflection (simulation of the 
light reflection mechanism) and visibility (simulation of the similar pattern), which serve as a strategy 
for searching the new solutions. Table 20 presents the primary details taken from studies recently 
conducted on CFA-based feature selection.

The performance and stability of FGLCC-CFA have not been studied in other high dimensional 
datasets.

Table 18. Details of methodology and findings of the FFOA-based feature selection algorithms.

Publication

Methodology

Findings
Key 
NO.

Fitness function

Stopping Criteria

Experimental results

(Hou et al.,  
2019)

The Binary Improved FFOA (BIFFOA) was proposed 
based on Improved FFOA with dynamic search 
radius (Q. -K. Pan et al., 2014), the Evolutionary 
Population Dynamics (EPD) (M. Mafarja et al.,  
2018), a selection operator and a Sigmoid transfer 
function. 
In BIFFOA_EPD, the poorer flies are placed around 
the best three solutions and a randomly-generated 
solution with the same probability. 
BIFFOA_EPD_CM uses the mutation operator to 
mutate the selected solution and the crossover 
operator (Faris et al., 2018) to crossover the 
mutated solution with the weak solution. In 
BIFFOA_EPD_Tour, the best solution is selected by 
using TS operator. Then, the same crossover and 
mutation operators of BIFFOA_EPD_CM is 
performed to the obtained solution. 
BIFFOA_EPD_RWS uses the Roulette Wheel

1) BIFFOA is suitable for high-dimensional 
datasets. 

2)BIFFOA_EPD_Tour is better than the other 
proposed EPD mechanisms in feature selection 
problems. 

3) Use of the TS operator in BIFFOA_EPD_Tour 
enhances the population diversity.

60

Selection (RWS) instead of the TS operator in 
BIFFOA_EPD_Tour and the solutions are selected 
based on their fitness values.

Like Key 13

The maximum number of iterations (100)
Superiority of this method over the GA, PSO, bGWO, 

CFS, IG, Spectrum, and F-Score on 25 UCI datasets.

(X. Zhang et 
al., 2020)

A new version of FOA (MCFOA) was proposed which 
uses the Gaussian mutation operator to increase 
the diversity of FOA and avoid premature 
convergence, and the chaotic local search strategy 
(CFOA) to improve exploitation of potential 
regions.

1) A coordinated balancing between the global 
search and local disturbance by using the 
Gaussian mutation operator. 

2) Reaching to the better position by use of 
Chaotic local search.

61

Like Key 13
The maximum number of iterations (1000)

Superiority of this method over the BGWO, BA, and 
BPSO on 7 distinct UCI datasets.
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Emperor Penguin Optimizer-based feature selection

The Emperor Penguin Optimizer (EPO) first presented by (Dhiman & Kumar, 2018) is a meta-heuristic 
algorithm that mimics the emperor penguins’ huddling behaviours to solve the engineering opti-
misation problems. EPO has four main steps: generating the huddle boundary, computing the 
temperature around the huddle, calculating the distance, and finding the efficient mover. Table 21 
demonstrates the primary details taken from the recent papers on the EPO-based feature selection.

BEPO is not suitable for very large datasets.

Table 19. Details of methodology and findings of the BSO-based feature selection algorithms.

Publication

Methodology

Findings
Key 
NO.

Fitness function

Stopping Criteria

Experimental results

(Pourpanah 
et al.,  
2019)

The hybrid FAM-BSO combines the Fuzzy ARTMAP (FAM) 
(Carpenter et al., 1992) with Brain storm optimisation (BSO). 
The FAM-BSO has two phases: learning phase that uses FAM 
as an incremental learning neural network for training, and 
feature selection

FAM-BSO uses the concept of ‘open 
prototype’ to select the best 
features.

62

phase that uses BSO to select the best feature subset with the 
aim of increasing the accuracy and reducing the complexity.

The classification error
Not mentioned

Superiority of this method over the basic FAM, PSO, ACO, GA, 
GP, FAM-GA, and FAM-PSO on 10 UCI datasets and a human 
motion detection case study.

Table 20. Details of methodology and findings of the CFA-based feature selection algorithms.

Publication

Methodology

Findings
Key 
NO.

