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ABSTRACT Feature selection is a technique commonly used in Data Mining and Machine Learning.
Traditional feature selection methods, when applied to large datasets, generate a large number of feature
subsets. Selecting optimal features within this high dimensional data space is time-consuming and negatively
affects the system’s performance. This paper proposes a new binary Salp Swarm Algorithm (bSSA) for
selecting the best feature set from transformed datasets. The proposed feature selection method first
transforms the original data-set using Principal Component Analysis (PCA) and fast Independent Component
Analysis (fastICA) based hybrid data transformation methods; next, a binary Salp Swarm optimizer is used
for finding the best features. The proposed feature selection approach improves accuracy and eliminates
the selection of irrelevant features. We validate our technique on fifteen different benchmark data sets.
We conduct an extensive study to measure the performance and feature selection accuracy of the proposed
technique. The proposed bSSA is compared to Binary Genetic Algorithm (bGA), Binary Binomial Cuckoo
Search (bBCS), Binary Grey Wolf Optimizer (bGWO), Binary Competitive Swarm Optimizer (bCSO), and
Binary Crow Search Algorithm (bCSA). The proposed method attains a mean accuracy of 95.26% with
7.78% features on PCA-fastICA transformed datasets. The results show that bSSA outperforms the existing
methods for the majority of the performance measures.

INDEX TERMS Data transformation, fast independent component analysis, feature selection, principal

component analysis, salp swarm optimizer.

I. INTRODUCTION

In the age of Big Data, the Internet of Things, and per-
vasive communication, massive amounts of unstructured
and high-dimensional data are generated using millions of
ubiquitous devices every day. Feature Selection (FS) is a
vital preprocessing step that reduces the data dimensional-
ity and eliminates redundant or irrelevant features. While
redundant features add complexity, the irrelevant features
barely discriminate samples from class in supervised FS
or clusters in unsupervised FS, consequently hindering the
performance [1], [2]. FS enhances the accuracy and improves
the outcome’s intelligibility by eliminating the noisy, useless,
and unimportant data from high dimensional datasets [3].
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Furthermore, FS reduces the over-fitting problem and clas-
sifier’s complexity, making it easier to elucidate [4].

FS techniques are grouped into three main classes, namely
Wrapper [5], [6] Filter [7], [8], and Embedded methods [9].
The filter methods are generally used in the preprocessing
phase [10]. These methods do not use any machine learning
classifiers to select the optimal features subset. Alternatively,
these methods employ various statistical measures to choose
the relevant features. Filter methods are computationally bet-
ter than other relevant methods [2]. However, these methods
show poor results if the data distribution is not uniform and
features are highly correlated.

In contrast, wrapper based FS techniques use some
predefined machine learning classifiers to measure the
selected features [2]. In the wrapper-based approach, features
are included-in or eliminated from an optimal feature-set
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using recursive or backward feature elimination or forward-
feature-selection techniques. These methods are computa-
tionally expensive compared to the filter methods and their
complexity increases unexpectedly for datasets comprising
of huge set of features. These methods select the optimal
features during the training phase and hence are classified as
embedded methods [11].

Meta-heuristic based FS methods show low consistency
over high dimensional datasets. Many feature representation
(data transformation) techniques like ICA, fastICA, PCA, etc.
have been presented in the literature to tackle the consistency
issue. The original set of features is converted into a prefer-
able form in feature representation, making it suitable for
different data mining functionalities.

PCA [12] is a feature transformation and dimensionality
reduction technique that transform interrelated features into
a set of unrelated features. Uguz [13] presented a Genetic
Algorithm (GA) based hybrid approach and information
gain for selecting an optimal feature set from a dataset
transformed by PCA. Further, Lee er al. [14] examined
the three PCA variants: sparse PCA, independent PCA,
and sparse independent PCA. A randomized PCA has been
proposed by Rokhlin et al. [15] to identify principal com-
ponents that maximize the variance. In continuation, a ran-
domized nonlinear component analysis based on PCA and
canonical correlation analysis (CCA) has been introduced
by Lopez-Paz et al. [16] for data transformation. However,
PCA shows poor performance on the blind source sepa-
ration problem due to more complex dependencies among
features [17], [18].

Consequently, to mitigate the issue mentioned above, ICA
that transforms original features into a set of autonomous
non-Gaussian features, are used. To get the data’s insightful
patterns, an Independent PCA (IPCA) has been developed by
Yao et al. [19]. Pandey et al. [20] used a hybrid data trans-
formation approach to improve clustering methods’ efficacy.
Kaya and Pehlivan [21] used ICA to reduce the unnecessary
and irrelevant features from electrocardiogram (ECG) sig-
nals. Kaya et al. [22] analyzed the performance of GA, PCA,
and fastICA based feature selection method and found that
the GA outperformed the other methods. However, the orig-
inal ICA is computationally expensive. Therefore, fastICA a
novel variant of conventional ICA [23] is generally used.

It has been observed from the above discussion that the
meta-heuristic and traditional FS methods suffer from sta-
bility problems and are very expensive in terms of computa-
tion. Feature selection methods based on meta-heuristics also
suffer from premature convergence. Moreover, the existing
data transformation does not eliminate the correlation and
higher-order dependencies among features concurrently.

Hence, to overcome the limitations of data transforma-
tion and metaheuristic-based FS techniques, a new PCA-
fastICA-based binary SSA (bSSA) has been proposed in this
paper. The anticipated bSSA first converts the original dataset
using PCA-fastICA based data transformation methods into a
new set of features followed by feature selection using bSSA.
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In literature, a number of metaheuristic algorithms have been
proposed to solve various real-world optimization problems
and as per NFL theorem, new algorithms are good for some
set of problems. Therefore, different algorithms have been
proposed to solve different sets of problems. In this paper,
an improved SSA has been used to solve the feature selection
problem since it has been observed from the literature that the
Salp swarm algorithm shows better efficacy for the feature
selection problem. The proposed bSSA first converts the
original dataset using PCA-fastICA based data transforma-
tion methods into a new set of features followed by feature
selection using bSSA. To appraise the effectiveness of the
proposed PCA-fastICA based bSSA, ten well-known datasets
have been utilized. For the performance analysis, the newly
developed method has also compared with bGA [24], bCSO
[25], bGWO [26], [27], bCSA [28], and bBCS [29].

The significant research contribution of this work is as
follows:

o This paper proposed a new variant of SSA and named
Binary SSA.

o A hybrid data transformation approach is developed to
transform the datasets by combining PCA and fastICA.

o The newly developed binary salp swarm optimizer
deployed for selecting the best feature set from trans-
formed datasets

The paper’s organization is as follows; Previous work on
data transformation and related terminologies are discussed
in Section II, while Section III describes the SSA in detail.
Section IV discusses the proposed feature selection technique
followed by the experimental results in Section V. Lastly,
the conclusion is drawn in Section VI.

