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 ABSTRACT The algorithm used in the feature selection process is Hybrid Binary Grey Wolf Optimizer-Binary 
Sine Cosine Algorithm (HBGWO-BSCA). The dataset used for the HBGWO-BSCA is Parkinson's. This dataset 
is used because Parkinson's disease is one of the most frequently discussed diseases throughout the world. The aim 
of this paper is to find out what features are used in the process of predicting Parkinson's disease. The HBGWO-
BSC feature selection algorithm was proven to be able to increase the accuracy value of the KNN classification 
algorithm by 92%, while the HGWO-SCA only obtains an accuracy of 88%. The value of the HBGWO-BSCA is 
higher than that of HGWO-SCA because the relationship between features selected with the HBGWO BSCA is 
more accurate than that of the Hybrid Grey Wolf Optimizer-Sine Cosine Algorithm (HGWO-SCA). This proves 
that the HBGWO-BSC feature selection algorithm obtains the highest accuracy, precision, recall and F1-Score 
values compared to the HGWO-SCA. The HBGWO-BSCA in feature selection uses parameters N and alpha with 
parameter value ranges N= 9-11 and alpha=2-8. HBGWO-BSCA is an algorithm used for the feature selection 
process in datasets that already have labels or classes. 
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I. INTRODUCTION 
arkinson's disease (PD) is one of the most frequently 
discussed diseases recently throughout the world. 

Parkinson's is a progressive neurodegenerative disease 
associated with impaired motor skills [1–3]. This disease has 
main symptoms that can be recognized from its characteristics, 
such as shivering when resting, then slowing body movements, 
attacks of muscle contractions, abnormalities when the sufferer 
stands and reflexes that cannot maintain balance [4]. Detecting 
PD early is very important because the price of the drug is still 
expensive and not easy to get without a prescription from a 
doctor. PD, which is a chronic neurodegenerative disease and a 
progressive neurodegenerative disease is the second most 
prevalent neurodegenerative disorder after Alzheimer's, and it 
is associated with damage to nigrostriatal dopaminergic 
neurons [2, 3]. Early detection of Parkinson's disease allows 
patients to receive timely treatment, potentially reducing the 
severity of its symptoms [7–9]. In this research, we will use the 
PD dataset obtained from the URL address: 
https://archive.ics.uci.edu/dataset/174/parkinson based on 
research of several scientists including determining appropriate 

features to be used in classification algorithms. The feature 
selection algorithm is used to find which features in the PD 
dataset are most related to getting the best accuracy, precision, 
recall and F1-Score values. The feature selection algorithm 
used in PD is a combination of two feature selection 
algorithms, namely the Binary Grey Wolf Optimizer (GWO) 
algorithm and the Binary Sine Cosine Algorithm (BSCA). This 
algorithm is called the Hybrid Binary Grey Wolf Optimizer-
Binary Sine Cosine Algorithm (HBGWO-BSCA). The task of 
the HBGWO-BSCA is to find the features that are most related 
to each other so that these features can produce the best 
accuracy values when used in the classification algorithm. PD 
is a dataset used to search for features that will later be used in 
classification algorithms. HBGWO-BSCA will carry out 
feature selection using the wrapper feature selection method. 
The wrapper method is a method that is considered the best 
filter method because this method determines a subset of 
features depending on the classifier. In addition, the wrapper 
computing method has a higher level of sensitivity to the 
classifier, because this method focuses on the classifier that we 
provide to achieve optimal transfer function values [10]. The 
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wrapper method is a method that uses directly the classification 
performance of a data classifier to evaluate the capabilities of a 
classification algorithm. This method was chosen to achieve 
better accuracy values in the classification algorithm [11]. The 
wrapper method is usually used in classification algorithms 
where the goal is to evaluate a dataset repeatedly from a subset 
of features selected in the dataset so that features that are 
interdependent will be selected and those that will not be 
removed, so that the selected features will be processed in the 
classification algorithm [12]. HBGWO-BSCA is a hybrid 
feature selection algorithm that uses the wrapper method. This 
paper consists of 5 important research sections. Section 2 
discusses the research related papers. Section 3 highlights the 
methods used. Section 4 describes the data processing process 
and displays the results of the experiments conducted. Section 
5 displays and summarizes the results obtained. 
 