Fitness function

Stopping Criteria

Experimental results

(Mohammadi 
et al., 2019)

Feature Grouping based on the Linear Correlation 
Coefficient- Cuttlefish Algorithm (FGLCC-CFA) 
is an IDS-based feature selection that combines 
Feature Grouping based on the Linear 
Correlation Coefficient (FGLCC) (Ambusaidi et 
al., 2016) as a filter method and CFA as a 
wrapper method. The FGLCC-CFA uses the high 
speed of FGLCC and the high accuracy of CFA 
to select the best feature subset.

The use of FGLCC-CFA significantly reduces false 
positive rates and increases attack detection 
and accuracy rates for different types of 
attacks.

63

α � DRþ 1 � αð Þ � 100 � FPRð Þ, where 
DR ¼ TP= TP þ FNð Þ, FPR ¼ FP= FPþ TNð Þ, and 
α ¼ 0:7.

Finding the optimal solutions
Superiority of this method over the Feature 

Grouping based on MI (FGMI), Linear 
Correlation coefficient Feature Selection (LCFS), 
Novel hybrid KPCA and SVM with GA (N-KPCA- 
GA-SVM), FGLCC and CFA on KDD Cup 99 large 
datasets with ID3 DT.
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Analysis and discussion

This section discusses the data set, evaluation measures, classifiers used by the various methods and 
time complexity mentioned in the previous section.

Dataset

The datasets used by these methods can be divided into three groups based on the dimension of 
dataset: Small (up to 150), Medium (between 151 and 1999), and Large (2000 and more). Table 22 
shows a comparison between the datasets used in these methods in terms of size, field, and the 
number of classes.

Table 21. Details of methodology and findings of the EPO-based feature selection algorithms.

Publication

Methodology

Findings
Key 
NO

Fitness function

Stopping Criteria

Experimental results

(Dhiman & 
Kumar,  
2018) and

S-shaped Binary EPO and V-shaped Binary EPO was proposed 
by using four V-shaped functions vffiffiffiffiffiffiffiffi

1þv2
p , tanh vð Þj j, 

2
π arctan π

2 v
� ��

�
�
� and erf

ffiffi
π
p

2 v
� �

jand four S-shaped functions 

1= 1þ e� 2vð Þ, 1= 1þ e� vð Þ, 1= 1þ e � v=2ð Þ
� �

and 
1= 1þ e � v=3ð Þ
� �

.

BEPO with transfer function 
2=πð Þarctan π=2ð Þvð Þj j achieved 

the highest performance 
compared to the other versions.

64

Like Key 13
The maximum number of iterations (500)

Superiority of BEPO over the BSHO, BWOA, BDA, BBA, BGWO, 
and BGSA on 12 datasets.

Table 22. Comparison between the datasets.

Comparison 
criteria Category Method

Size Small 3, 8, 18, 25, 28, 29, 32, 33, 36, 40, 45, 49, 51, 55, 56, 58, 61, 62, 63

Medium 12, 20, 30
Large 2, 5, 6, 11, 21, 22, 41, 48, 49, 53, 54, 59

Mixed 4, 7, 9, 10, 13, 14, 15, 16, 17, 19, 23, 24, 26, 27, 31, 34, 35, 37, 38, 39, 42, 43, 44, 46, 47, 50, 52, 
57, 60, 64

Field Text 11, 26
Image 10, 12, 26, 39,

Biological 1, 2, 6, 9, 10, 13, 14, 15, 16, 17, 18, 19, 21, 23, 24, 25, 26, 27, 28, 29, 31, 33, 34, 35, 36, 37, 38, 39, 
41, 42, 43, 44, 45, 46, 47, 48, 49, 50, 52, 54, 55, 56, 57, 59, 60, 61, 64

Life 1, 3, 4, 5, 7, 9, 10, 13, 14, 15, 16, 17, 19, 20, 23, 24, 25, 28, 31, 32, 33, 34, 35, 36, 37, 38, 42, 43, 44, 
45, 46, 47, 49, 50, 51, 52, 55, 57, 59, 60, 61, 62, 64

Physical 1, 4, 9, 10, 13, 14, 15, 16, 17, 20, 23, 24, 25, 28, 31, 33, 34, 35, 36, 37, 38, 42, 43, 44, 45, 46, 47, 
49, 52, 55, 57, 60, 61, 62, 64