Il. LITERATURE REVIEW

FS methods are grouped into three categories viz super-
vised [30], [31], unsupervised [30], [32], and semi-supervised
methods [33]-[35], based on the class label information. The
supervised approach selects the optimal feature subset using
the class label information [36], while unsupervised methods
find the most optimal features using compactness and vari-
ance of clusters [37]-[39]. The semi-supervised methods [40]
employ both types of information (labeled and unlabeled) to
find the relevant features [40], [41]. The primary purpose is
to improve the classifier’s performance by eliminating the
redundant and unimportant features that are opposite to each
other. Da Silva et al. [42] treated this problem as a single
objective function that enhances accuracy and reduces the
cost.

Optimal features help to attain the highest classifica-
tion accuracy. To obtain the relevant features from n fea-
tures is a difficult task since for n features, 2" subsets
are possible [26], [43]. It will be even more difficult for
high dimensional datasets. In such cases, traditional and
exhaustive search (brute-force search) cannot find the best
features set. Therefore, random search, heuristic search,
and metaheuristic-based methods [43]-[47] are used as an
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alternative for selecting relevant features. Particle Swarm
Optimization (PSO) [48], GA [24], Cuckoo Search (CS) [49],
[50], Differential Evolution (DE) [51], Gravitational Search
Algorithm (GSA) [52], etc. are some of the metaheuristics
employed to solve feature selection problem.

Chen and Hsiao [53] presented a binary GA that uses an
Support Vector Machine (SVM) for selecting the pertinent
features and a GA-based co-operative technique proposed by
Derrac et al. [54] for the same. Besides, Genetic Program-
ming (GP) has also been employed to solve FS problems [55].
The GP-based feature selection techniques construct a feature
tree with leaf nodes containing features. Neshatian and Zhang
[56] introduced a wrapper selection method in which they
used Naive Bayes (NB) to assess selected features’ decency.
The proposed FS method returns different feature set in dif-
ferent runs over imbalanced datasets. Some researchers used
continuous and binary PSO for electing the best features.
In the continuous PSO, a threshold 8 is used to select the
relevant features, while in binary PSO, binary bit 0 means
feature will not be selected, and 1 means the corresponding
features will be selected. Lane et al. [57] used PSO along with
statistical clustering for selecting essential features. However,
existing PSO based feature selection algorithms don’t show
satisfactory performance on datasets having heterogeneous
attributes. Tran et al. [58] employed a resetting mechanism
based on gbest [59] to eliminate irrelevant and redundant
features. Further, Xue et al. [60] enhanced the PSO-based
feature selection method using the forward and backward
feature selection policy.

Furthermore, Ke et al. [61] presented a binary Ant
Colony Optimization (ACO) for selecting the dataset’s crit-
ical features. OBoyle et al. [62] used SVM and ACO
for selecting significant feature subset from the dataset.
Khushaba et al. [51] developed ACO and DE based hybrid
FS method in which DE finds the optimum features from
the solutions returned by ACO. The proposed ACO-DE
method returns a different set of features in different runs and
also shows unstable behavior on high dimensional datasets.
To mitigate the same, Ghosh et al. [63] used an adaptive DE
to select relevant feature sets. Further, Ke et al. [64] intro-
duced a multi-objective ACO based on the elitism strategy for
selecting the relevant features. Yang et al. [65] developed an
FS method by combining the memetic wrapper and Relief-F
in which Relief-F sorts all the features and memetic wrap-
per selects the features using a score. Gu et al. [25] presented
a bCSO for selecting the best features.

Further, a bGWO has been proposed by Emary et al. [26]
to reduce unnecessary and irrelevant features. The proposed
bGWO algorithm shows poor performance on very high
dimensional datasets and sometimes also trap to local optima.
Therefore, Pandey and Rajpoot [27] proposed a method based
on GWO and Simulated Annealing (SA). Kang et al. [66]
developed a hybrid approach that eliminates the outliers
and returns the optimal feature subset. Pashaei and Aydin
[67] proposed a binary black-hole algorithm for finding the
appropriate features from biological datasets. To enhance
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the exploitation process and to find the relevant feature
set, a hybrid method has been proposed by Mafarja and
Mirjalili [1].

Cuckoo search has also been used for selecting the
relevant features. Kaya [68] presented a binary cuckoo
search to eliminate irrelevant features and improve clas-
sification accuracy. However, bCS algorithm returns more
number of features if datasets contain highly correlated fea-
tures. Therefore, to eliminate this issue, Pandey ef al. [29]
introduced bBCS that selects relevant features from trans-
formed datasets. To eliminate the correlation, the proposed
bBCS first transforms datasets using PCA-fastICA fol-
lowed by feature selection. Sayed et al. [69] introduced a
chaotic dragonfly algorithm to select the relevant features.
Guha et al. [70] introduced a deluge-based GA for selecting
optimal features. Taradeh et al. [71] proposed an evolutionary
gravitational search-based method for selecting relevant fea-
tures. Agrawal et al. [72] anticipated a quantum-based WOA
for reducing extraneous and unnecessary features from the
datasets. Ouadfel and Abd Elaziz [73] used an improved CSA
to select the optimal features. Jia et al. [74] proposed a hybrid
FS method based on spotted hyena optimization (SHO)
and simulated annealing (SA). The proposed hybrid FS
method shows better results over high-dimensional datasets
but it shows unstable results on high-dimensional biomedical
datasets. Ghosh et al. [75] used enhanced binary sailfish
optimizer and B-hill climbing for finding relevant features
from the dataset. Alweshah ez al. [76] presented a hybrid mine
blast FS method to enhance the quality of selected features.
The proposed FS method is not tested on datasets that consist
of more than 400 features. Alweshah et al. [77] introduced
a binary monarch butterfly optimization algorithm (bMBO)
for selecting optimal features from high dimensional datasets.
The proposed bMBO could show inconsistent results on
gigabyte-size datasets.

Recently, several multi-objective feature selection algo-
rithms have also been proposed. Ke et al. [64] introduced
a multi-objective ACO based on elitism strategy for selecting
the relevant features. Li et al. [78] presented a multi-objective
FS method using Bat algorithm and rebalancing strategy.
The proposed algorithm shows satisfactory results on high
dimensional datasets; however, it is computationally very
expensive. Zhang et al. [79] introduced a multi-objective PSO
for cost-based feature selection problems. The proposed FS
method generates a Pareto front of nondominated solutions
and finds a good set of features; however, it is not known
that the achieved Pareto fronts could be improved further or
not. Further, a cost-sensitive multi-objective feature selection
approach based on artificial bee colony has been presented to
group the features into non-dominated and dominated feature
subsets [80]. The efficacy of the proposed FS approach may
decrease if datasets contain a large number of features and are
unbalanced. Hu er al. [81] proposed a multiobjective PSO
for selecting relevant features using fuzzy cost. In general
FS method give equal weightage to all the features; how-
ever, the proposed FS method creates a fuzzy dominance
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TABLE 1. Considered datasets.