II. RELATED WORK 
As technology develops, machine learning is now widely used 
to see, predict and make decisions using machine learning as a 
reference. That is why the development of machine learning is 
currently progressing rapidly. 

A.  FEATURE SELECTION 
Feature selection (FS) is the most important procedure in 
machine learning because FS can reduce the complexity of the 
model used and can simplify the interpretation of the features 
to be used [13]. The primary objective of FS is to enhance data 
pre-processing by reducing the number of features in the 
dataset, thereby simplifying the data to lower the classification 
error rate [14]. FS can also be used to represent features in a 
dataset in a certain problem domain with a subset of features 
that have been selected by an optimization algorithm to obtain 
optimal values, so that the resulting accuracy value is higher 
than without using FS [15]. FS comprises three approaches: the 
filter method, the wrapper method, and the embedded method 
[16]. 

B. FILTER METHOD 
The filter method is an FS method that uses feature relevance 
evaluation through univariate statistics such as correlation 
coefficient, Fisher score, or mutual information. The feature 
search filter method performs statistical analysis on a set of 
features by ranking each feature from a set of data [17]. 

C. WRAPPER METHOD 
The wrapper method is a method that is considered the best 
filter method because this method determines a subset of 
features depending on the classifier. In addition, the wrapper 
computing method has a higher level of sensitivity to the 
classifier, because this method focuses on the classifier that we 
provide to achieve the optimal transfer function value [10]. The 
wrapper method in feature selection uses several approaches 
such as using several metaheuristic algorithms such as Particle 
Swarm Optimization (PSO), Dragonfly Algorithm (DA), Grey 
Wolf Optimizer (GWO), African Buffalo Optimization (ABO), 
Imperialist Competitive Algorithm (ICA) [18]. 

D. GREY WOLF OPTIMIZER (GWO) 
It integrates a metaheuristic algorithm based on the hierarchical 
structure and social dynamics exhibited by Grey wolves while 
hunting their prey [19]. The GWO algorithm is designed based 

on the hunting behavior of Grey wolves, where a group of 
wolves establishes a hierarchy for task assignment during their 
search for prey [20]. Grey wolves divide four levels of 
leadership in their hunting group, including: [21]. 
 Alpha level (α): The Grey wolf seeks the solution with the 

best objective value in finding prey. 
 Beta Level (β): The Grey wolf at this second level is 

looking for the second best objective value solution in 
finding prey. 

 Delta Level (δ): The Grey wolf at this third level is looking 
for the third best objective value solution in finding prey. 

 Omega Level (ω): This Grey wolf in the fourth level looks 
for all other best solutions, therefore, three wolves in levels 
1,2,3 are the right choice α, β, and δ is responsible for 
guiding the ω level wolves in determining the prey hunting 
mechanism. 

 
Figure 1. Hierarchical of Grey Wolf Algorithm (GWO) [22]. 

 
The siege behavior of Grey wolves in hunting can be 

expressed mathematically as follows [23]: 
 

𝐷ሬሬ⃗ = ቚ𝐶.ሬሬሬ⃗ 𝑋⃗௣(೟) − 𝑋⃗(𝑡)ቚ ,                               (1) 

𝑋⃗(𝑡 + 1) = 𝑋⃗௣(೟) − 𝐴. 𝐷ሬሬ⃗  .                             (2) 
 

For variable t is the number of iterations, then variable Xሬሬ⃗  is 
the position of the Grey wolf, vector 𝑋⃗௣ is the vector position 

of the prey and the variables Aሬሬ⃗ , Cሬ⃗ , and 𝐷ሬሬ⃗  are the vector 
coefficient values from the following formula: 