Computer 1, 7, 9, 14, 15, 16, 17, 20, 22, 23, 24, 28, 30, 32, 34, 36, 38, 44, 46, 47, 53, 57, 58, 60, 63, 64

other 4, 6, 9, 10, 13, 14, 15, 16, 17, 20, 23, 24, 25, 28, 31, 33, 34, 35, 36, 37, 38, 40, 42, 43, 44, 45, 46, 
47, 49, 50, 52, 55, 57, 59, 60, 61, 62, 64

NO. of classes Binary class 6, 11, 18, 22, 27, 30, 32, 54, 56
Multi-class 

(>2)
3, 5, 8, 9, 10, 40, 51, 53, 58, 63

Both 1, 2, 4, 7, 12, 13, 14, 15, 16, 17, 19, 20, 21, 23, 24, 25, 26, 28, 29, 31, 33, 34, 35, 36, 37, 38, 39, 41, 
42, 43, 44, 45, 46, 47, 48, 49, 50, 52, 55, 57, 59, 60, 61, 62, 64
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As shown in Figure 2, 29% of the methods were applied to small datasets, 5% to medium datasets, 
19% to large datasets, and 47% to multiple groups of datasets.

These feature selection meta-heuristic algorithms have used datasets in different fields. 
Accordingly, seven groups of fields have been considered in this paper: Text, Image, 
Biological, life, Physical, computer, and other. As shown in Figure 3, two methods were tested 
on the Text datasets, four methods on the image datasets, 47 methods on the biological 
datasets, 43 methods on the life datasets, 35 methods on the Physical datasets, 26 methods 
on the computer datasets, and 38 methods on the other datasets. It is to be noted that some 
methods have been applied to different fields of datasets. Therefore, they were counted in all 
considered fields.

On the other hand, the used datasets can also be evaluated in terms of the number of class labels. 
As shown in Figure 4, 14% of the methods were implemented on two-class labels datasets, 16% on 
multi-classes dataset, and 70% on both groups.

Classifier

Any feature selection method was evaluated by its classifier. The classifiers used in the previously- 
mentioned methods are as follows:

● K-Nearest Neighbour (KNN): KNN is one of the Supervised Machine Learning algorithms. To 
obtain the similarity of two samples, KNN uses the distance criterion of the two samples. KNN is 
easy and simple to learn. Its training is very fast and it is resistant to noisy training set. On the 
other hand, it has high computational complexity and memory limitations, and also depends 
on K.

● Naive Bayes (NB): The NB classifier is an easy, fast, noise resistant and Bayes theorem-based 
classifier that assumes the existence of a particular feature in a class independent of the 

Figure 2. Datasets analysis in terms of no. features.
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existence of another feature. The performance of this classifier is high for datasets with more 
than 2 clusters.

● Support Vector Machine (SVM): SVM is a statistical learning theory-based model that tries to 
ensure the minimum true error. This classifier is suitable for high-dimensional data and is 
relatively simple. It also balances between complexity and error rate.

Figure 3. Datasets analysis in terms of fields.

Figure 4. Datasets analysis in terms of NO. class labels.
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● Decision tree (DT): The decision tree is a predictor model used for regression and classification. 
This classifier can work on nominal and numeral data. On the other hand, it is suitable for 
analysing continuous and discrete high-dimensional data in a short amount of time.

● Random Forest (RF): RF is a flexible supervised classifier that is employed in classification and 
regression problems. This classifier works based on voting between predictions of created 
decision trees on data samples. The RF usually achieves a better accuracy than a single decision 
tree, especially when there is a lot of missing data.

● Multi-Layer Perceptron (MLP): MLP (Albu et al., 1997) is one of artificial neural networks 
structures. Typically, these networks consist of an input layer, one or more hidden layers, and 
an output layer. The input signal is transmitted layer by layer through the network and in the 
forward path. After comparing the desired output value with the actual network output, the 
network searches for the maximum descending slope and in subsequent iterations, the net-
work parameters are adjusted by guiding the descending slope error. The parameters setting is 
repeated until the amount of network error reaches an acceptable value. Since classification is a 
specific type of regression, MLP is a desirable classification algorithm when the response 
variable is definite.

● Other: Extreme Learning Machine (ELM), Linear Discriminant Analysis (LDA), ZeroR, etc.

The classifiers used in the presented methods in this paper are summarised in Table 23.
Figure 5 shows a comparison of the classifiers used in the studies mentioned in this paper. As can 

be seen, KNN was used in most cases (42 times). SVM is in the second place with 21 cases. DT and NB 
are in the third and fourth places with 10 and 9 cases, respectively. RF and MLP were used in five 
studies. And the rest of classifiers are placed in the ‘other’ category. Note that some methods were 
analysed by several of these classifiers, which were counted separately.