Sr.No.  Dataset Number of Features ~ Number of Instances
1. Breastcancer 9 699
2 BreastEW 30 569
3 CongressEW 16 435
4 HeartEW 13 270
5. IonosphereEW 34 351
6. SonarEW 60 208
7 WineEW 13 178
8 Vote 16 300
9. Tic-tac-toe 9 958
10. Zoo 16 101
11. SpectEW 22 267
12. PenglungEW 325 73
13. Prostate Tumor 10509 102
13. 11 Tumors 12533 174
15. Lung Cancer 12600 203

relationship to compare the decency of candidate particles
and defines a fuzzy crowding distance to discard the elitist
archive.

Recently Elhariri er al. [82] proposed a multi-objective
variant of the SSA and deployed with a hybrid of
filter-wrapper based FS approach. The new approach used
for recognition of crack severity and achieved significant
improvement in accuracy. Chen et al. [83] developed a new
variant of SSA with enhanced global search capability by
deploying concept of spark programming and tested for three
poplar data-sets.

A. PRINCIPAL COMPONENT ANALYSIS

PCA [12] is a popular feature transformation approach that
converts correlated features into unrelated features, also
called principal components. PCA always returns the prin-
cipal components equal to or less than the total features in
the data set. In general, PCA reduces the data dimensional-
ity and maximizes the variance. The maximum part of the
variance covered by the largest component is the PCA’a first
principal component. To calculate the principal components,
a covariance matrix is created. This paper used a PCA based
on covariance matrix eigen-decomposition that discovers the
principal component using four steps.

o Create the covariance matrix.

« Find the Eigenvalues.

« Find the Eigen-vector that represents the direction of
principal components.

« Get the coordinates of each data in the principal compo-
nent’s direction.

Suppose a dataset D, has n rows and k£ columns, where
n and k denotes the number of instances and features in
the dataset, accordingly. To transform D,, into transformed
matrix Dy, a covariance matrix C is created. In this matrix,
covariances are placed at off-diagonal locations, and vari-
ances are placed at diagonal places. PCA reduces the correla-
tion between the transformed matrix variables, which means
that the correlation of different characteristics in the matrix,
C, should be close to zero. Diagonal entries in the C matrix
must be maximized and off-diagonal values minimized.
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In addition, Eigenvalues are computed by solving the equa-
tion |C — AI|l = 0. In the subsequent step, Eigenvectors
are computed according to Eq. (1). Finally, the Eigenvector
matrix is multiplied with the original matrix D, to find the
transformed dataset.

[A—Ad]l x[x]=[0], forj=1,2....,n. 1)
B. FAST INDEPENDENT COMPONENT ANALYSIS

The fastlCA [84] converts dependent multivariate sig-
nals into non-Gaussian independent signals. As such,
PCA only reduces the correlation between features, not
the higher-order dependence between attributes. Therefore,
to reduce higher-order dependencies among features, fas-
tICA is employed. In the fastICA, each component is treated
with equal importance, whereas in PCA, some attributes
are measured with high importance [18]. The considered
elements’ statistical autonomy is maximized for finding the
independent components of fastiCA [17]. Independence in
fastICA is achieved by either maximizing the non-gaussianity
or Minimizing Mutual Information (MMI) [85]. The fastICA
is a competent approach for evaluating ICA, and it pertains
to the family of fix-point ICA. A fixed point iteration policy
is used by fastICA to measure the rotating components of
data. The fastICA is very effective and computes independent
elements 10 to 100 times quicker than the original ICA [23].
Furthermore, the fastICA also converges quickly than the
original ICA.

The proposed approach uses PCA and fastICA to eliminate
the correlation and higher-order data dependencies among
features followed by feature selection using bSSA. This
section presented an overview of PCA, fastICA, and SSA.

Ill. SALP SWARM ALGORITHM
Salps are cylindrical marine tunics that usually live in groups
or in chains and floats deliberately. It has been confirmed
in the literature that the movement of the salp swarm
attains a better locomotion and find food easily with this
approach. SSA is introduced by Mirjalili et al. [86] to solve
various optimization problems. All the salp form a salp chain
in SSA to find the target or food source in search space [87].
To mathematically model the chains of the salp, the swarm is
slashed into two parts, leader and follower. The leading salp
is always in front and guides the other follower in the chain.
Consider ¥ = {Y1,Y>,...,Y,,...,Y,} is a group of n
salps and Fs denotes the target vector or source of food. Every
salp in salp chain is represented in d dimensional vector
(Yi = y1,¥2, ..., ¥4). The position of leader salp in the chain
is updated using Eq. (2)
Y, = Fs + o1 (Ymax — Ymin)o2 + Yipin) a3 >0 )
Fy — a1((Yimax — Ymin)oo + Yiin) a3 <0
where, o1, oz, and «3 are the random values, Y is the location
of a front salp (leader), Y;,,4x, and Y;,,i, are the upper and lower
boundary values for each salp. In SSA, balancing between
exploration and exploitation controlled by «; and its value is
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F 3

Y

FIGURE 1. Flowchart of the proposed bSSA.

updated in every cycle using Eq. (3).

7( 4xCifer )2
o] = 2e Maxizer

3

where, Max;., and cjs., represents the total and current itera-
tion, respectively.

The follower salps’ positions except Y7 are improved using
Newton’s law of motion as stated by Eq. (4).

1
Yi(i) = Eatz + vot )

where j =2, 3, ..., nand Y;(i) indicates the i dimension of
j’h salp, vo, f, and a is the initial velocity, time, and accel-
eration respectively, which are computed by the following
equation.

Vend
a= where v =

vo
For the optimization problems, time denotes the iteration,
and the initial velocity is 0. Thus the positions of followers
are updated using modified equation given in Eq. (5).
L] . .
Vi) = 5 (V) + Y1) 5)
The detailed steps of SSA are discussed in Algorithm 1.
In SSA, the initial population is generated arbitrarily, and the
best fitted salp is treated as a food source, and other salps
move towards the food source. A food source (Fs) updates its
position in every iteration.