 

𝐴 ሬሬሬ⃗ = 2𝑎⃗. 𝑟1ሬሬሬሬ⃗ − 𝑎⃗ ,                                  (3) 

𝐶 ሬሬሬ⃗ = 2𝑟2ሬሬሬሬ⃗  ,                                      (4) 

𝑎⃗ = 2 − 𝑡.
ଶ

ெ௔௫ூ௧௘௥
 .                               (5) 

 
Variables r1ሬሬሬሬ⃗  and r2ሬሬሬሬ⃗  have random values from 0, 1, and for 

variable 𝑎⃗ is the value of subtracting the iteration value from 2 
– the value of the iteration variable. Next, based on the formula 
above, the GWO algorithm has three (3) levels and starts from 
level one to level three (α, β, and δ) and can be simulated as in 
the following formula [24]: 
 

൞

𝐷ఈ
ሬሬሬሬሬ⃗ = ห𝐶ଵ

ሬሬሬሬ⃗ . 𝑋ఈ
ሬሬሬሬ⃗ − 𝑋⃗ห

𝐷ఉ
ሬሬሬሬ⃗ = ห𝐶ଵ

ሬሬሬሬ⃗ . 𝑋ఉ
ሬሬሬሬ⃗ − 𝑋⃗ห

𝐷ఋ
ሬሬሬሬ⃗ = ห𝐶ଵ

ሬሬሬሬ⃗ . 𝑋ఋ
ሬሬሬሬ⃗ − 𝑋⃗ห

 ,                             (6) 

൞

𝑋⃗ଵ = ห𝑋ఈ
ሬሬሬሬ⃗ − 𝐴ଵ. 𝐷ሬሬ⃗ ఈห

𝑋⃗ଶ = ห𝑋ఉ
ሬሬሬሬ⃗ − 𝐴ଶ. 𝐷ሬሬ⃗ ఉห

𝑋⃗ଷ = ห𝑋ఋ
ሬሬሬሬ⃗ − 𝐴ଷ. 𝐷ሬሬ⃗ ఋห

 ,                           (7) 

𝑋⃗(𝑡 + 1) =
௑ଵሬሬሬሬሬ⃗ ା௑ଶሬሬሬሬሬ⃗ ା௑ଷሬሬሬሬሬ⃗

ଷ
 .                           (8) 

α
β
δ
ω
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The variables 𝑋ఈ
ሬሬሬሬ⃗ , 𝑋ఉ

ሬሬሬሬ⃗ , 𝑋ఋ
ሬሬሬሬ⃗  indicate the position of the Grey 

wolf pack from the levels of agent α, agent β and agent δ. Next, 

the variable 𝑋⃗ shows the set of existing solutions. Then the 

variables 𝑋1ሬሬሬሬሬ⃗ , 𝑋2ሬሬሬሬሬ⃗ , 𝑋3ሬሬሬሬሬ⃗  show the direction and steps of agent ω 
towards agent α, agent β and agent δ. The following is the 
pseudocode of the GWO algorithm based on the formula above. 
 
GWO Pseudocode [25] 

1 Initialize the Grey wolf population X୧(i = 1,2, … n) 

2 Initialize Parameter 𝐴, 𝑎 𝑑𝑎𝑛 𝐶 

3 Calculate the fitness of each search agent 

4 𝑋ఈ
ሬሬሬሬ⃗ ~𝑡ℎ𝑒 𝑏𝑒𝑠𝑡 𝑠𝑒𝑎𝑟𝑐ℎ 𝑎𝑔𝑒𝑛𝑡

  

5 𝑋ఉ
ሬሬሬሬ⃗ ~𝑡ℎ𝑒 𝑠𝑒𝑐𝑜𝑛𝑑 𝑏𝑒𝑠𝑡 𝑠𝑒𝑎𝑟𝑐ℎ 𝑎𝑔𝑒𝑛𝑡

  