It should also be noted that 90% of the studies used the k-fold cross-validation method for 
validation. In this method, the data is converted to k sections. Each observation is randomly placed in 
one of these k sections. In this method, training and testing are repeated k times. In each iteration 
k � 1 part is considered as training data and one as test. The classification error is equal to the 
average of classification error in k iterations. The advantage of this method is that all observations are 
used for both training and validation, and each observation is used accurately for validation. This 
method also has an acceptable speed.

Used methods

The majority of applications, only use a few of the special algorithms. As shown in Table 24, the six 
most used algorithm are used in more than half of all cases (56.40%), while the eight widely used 
algorithms comprise three quarters of cases (66.66%), and the top ten algorithms comprise nearly 

Table 23. Classifiers used for feature selection algorithms.

Classifier Methods

SVM 1, 3, 4, 6, 8, 9, 10, 12, 18, 19, 22, 30, 39, 40, 48, 50, 52, 53, 54, 57, 63
KNN 1, 3, 4, 8, 10, 13, 14, 15, 16, 17, 19, 20, 22, 23, 24, 26, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 41, 42, 43, 44, 45, 46, 

47, 48, 49, 50, 53, 55, 60, 61, 62
DT 1, 3, 6, 7, 8, 32, 37, 54, 57, 58

NB 1, 6, 8, 21, 22, 39, 53, 54, 58
RF 30, 32, 39, 56, 57

MLP 3, 4, 10, 51, 57
Other 2, 5, 11, 25, 27, 30, 48, 59, 64
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75% of all cases (74.90%). In Table 24, the other category includes eight algorithms: GSA, DA, CRO, 
SHO, FFOA, BSO and CS.

Table 25 presents the categorisation of 63 selected papers based on different feature selection 
strategies: Filter, Wrapper, Embedded, and Hybrid. As can be seen, most of the studied methods 
belong to wrapper methods. Because of training and testing in feature space, these methods 
perform better than filter-based methods that ignore the effect of selected features on the perfor-
mance of the machine learning. But Wrapper methods suffer from computational inefficiency. On the 
other hand, hybrid methods try to reduce the computational load by combining two or more filter or 
wrapper methods. The same is true for embedded methods. These methods try to use the advan-
tages of both methods by combining filter and wrapper methods and increase the computational 
speed. however, the existing machine learning algorithm needs to redesigned for embedding 
feature selection alongside its learning elements, and doing this requires more time and effort.

As shown in Figure 6, 58% of the methods have used the wrapper technique and 30% the hybrid 
technique. The embedded and filter techniques with 11% and 1%, respectively, are placed at the 
next levels.

Figure 5. Analysis of the implemented classifiers.

Table 24. Impact (share of citations) of different meta-heuristic algorithms.

Algorithm Publication Citations Shared

SSA 6 1059 13.47
GWO 7 875 11.13

PSO 8 813 10.34
GOA 5 797 10.14
EPO 1 449 5.71

GA 6 443 5.64
CSA 2 432 5.50

FA 4 375 4.77
WOA 4 343 4.36

ACO 4 305 3.88
BOA 2 303 3.86
ABC 1 300 3.82

ALO 3 264 3.36
CFA 1 213 2.71

Other 10 894 11.38

40 Z. SADEGHIAN ET AL.



Evaluation criteria

Different criteria are used to evaluate the performance and effectiveness of each method in solving 
the feature selection problem. In the reviewed articles, most of the following evaluation criteria have 
been used.

• Accuracy: A metric for checking whether samples are correctly classified. The classification 
accuracy is calculated using Equation(1) 

Average Accuracy ¼
1
M

XM

i¼1

1
N

XN

j¼1
match Cj:Lj

� �
(1) 

where M and N are the number of runs and the number of classes, and match is a function of 
checking the similarity of output class labels and reference class labels.

● Recall or sensitivity: The true positive rate.
● Precision: Positive predictive value (PPV).
● Specificity: True negative rate.
● F-measure: The weighted average between Precision and Recall.

These criteria measures are calculated based on Equations 2–5 as follows: 

Table 25. The categorisation of methods based on the adopted strategies.