Y—XY

IV. PROPOSED BINARY SALP SWARM FEATURE
SELECTION METHOD

The proposed binary SSA uses two steps for finding the
relevant features from datasets. In the first step, the dataset is
transformed using PCA-fastICA based feature transformation
method followed by binary SSA in the second step for elect-
ing optimal features. This section discusses each step of the
new feature selection approach. The proposed system model
of bSSA is illustrated in Fig. 1.
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Termination
condition

Print the best solution

Algorithm 1 Salp Swarm Algorithm
Input: Engender initial population (Y;), where i =

1,2,..., N randomly
Output: The solution vector F
while stopping criterion do
Compute fitness and find the current best salp
Calculate o1 using to Eq. (3)
for each salp (X;) in salp chain do
if j == 1) then
Modify position of leader salp using Eq. (2)
else
Modify locations of follower salps according to
Eq. (5)
end if
end for
end while

Print the best solution F

A. FEATURE TRANSFORMATION

This phase transforms the original features into a new feature
set through PCA and fastICA data transformation method.
The process of data transformation uses the following two
steps to convert the original dataset.

1) In the first phase, PCA transforms the original features
into new features, also known as principal compo-
nents. Generally, dimensionality reduction performed
by using PCA.

2) The second phase get input from PCA in form of princi-
pal components and convert them into new feature set
using fastICA. The features returned by FastICA are
input into the proposed bSSA to find related features.

PCA only reduces correlation among features and does
not eliminate high order dependencies between features.
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TABLE 2. Parameter settings of all the considered algorithm.

SrNo.  Parameter bCSA  bCSO bGA  bGWO bBCS bSSA
1. Population Size (V) 50 50 50 50 50 50
2. Number of iterations (¢tr) 1000 1000 1000 1000 1000 1000
3. Number of search agents 8 8 8 8 8 8
4. Probability (P,) - - - - [0.05,0.5] -
5. Step scaling factor (o) - - - - [0.01,0.5] -
6. Number of iterations 70 70 70 70 70 70
7. Search domain [0, 1] [0, 1] [0, 1] [0, 1] [0, 1] [0, 1]
8. Number of repeatative runs 20 20 20 20 20 20
9. « parameter - - - 0.99 - -
10. 3 parameter - - - 0.01 - -
11. Crossover Probability - - 0.75 - - -
12. Mutation Probability - - 0.02 - - -
13. Social factor (¢) - 0.2 - - - -
14. Max Velocity - 6 - - - -
15. Flight length(fl) 2 - - - - -
16. Awareness probability(AP) 0.1 - - - - -
17. Control parameter C'y - - - - - [0, 1]
18. Control parameter C'a - - - - - [0, 1]

Thus, to reduce the dependencies among features, fastICA is
used. However, the fastICA does not remove the correlation
between two features. Therefore, to eliminate the correlation
and higher-order dependencies among features, a combined
data transformation method based on PCA-fastICA has been
used. After converting the data set, bSSA is used to select
what is important and relevant from the transformed data sets.

B. BINARY SALP SWARM ALGORITHM

In standard SSA, solution individuals are generated in contin-
uous search space and they contain continuous values while
in FS problem search region is binary or discrete (0 and
1). Hence, a binary variant of SSA has been proposed. The
anticipated bSSA convert the continuous values into binary
after each iteration using a threshold §. The value of § is
empirically set to 0.6 by testing its efficacy for different &
between, 0 to 1. Consider X;, (i = 1,2,3,---,d) is search
individual having d dimension. In this approach, a specific
feature or dimension will only be included in the selected
feature list and (the value is set to 1), if X; > § else set
to 0. Suppose X; = (0.35, 0.63,0.55,0.64, 0.74,0.15) is a
search agent with 6 features. The proposed bSSA converts
each dimension of search individual in binary using threshold
8 = 0.6. The first feature is 0.35 which is smaller than 0.6 so,
it is not selected while the second is 0.63 which is larger
hence it is selected. The final search agent after converting
all the dimension into binary will be X; = (0, 1,0, 1, 1, 0).
The Algorithm 2 demonstrate the pseudo-code of bSSA.

C. FEATURE SELECTION USING BINARY SALP SWARM

This paper introduces a wrapper based binary SSA for
selecting the relevant features. The wrapper feature selection
approach uses predefined machine learning classifiers to elect
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Algorithm 2 Binary Salp Swarm Algorithm
Input: Engender initial population (Y;), where i

1,2,..., N randomly
Output: Selected feature List F
Convert initial population into binary using threshold §
while stopping criterion do
Compute fitness and find the current best
Calculate o1 using to Eq. (3)
for each salp (X;) in salp chain do
if j == 1) then
Modify position of leader salp using Eq. (2) and
convert them into binary using threshold &
else
Update locations of follower salps according to
Eq. (5) and convert them into binary using thresh-
old §
end if
end for
end while

Print the optimal features

the relevant features from high-dimensional datasets. SVM,
k-Neural Network (KNN), Artificial Neural Network (ANN)
are some of the commonly used classifiers. KNN classifier
is generally employed to solve the FS problem because of its
simplicity. In this article, a KNN classifier has been used to
measure the goodness of identified characteristics. The objec-
tive of FS is to improve/maximize the accuracy and minimize
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TABLE 3. The validation accuracy of bSSA on datasets with feature selection.

Mean Accuracy

Dataset

bGA bCSO bGWO bCSA bBCS bSSA
Breastcancer 95.89 95.59 95.72 95.00 96.51 96.85
BreastEW 94.48 92.72 94.04 93.99 96.62 97.12
CongressEW 95.59 93.47 94.17 94.57 96.88 96.43
HeartEW 80.45 75.88 76.06 75.25 76.68 80.45
IonosphereEW 91.67 83.50 85.75 86.19 88.26 91.91
SonarEW 90.46 80.65 81.79 84.12 87.26 92.19
WineEW 92.33 90.51 91.90 92.37 97.47 97.90
Vote 93.33 90.37 92.51 92.28 92.73 93.13
Tic-tac-toe 75.41 74.43 73.83 75.33 77.22 79.00
Zoo 96.89 96.59 97.70 96.00 96.71 97.16
SpectEW 82.26 82.42 82.76 83.14 83.83 84.28
PenglungEW 90.42 89.98 90.23 90.90 91.15 91.42
Prostate Tumor 91.54 91.23 91.42 92.00 92.46 92.36
11 Tumors 92.02 91.88 92.26 92.66 93.08 93.30
Lung Cancer 93.24 93.24 93.32 94.80 94.47 94.45
Overall Mean 90.40 88.16 88.90 89.24 90.75 91.86

TABLE 4. The mean accuracy of bSSA on original datasets (without feature selection).

Dataset Mean Accuracy

bGA bCSO bGWO bCSA bBCS bSSA
Breastcancer 94.94 94.74 94.91 94.11 95.56 95.89
BreastEW 93.54 91.89 93.25 93.11 95.67 96.16
CongressEW 94.64 92.64 93.38 93.68 95.93 95.48
HeartEW 79.65 75.20 75.42 74.54 75.93 79.65
IonosphereEW 90.76 82.76 85.03 85.38 87.39 91.00
SonarEW 89.56 79.93 81.10 83.33 86.40 91.28
WineEW 91.42 89.70 91.13 91.50 96.51 96.93
Vote 92.41 89.56 91.73 91.41 91.82 92.21
Tic-tac-toe 74.66 73.77 73.21 74.62 76.46 78.22
Zoo 95.93 95.73 96.88 95.10 95.76 96.20
SpectEW 81.45 81.68 82.06 82.36 83.01 83.45
PenglungEW 89.52 89.18 89.47 90.04 90.26 90.51
Prostate Tumor 90.63 90.42 90.65 91.13 91.55 91.45
11 Tumor 91.11 91.06 91.48 91.79 92.17 92.38
Lung Cancer 92.32 92.41 92.53 93.91 93.54 93.51
Overall Mean 89.13 88.55 88.97 89.49 90.05 90.43

the error rate and number of features selected. The proposed
bSSA uses the objective function discussed in Eq. (6) for
selecting the best feature set [26]. The fitness function defined
in Eq. (6) is maximized while selecting relevant features.

IS — Fs|
S|
where y, (D) is accuracy related to decision D. F represents
the selected features, S is the total count of features, a; €
[0, 1] and B are constants which represent the importance of

the classification accuracy and the subset length respectively.
The sum values of «; and 81 must be 1 (o] + B1 = 1).

Fitness = a1 y¢(D) + B (6)
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Eqg. (6) can be changed into a minimization problem using
error values and ratio of elected feature. The error minimizing
fitness function described in Eq. (7).

|Fs|

Fitness = a1 Er(D) + B m @)

where, Eg(D) is error rate.

V. RESULTS AND DISCUSSION

The efficacy of the anticipated bSSA has been evaluated on
15 benchmark FS datasets [88]. Table 1 presents a complete
delineation of all the data sets considered. In this paper,
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TABLE 5. The mean accuracy and mean number of selected features on original test datasets (20%) (without feature transformation).

Mean Accuracy

Mean number of selected features

Dataset bGA bCSO bGWO bCSA bBCS bSSA bGA bCSO bGWO bCSA bBCS bSSA
Breastcancer 9690 96.86 96.80 96.41 97.22 97.69 6.11 641 653 635 560 512
BreastEW 9547 9395 95.10 9538 97.13 97.07 19.27 1834 20.05 1447 15.62 11.51
CongressEW 96.59 9471 9523 9597 9692 97.03 6.11 724 833 728 615 435
HeartEW 81.28 76.87 7692 7635 77.08 84.83 826 734 685 932 662 6.04
IonosphereEW 92.63 84.61 86.72 8746 88.72 96.31 16.16 1822 20.79 2147 1455 11.06
SonarEW 9140 81.72 82.70 8536 87.71 95.70 36.28 46.21 39.75 40.78 4599 29.81
WineEW 9330 91.70 9293 9372 9797 98.29 926 877 949 886 896 6.81
Vote 9431 9155 9354 93.63 9321 95.69 7.12 841 753 735 661 412
Tic-tac-toe 76.19 7542 74.66 7643 77.62 78.98 733 741 854 735 7.6l 5.12
Zoo 97.90 97.86 97.22 97.41 9880 98.13 633 674 636 666 545 535
SpectEW 83.49 83.72 84.11 8442 85.09 85.54 943  9.61 946 937 953 918
PenglungEW 91.13 90.79 91.08 91.66 91.88 92.14 188.41 138.74 128.81 138.45 121.21 120.46
Prostate Tumor 9271 92,50 9273 9323 93.66 93.55 5143.23 2353.17 3825.17 2148.47 2219.22 2216.95
11 Tumors 93.57 9352 9395 9427 94.66 94.87 6138.33 5623.87 4671.07 4293.63 4251.36 4201.85
Lung Cancer 9454 94.63 9475 96.16 95.78 95.75 6144.03 4792.83 4641.17 3426.43 3416.95 3395.11
Overall Mean 92.13 8936 89.90 90.53 91.56 93.44 1183.04 870.22 893.99 676.41 675.50 668.86
TABLE 6. Results for PCA-based transformed (20%) of test datasets.

Dataset Mean Accuracy Mean number of selected features

bGA bCSO bGWO bCSA bBCS bSSA bGA bCSO bGWO bCSA bBCS bSSA
Breastcancer 97.00 96.94 96.73 96.53 9732 97.76 631 6.16 646 660 541 511
BreastEW 9573 9431 9524 9561 96.72 97.09 1835 19.23 1939 1387 14,57 11.79
CongressEW 96.59 9473 95.19 9593 96.90 97.32 6.11 727 829 724 621 429
HeartEW 8143 77.00 7681 7648 77.20 84.59 844 730 6.8l 924 658  6.01
IonosphereEW 9274 87.42 86.85 88.03 9259 96.86 16.09 1722 19.50 21.28 14.32 11.00
SonarEW 91.50 84.52 83.13 8582 88.02 96.00 3422 4322 36.12 4134 39.12 26.79
WineEW 9433 9252 93.64 94.14 9811 99.09 9.14 864 944 875 873  6.65
Vote 9456 91.58 93.56 9370 93.44 97.73 706 834 745 728 653 421
Tic-tac-toe 76.38 7553 7471 7656 77.69 80.08 725 736 847 728 747  5.09
Zoo 97.97 9791 98.87 9750 97.53 99.10 629 6.67 630 658 539 538
SpectEW 84.74 8498 8537 85.69 86.36 86.82 929 947 932 923 939 9.04
PenglungEW 9232 9197 9226 9285 93.08 93.34 186.53 137.35 127.52 137.07 120.00 119.26
Prostate Tumor 93.64 9342 93.66 9416 9459 94.61 5086.65 2327.29 3783.09 2124.84 2185.91 2182.56
11 Tumors 94.88 94.83 9527 9559 9598 96.20 6064.67 5556.38 4615.02 4242.11 4200.34 4151.43
Lung Cancer 95.67 9576 95.89 9732 96.93 96.90 6058.01 4725.73 4576.19 3378.46 3369.11 3347.58
Overall Mean 9197 90.23 90.48 91.06 92.16 94.22 1168.29 859.18 882.62 668.07 666.61 660.41

the KNN classifier has been used by the proposed bSSA to
select the optimal feature subset. The k value of KNN is
empirically set to 4 and the data set is divided into training,
validation, and test sets based on K — fold cross-validation.
To validate the efficiency of the proposed bSSA, K — 1 fold
has been used for training and validation and the rest for
testing. This process is repeated N times. So, each method
is evaluated K x N times for each data set. The proposed
model uses 60% data for training, 20% for validation, and
remaining 20% for testing. The data in training, validation,
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and test set will be completely different which reduces the
chances of over-fitting.