Category Method

Filter 26

Wrapper 3, 7, 8, 9, 12, 14, 15, 16, 17, 18, 19, 20, 23, 25, 27, 28, 30, 32, 33, 36, 38, 40, 41, 42, 43, 44, 46, 49, 50, 51, 55, 56, 57, 
60, 61, 63, 64

Embedded 4, 10, 47, 53, 54, 58, 59
Hybrid 1, 2, 5, 6, 11, 13, 21, 22, 24, 29, 31, 34, 35, 37, 39, 45, 48, 52, 62

Figure 6. Analysis of the techniques adopted.
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Specificity ¼
TN

TNþ FP
(2) 

Recall ¼
TP

TPþ FN
(3) 

Precision ¼
TP

TPþ FP
(4) 

F � Measure ¼ 2
Recall�Precision

Recall þ Precisionð Þ
(5) 

where TP and TN are True positive and True negative, respectively, while FP and FN are false 
positive and false negative, respectively.

• Average selected subset length: The mean number of selected features in M runs. It is 
formulated by Equation 6: 

Average Subset Length ¼
1
M

XM

i¼1
Size Sð Þ (6) 

where S is a feature subset.
• Statistical standard deviation: The variation of the best solutions obtained from M runs. It is 

formulated by Equation 7: 

StdDev ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

M � 1

X
Si � STMeanð Þ

2

r

(7) 

where STMean is the mean of solutions in M runs and Si is the best solution in the ith run.
• Average runtime: The average of actual runtime in milliseconds in M runs. It is calculated by 

Equation(8: 

Average Runtime ¼
1
M

XM

i¼1
Runtimei (8) 

where Runtimei is the actual computational time of method at the ith run.

● Wilcoxon test: A non-parametric statistical test based on the mean accuracy for checking 
statistically difference of two methods. This test returns a number (p-value). p value< 0:05 
indicates significance statistical difference between the two examined methods.

● Friedman test: A non-parametric test based on the mean rankings of test treatments to check 
the significant difference between two methods. The significance level is set to 0.05.

● Best Fitness, Worst Fitness, and Average Fitness
● Other: Acceleration rate (AR), post-hoc test, Iman – Davenport test, T-test, Stability, etc.

Table 26 illustrates the evaluation measures used in the selected methods. As it can be seen, some 
methods have used several evaluation criteria. The other category in Table 26 includes Iman – 
Davenport test, post-hoc test, Acceleration rate (AR), T-test, etc.

Figure 7 compares the different criteria used in the papers to evaluate the proposed methods. 
Nearly 96% of the papers have used the measurement criteria of accuracy and 94% have used the 
number of selected features, which are then followed by Runtime, Statistical standard deviation, 
Fitness analysis, and Wilcoxon test with 56%, 43%, 42%, and 38%. Sensitivity was used in 19% of the 
papers. Additionally, less than 15% of the papers have used the F-measure, Specificity, and Precision. 
And 14% of papers have used other evaluation criteria. It should be noted that some methods have 
used several different criteria for evaluation, which were counted separately.
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Time complexity

Although some authors consider the time complexity as a good measure to evaluate and compare 
their method with other methods (as evident in Table 27), but because meta-heuristic algorithms 
work based on optimisation using iteration, it is not possible to obtain the time complexity (Note 
that most of the papers in this field have used meta-heuristics as a part of the total feature selection 
method, not the whole method). Also, the time in evolutionary algorithms depends on the number 
of population, the complexity of the fitness function and the number of variables of the problem, 
which is different in each problem. For example, in paper No. 6, the genetic algorithm with two 
different fitness functions based on KNN and ANN was used, and KNN achieved a reasonable time 
compared to ANN. In this way, it may be possible to calculate and compare different time complex-
ities for different meta-heuristics that are defined on a feature selection problem, but it is not logical 
for different meta-heuristics with different settings and different fitness functions on different 
feature selection problems.

Conclusions

Nowadays, the interest in using feature selection techniques is increasing because the high-dimen-
sional datasets is a big challenge for patterns recognition, machine learning techniques, data mining 
and natural language processing. Therefore, a lot of research has been done to choose the best 

Table 26. Evaluation measures used in the 64 selected methods.