The efficiency of the proposed bSSA has been evaluated
in terms of average accuracy, average count of selected fea-
tures, mean computational time, mean error rate. Further,
to experimentally validate its performance, it is compared
with bGA [24], bCSO [25], bGWO [26], bCSA [28], and
bBCS [29]. The experiments are performed using a com-
puter with 2.35 GHz with Core i3 processor, 8 GB of RAM
and Matlab 2017b. The parameter settings of considered
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TABLE 7. Results for fastiCA-based transformed (20%) of test datasets.

Mean Accuracy

Mean number of selected features

Dataset bGA  bCSO bGWO bCSA bBCS bSSA bGA  bCSO bGWO bCSA bBCS bSSA
Breastcancer 9698 96.97 9695 96.60 97.19 97.93 6.02 626 632 610 547 5.03
BreastEW 95.55 94.04 9524 9557 9730 9747 1898 1791 1940 1391 1524 11.16
CongressEW 96.67 94.81 9537 96.16 97.08 97.56 6.02 7.07 806 699 6.00 4.08
HeartEW 8135 7696 77.04 7650 77.21 85.06 813 717 663 896 645 5.88
IonosphereEW 9270 84.70 86.85 87.64 88.87 96.66 1593 17.79 20.12 20.64 1420 10.90
SonarEW 91.47 81.80 82.82 8553 87.86 96.10 35775 4515 3847 3920 44.85 29.25
WineEW 9337 91.80 93.07 9391 98.14 99.39 9.12 857 9.8 851 873 647
Vote 9438 91.65 93.68 93.82 9337 97.95 7.01 822 729 706 644 397
Tic-tac-toe 76.26 7551 7477 7659 7775 80.20 721 724 826 7.06 742 493
Zoo 97.85 9790 98.95 97.62 97.39 99.02 623 658 615 639 532 511
SpectEW 8529 8553 8593 8624 86.92 87.98 921 939 924 915 931 897
PenglungEW 9292 9256 92.86 93.46 93.68 93.94 184.75 136.05 126.31 135.76 118.86 118.12
Prostate Tumor 9425 94.03 9427 9477 9521 95.10 5048.502309.83 3754.72 2108.90 2169.51 2166.12
11 Tumors 9550 95.44 95.88 96.21 96.61 96.83 6013.12 5509.15 4575.79 4206.05 4164.64 4116.14
Lung Cancer 96.29 96.39 96.51 9795 97.56 97.63 6000.46 4680.84 4532.72 3346.36 3337.11 3315.78
Overall Mean 92.05 90.01 90.67 91.24 91.24 94.54 1158.43 851.81 875.24 662.07 661.30 654.79

TABLE 8. Performance analysis of the proposed and existing methods on PCA-fastICA based transformed (20%) of test datasets.

Mean Accuracy

Mean number of selected features

Dataset bGA  bCSO bGWO bCSA bBCS bSSA bGA bCSO bGWO bCSA bBCS bSSA
Breastcancer 97.16 97.06 97.10 96.86 97.43 98.31 589 597 583 594 507 4.67
BreastEW 96.00 94.73 9597 96.10 96.96 98.03 1724 18.06 18.11 13.06 13.20 10.76
CongressEW 97.00 9580 95.86 96.19 9729 98.16 6.02 653 8.01 694 595 3.85
HeartEW 82.18 77.13 77.07 77.00 7793 8543 784 710 599 809 521 5.03
IonosphereEW 93.17 8799 8742 8843 93.11 97.62 15.64 16.77 18.73 20.60 13.46 10.69
SonarEW 92.17 85.09 8392 8639 8852 96.83 33.17 41.20 3521 40.62 4229 23.21
WineEW 94.83 93.17 9429 9486 9891 99.43 9.01 8.11 9.09 802 794 598
Vote 95.11 9218 9396 9420 93.86 98.12 6.64  7.11 7.01 687 619 397
Tic-tac-toe 7721 76.60 75.10 77.18 7820 81.27 695 7.04 797 677 710 472
Zoo 98.03 9825 99.01 98.12 97.75 99.40 6.01 578 598 612 523 498
SpectEW 85.84 86.09 86.49 86.80 89.49 93.95 9.13 931 9.16 9.07 923 889
PenglungEW 9352 93.16 9347 94.06 9429 94.85 183.00 134.76 125.11 134.47 117.73 116.01
Prostate Tumor 94.86 94.64 9488 9539 95.83 96.72 5010.64 2292.51 3726.56 2093.08 2153.24 2139.80
11 Tumors 96.12 96.06 96.51 96.83 97.24 98.46 5962.01 5462.33 4536.90 4170.30 4129.24 4001.15
Lung Cancer 96.92 97.01 97.14 9859 9820 98.77 5943.46 4636.37 4489.66 3314.57 3305.40 3204.28
Overall Mean 92.68 91.00 9121 91.80 92.80 95.99 1148.18 843.93 867.29 656.30 655.09 648.60

algorithms have been depicted in Table 2. As metaheuristic
algorithms return different values in different runs, to reduce
the randomization effect each algorithm has been executed
30 times and their mean values are used for comparison.
For better comparison and show the importance of feature
representation, the performance of bSSA has been evalu-
ated on original test datasets (with and without optimal fea-
tures) and transformed test datasets using PCA, fastICA and
PCA-fastICA and depicted in Tables 4 - 8. The mean accuracy
of all the considered methods over original datasets (with
all features) have been tabulated in Table 4. It is pertinent
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from the table that the proposed bSSA achieves the optimal
accuracy of 91.30%. The average number of features selected
and accuracy of the bSSA over original datasets with optimal
features are shown in Table 5. It is seen in the table that bSSA
returns the best accuracy using the lowest number of features
for 90% of the datasets.

Furthermore, to evince the importance of feature trans-
formation, the proposed bSSA has been tested on PCA,
fastiCA, and PCA-fastlICA based transformed datasets.
Table 6 - Table 8§ depicts the mean number of features
selected and accuracy of PCA, fastICA, and PCA-fastICA
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TABLE 9. The mean computational time (in seconds) of original and PCA-fastICA-based transformed datasets.

Standard dataset

Transformed dataset

Dataset bGA bCSO bGWO bCSA bBCS bSSA bGA  bCSO bGWO bCSA bBCS bSSA
Breastcancer 46.53 45.68 4356 46.75 48.08 41.83 4501 46.53 4273 46.03 48.60 41.16
BreastEW 39.19 40.67 35.71 41.11 3815 37.73 41.06 40.14 36.76 4127 3836 36.16
CongressEW 3931 3940 37.88 41.71 37.58 36.98 36.83 38.00 39.10 41.08 36.87 35.04
HeartEW 30.84 30.41 27.39 29.85 30.62 24.75 28.82 2790 27.39 2990 27.14 24.59
IonosphereEW 28.13  29.11 27.17 2896 3126 24.71 26.67 28.79 2834 29.02 31.15 24.55
SonarEW 26.67 30.55 2593 2790 3047 24.53 26.89 2727 3037 2821 3192 25.28
WineEW 17.44 26.11 3143 24.12 29.02 19.57 29.84 2936 25.13 2351 2032 17.16
Vote 21.88 21.06 2393 2048 2081 21.44 17.45 1879 18.01 2025 19.04 14.40
Tic-tac-toe 36.87 25.87 25.08 2501 29.82 26.66 2793 30.23 2879 2452 26.12 22.25
Zoo 18.01 1882 19.83 1839 17.84 14.29 1634 1770 16.71 19.05 15.78 13.38
SpectEW 19.14 20.01 21.08 19.55 1496 15.19 17.37 18.82 17.76 2025 16.77 14.22
PenglungEW 47.04 46.18 44.04 4726 48.61 42.29 4551 47.04 4320 4654 49.13 41.61
Prostate Tumor 9607.87 5991.01 8070.56 5026.22 5012.31 4911.03 | 9545.42 5952.07 8018.10 4993.55 4979.73 4879.11
11 Tumors 27128.421700.821135.6318603.6118406.2117985.32| 26965.621570.621008.8218491.998295.717877.41
Lung Cancer 33490.2826100.626788.261815.421459.220963.25| 33205.585878.826560.5€1630.021276.820785.06
Overall Mean 4706.51 3611.10 3757.17 3054.42 3017.27 2945.97 | 4671.76 3584.81 3739.45 3032.35 2994.24 293.43

TABLE 10. The mean error values returned by the proposed bSSA over original and PCA-fastiCA-based transformed datasets.

Standard dataset

Transformed dataset

Dataset bGA  bCSO bGWO bCSA bBCS bSSA bGA  bCSO bGWO bCSA bBCS bSSA

Breastcancer 0.0415 0.0404 0.0404 0.0394 0.0404 0.0384 0.0404 0.0404 0.0415 0.0404 0.0415 0.0344
BreastEW 0.0364 0.0374 0.0293 0.0303 0.0283 0.0364 0.0404 0.0394 0.0415 0.0384 0.0374 0.0283
CongressEW 0.0324 0.0364 0.0354 0.0313 0.0303 0.0283 0.0344 0.0334 0.0324 0.0344 0.0293 0.0283
HeartEW 0.1284 0.1324 0.1365 0.1304 0.1304 0.1274 0.1385 0.1324 0.1314 0.1335 0.1304 0.1254
IonosphereEW 0.1021 0.1223 0.0920 0.1021 0.0900 0.0698 0.1112 0.1223 0.1001 0.1062 0.1072 0.0708
SonarEW 0.1031 0.1021 0.0981 0.1132 0.0971 0.0728 0.1031 0.1041 0.1031 0.1001 0.0849 0.0718
WineEW 0.0293 0.0313 0.0354 0.0394 0.0425 0.0303 0.0354 0.0334 0.0354 0.0415 0.0344 0.0273
Vote 0.0415 0.0293 0.0394 0.0455 0.0394 0.0303 0.0435 0.0465 0.0374 0.0384 0.0324 0.0283
Tic-tac-toe 0.2143 0.2224 0.2538 0.2234 0.2133 0.2113 0.2032 0.2133 0.2012 0.2153 0.2052 0.1860
Zoo 0.0415 0.0313 0.0364 0.0384 0.0394 0.0263 0.0384 0.0415 0.0384 0.0364 0.0303 0.0273
SpectEW 0.1477 0.1523 0.1570 0.1500 0.1500 0.1465 0.1593 0.1523 0.1511 0.1535 0.1500 0.1442
PenglungEW 0.0830 0.0586 0.0788 0.0910 0.0788 0.0606 0.0870 0.0930 0.0748 0.0768 0.0648 0.0566
Prostate Tumor 0.0623 0.0440 0.0591 0.0683 0.0591 0.0415 0.0653 0.0698 0.0561 0.0576 0.0486 0.0425
11 Tumors 0.0463 0.0451 0.0451 0.0440 0.0451 0.0429 0.0451 0.0451 0.0463 0.0451 0.0463 0.0384
Lung Cancer 0.0406 0.0417 0.0327 0.0338 0.0316 0.0406 0.0451 0.0440 0.0463 0.0429 0.0417 0.0316
Overall Mean 0.0766 0.0751 0.0786 0.0743 0.0671 0.0793 0.0807 0.0758 0.0773 0.0758 0.0723 0.0627

transformed datasets. It can be visualized from the tables that
the proposed bSSA with PCA-fastICA outperform others.
The overall mean accuracy and number of features selected,
returned by bSSA on PCA-fastICA transformed dataset is
95.26% and 7.78 respectively. If the average accuracy and
average number of features selected in all tables (refer
Table 4, 5, 6, 7, and 8) are compared, it can be seen that
bSSA shows very excellent results in the transformed data
sets, especially in the PCA-fastICA transformed datasets.
Moreover, bSSA also perform better than other if no feature
representation method such as PCA, fastICA, PCA-fastICA
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is used. Thus, from the above analysis, it can be perti-
nent that the feature representation generally enhances the
performance.

Furthermore, the mean computational time of all the con-
sidered methods is also compared to assess the computa-
tional efficiency of the proposed bSSA. The computational
time of all the considered methods are depicted in Table 9.
Reported results indicate that bSSA is computationally effi-
cient than other considered methods. Further, the error rates
are also computed and shown in Table 10. Table 10 shows
that the proposed bSSA returns the least error values for five
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TABLE 11. Results of the Wilcoxon test for statistically significance level at « = 0.05.