Evaluation Measure Methods

Accuracy All methods except 5, 27 AND 64

Recall 2, 3, 9, 11, 15, 32, 39, 40, 51, 54, 59, 64
Precision 11, 39, 40

Specificity 2, 3, 9, 15, 32, 39, 51, 54, 59
F-measure 11, 14, 27, 39, 40, 45, 58,

No. Selected feature All methods except 1, 5, 8 and 27
Standard Deviation 9, 10, 14, 15, 16, 17, 19, 25, 28, 31, 33, 34, 35, 36, 37, 38, 39, 40, 42, 43, 47, 49, 52, 55, 61, 62, 64
Average Runtime 1, 6, 7, 9, 10, 12, 13, 14, 15, 17, 21, 24, 27, 28, 29, 30, 31, 35, 36, 37, 39, 40, 43, 44, 45, 46, 47, 48, 49, 

51, 54, 55, 58, 59, 60, 63

Wilcoxon Test 12, 15, 16, 17, 24, 26, 28, 30, 33, 34, 35, 36, 37, 38, 39, 41, 42, 45, 47, 50, 52, 57, 61, 64
Friedman Test 2, 7, 13, 17, 23, 42, 34, 38, 61
Best, Worst and Average 

Fitness
12, 14, 15, 16, 28, 29, 30, 31, 33, 34, 36, 37, 38, 40, 41, 42, 44, 46, 47, 49, 53, 55, 60, 61, 63, 64

Other 5, 14, 23, 25, 27, 39, 45, 59, 63

Figure 7. A comparison of the various criteria used in the papers.
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features from all available features. The feature selection process improves the speed of learning, 
simplicity of rules, data visualisation, and predictive accuracy.

This paper presented a comprehensive survey of feature selection meta-heuristic algorithms. 
Sixty-three different feature selection methods based on 21 meta-heuristic algorithms (proposed 
between 2018 and 2022) were analysed and described. It was revealed that the majority of meta- 
heuristic methods seek to maximise the classification accuracy and minimise the number of selected 
features. They follow these goals by examining the fitness of the obtained solutions. Also, it was 
found that the majority of these method is wrapper-based method that are computationally 
expensive when facing a large number of features. Therefore, hybrid feature selection methods 
were developed that use filter methods to remove redundant and irrelevant features, and then 
wrapper methods to further modify the selected subset. Although, the meta-heuristic algorithms are 
the powerful techniques to solve the feature selection problem, there is no clear answer to what is 
the most effective and perfect meta-heuristic algorithm in feature selection. Because, 1) a general- 
purpose optimisation strategy is impossible (Wolpert & Macready, 1997), 2) most of the studied 
methods were lack good empirical evaluations on different types of datasets in different fields and 
sizes, and 3) it is also very difficult to compare obtained results from different real-world problems. 
Therefore, the followings are expected for future directions/trends of meta-heuristic algorithms in 
feature selection:

(1) A comprehensive experimental study on various optimisation algorithms, especially PSO, 
WOA, BOA, GOA, and DA, which have shown promising feature selection results in high- 
dimensional datasets, is essential.

(2) Given the emergence of big data with millions of instances and features in the present era, the 
need to develop more accurate, efficient, and faster feature selection methods is felt. The use 
of parallel meta-heuristic methods is one of the suggestions that can be proposed.

(3) It is necessary to develop online feature selection methods for real-time feedback.
(4) The quality criteria for an experimental study are numerous, such as accuracy, reliability, 

stability, feature-class dependency and so on. Therefore, the selection of a unified measure-
ment criteria to evaluate the performance, advantages and disadvantages of studied algo-
rithms seems necessary. In this case, we will certainly have a robust experimental study.

Disclosure statement

No potential conflict of interest was reported by the authors.

Table 27. Time complexity of some studied methods.

Method Time complexity

1 OðT �m� n� m log nþ 1ð Þ

10, 16, 33, 49 O T �m� nð Þ

12 O m log mð Þ

15 O T �m� n2 þ n=2ð Þ

23 O T nmþ nlog2nð Þð Þ

24 O T þ M1ð Þ nþ M2ð ÞCð Þ

38, 39, 47 O T m� nþ C � nð Þð Þ

48 Oðn2 þ T � m2 þ 2n2ð ÞÞ

52 O T� m2 þm�nþ n�Cð Þð Þ

60 O T �m� nþ n=2ð Þ

61 O n�mþ n2 þ T� 2n2 þ n�mþ 4nð Þð Þ

62 O(n3)

T : The number of iterations, n: The number of solution or particles, m: The number of features, C: The cost of the objective 
function, M1: The logistic map sequence time; M2: The calculation time for the dynamic correction factors.
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