Datasets bSSA-bGA bSSA-CSO bSSA-bGWO bSSA-bCSA bSSA-bBCS
p —value SIG p —wvalue SIG p —value SIG p —value SIG p —value SIG
Breastcancer 3.60E-10 + 3.21E-10 + 8.26E-11 + 1.97E-09 + 4.02E-08 +
BreastEW 1.53E-08 + 3.94E-09 + 2.32E-09 + 1.11E-10 + 3.54E-09 +
CongressEW 3.34E-08 + 1.31E-08 + 1.39E-10 + 1.22E-09 + 4.47E-02 +
HeartEW 3.63E-09 + 6.63E-09 + 2.56E-09 + 2.86E-02 - 1.52E-11 +
IonosphereEW 3.59E-13 + 2.76E-07 + 3.90E-09 + 2.68E-13 + 2.39E-06 +
SonarEW 4.54E-07 + 2.80E-08 + 1.32E+00 + 1.63E+00 + 5.45E-06 +
WineEW 1.12E-10 + 7.98E-12 + 5.54E-07 + 3.17E-06 + 4.42E-08 +
Vote 8.81E-14 + 1.07E-14 + 4.85E-11 + 1.97E-10 + 8.50E-13 +
Tic-tac-toe 1.88E-07 + 2.37E-05 + 0.00E+00 + 3.61E-08 + 1.92E-09 +
Zoo 7.26E-10 + 3.35E-10 + 2.77E-08 + 4.44E-07 + 1.39E-09 +
SpectEW 9.49E-11 + 9.49E-08 + 3.45E-07 + 3.85E-08 + 5.75E-09 +
PenglungEW 4.66E-09 + 5.33E-07 + 1.27E-07 + 3.80E-09 + 2.68E-07 +
Prostate Tumor | 6.77E-07 + 1.02E-06 = 4.07E-06 = 2.86E-10 + 4.09E-10 +
11 Tumors 7.75E-11 + 1.33E-10 + 6.45E-01 + 6.83E-06 + 2.40E-09 +
Lung Cancer 1.67E-06 + 3.34E-10 + 1.43E-09 + 4.92E-06 + 2.08E-08 +

100 -
‘ - %
98 +
S ! E E] 1
= 9% - + ‘
8 LT +
8 1
3 94 +
2 L
92 |
n 1
0L T . .
bGA bCSO bGWO bCSA bBCS bSSA
Methods
(a)
100 T+ %
. &
<
g % ¢ - +
HEEE
> T ;1
(5]
MR
90 ‘ +
88t . L . . . .
bGA bCSO bGWO bCSA bBCS bSSA

Methods
(c)

8
+H[[H

Accuracy(%)
8

o]
o

=i
L
+

L
ST

T

bGA bCSO bGWO bCSA bBCS bSSA

Methods
(b)

100
9 r

T

T e

Ei

T

< o8t
)
® 97 |
3 |
2 96 | I |
sl 1 L
oL +
94t +
bGA bCSO bGWO bCSA bBCS bSSA
Methods
(d)

FIGURE 2. Box plot graphs for the accuracy of original dataset (a) BreastEW,
(b) lonosphereEW, (c) WineEW, and (d) Zoo dataset.

original and nine transformed datasets. bBCS, bCSO, and
bGA show better efficiency over BreastEW, WineEW, and
Vote datasets.

Moreover, wilcoxon rank sum is also conducted in Table 11
to statistically validate the efficacy of the proposed bSSA with
feature transformation. Table 11 shows the corresponding
p — value along with SIG (significance). Significance level
is decided by comparing p — value and level of significance
a. The null hypothesis is accepted if p — value > 0.05
and symbolized by ‘=’ else, it is denied and represented by
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‘+’ or ‘=’ symbol based on p — value. In table, ‘+’ sign
means that the proposed algorithm is significantly different
and better, ‘=" means there is no significant (major) differ-
ence and ‘—’ indicates that the compared algorithm is better
than the proposed algorithm. It can be observed from the
table that there are ‘+’ for maximum number of datasets
which means the proposed bSSA with feature transformation
is significantly different and better than other considered
algorithms. There are a few datasets such as HeartEW for
which bCSA shows better performance than the proposed
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FIGURE 3. Box plot graphs for the number of selected features of original dataset
(a) BreastEW, (b) lonosphereEW, (c) WineEW, and (d) Zoo dataset.
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FIGURE 4. Box plot graph to measure the consistency of accuracy for PCA-fastICA-based
transformed datasets (a) BreastEW, (b) lonosphereEW, (c) WineEW, and (d) Zoo dataset.

algorithm and Prostate Tumor for which bGWO and bCSA
show similar performance.

Moreover, box plot graphs have also been drawn to
appraise the consistency and stability of all the consid-
ered methods. The box plots show the distribution of
data graphically and are generally used to analyze any
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method’s consistency. One may quickly discover the sym-
metry, median, and skewness of box plots. To analyze the
consistency, box plot graphs for original and PCA-fastiICA
based transformed datasets are plotted in Figs. 2 - 5. In the
box plot, x-axis represents the method’s name and the y-axis
depicts the respective performance criterion. It is perceived
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FIGURE 5. Box plot graphs to measure the consistency in the selected features of

PCA-fastiCA-based transformed datasets.

from the box plots that bSSA shows a minimal variation
in the transformed data set based on PCA-fastICA. If the
box plot graphs of original datasets, datasets with optimal
features, and transformed datasets are examined, then the pro-
posed bSSA feature selection method’s consistency on PCA-
fastICA-based transformed datasets can be easily observed.
Hence, from the experimental analysis, the superiority of the
proposed bSSA is observed.

VI. CONCLUSION

This paper introduced a new binary salp swarm algo-
rithm (bSSA) to select the relevant features of a data set.
To select the optimal feature set, the proposed bSSA first
transforms the original data using PCA-fastICA based trans-
formed datasets followed by feature selection steps. As the
feature selection methods only reduce the unnecessary and
unimportant features, not the correlated and higher-order
dependencies among features. Therefore, to eradicate redun-
dancy, correlation, and dependency among features simul-
taneously, the proposed bSSA first transforms the datasets
using PCA-fastICA and then selects the optimal features.
The proposed bSSA attains the mean accuracy of 93.97%,
94.56%, and 94.73% over original, PCA, ICA-based trans-
formed datasets respectively. The proposed feature selection
method achieves 95.26% mean accuracy using 7.78 features
on PCA-fastICA transformed datasets. From the statistical
and empirical analysis, it is found that the proposed bSSA
feature selection method outperforms the existing methods
for the majority of the performance measures. The proposed
IWOA employs random choices to find the optimal solu-
tion, which means that the computing time and the solution

VOLUME 9, 2021

quality are actually random variables. Due to this stochas-
tic nature, its rigorous analysis would be very difficult.
Moreover, the efficiency of the proposed bSSA with feature
transformation may reduce on high dimensional imbalanced
dataset since training, validation, and testing set could contain
a different number of instances.

Future work may enhance the accuracy using a multi-label
feature selection approach. New and more efficient variant
of SSA and other meta-heuristics may perform better with
fine tuning of control parameters. Moreover, multi-objective
fitness function could also be used for improving the
efficacy.
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