6 𝑋ఋ
ሬሬሬሬ⃗ ~𝑡ℎ𝑒 𝑡ℎ𝑖𝑟𝑑 𝑏𝑒𝑠𝑡 𝑠𝑒𝑎𝑟𝑐ℎ 𝑎𝑔𝑒𝑛𝑡

  

7 While t < 𝑀𝑎𝑥 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 

8  For each search agent

  

9   Update the position of the current search 

agent by equation 6, 7, 8 

10   End For 

11 update parameter GWO (𝐴, 𝑎 𝑎𝑛𝑑 𝐶) 

12 Calculate the fitness of all search agents 

13 Update 𝑋ఈ
ሬሬሬሬ⃗ , 𝑋ఉ

ሬሬሬሬ⃗ , 𝑋ఋ
ሬሬሬሬ⃗   

14 t=t+1 

15 End While 

16 Return 𝑋ఈ
ሬሬሬሬ⃗  

The pseudocode above is an algorithm from GWO, but over 
time the GWO algorithm has changed with updates to the GWO 
algorithm called the Binary Grey Wolf Optimizer (BGWO) 
algorithm. BGWO Algorithm Optimization Algorithm is used 
to handle mathematical calculation optimization problems and 
find the best features [21]. The optimization algorithm requires 
the identification of two main components, namely the 
evaluation function (suitability) and the solution 
representation. The primary aim of feature search is to identify 
a minimal subset of features, reducing memory and processor 
usage while maximizing accuracy in the classification 
algorithm. Therefore, feature selection is known as a multi-
objective optimization problem [26].  

The BGWO algorithm is included in the feature selection 
optimization algorithm. However, for feature selection 
problems, the search space is represented using binary coding 
[0, 1]. The position vector contains only 0 and 1, the modified 
update method is essential to select features that are related to 
each other. This is done by utilizing various transfer functions 
to convert continuous values into binary-based values. Transfer 
functions are used to provide possible changes to the position 
vector in binary space. Increasing/decreasing the speed at 
high/low probability levels for position updates is a key factor 
in selecting the transfer function. Therefore, choosing an 
appropriate transfer function by converting the continuous 

search space into binary values is very important [7]. The 
transfer function value is obtained from the sigmoid function 
which will update the position of the Grey wolf. The following 
is the sigmoid function used in the BGWO algorithm. 
 

𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑋⃗) =
ଵ

ଵା௘షభబ(ೣషబ.ఱ) .                    (9) 

 
Now, let us confirm the latest position of the Grey wolf by 

giving the value [0-1], and update it by using the following Eq. 
10. 
 

𝑆𝑋⃗(t + 1) = f(x) = ൝1, sigmoid ቀ
௑ଵሬሬሬሬሬ⃗ ା௑ଶሬሬሬሬሬ⃗ ା௑ଷሬሬሬሬሬ⃗

ଷ
ቁ ≥ rand 

0, otherwise                                  
 .      (10) 

 

The value of the variable 𝑋⃗(t + 1) is an additional variable 
used to update the position of the Grey wolf towards the food 

source. 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑋⃗) variable value (𝑋⃗) is changed to 
௑ଵሬሬሬሬሬ⃗ ା௑ଶሬሬሬሬሬ⃗ ା௑ଷሬሬሬሬሬ⃗

ଷ
 

so that the value is 1 if the resulting sigmoid value is greater 
than the rand value and will be 0 if it is smaller or equal to the 
rand value. The pseudocode of the BGWO algorithm is as 
shown below. 

 
BGWO Pseudocode [7] 

1 Initialize the value of the N Grey wolf variable from 

the population of 𝑋௜(𝑖 = 1,2, … 𝑛) 

2 Initialize Parameter 𝐴, 𝑎 𝑎𝑛𝑑 𝐶 

3 Calculate the fitness of each search agent 

4 𝑋ఈ
ሬሬሬሬ⃗ ~𝑡ℎ𝑒 𝑏𝑒𝑠𝑡 𝑠𝑒𝑎𝑟𝑐ℎ 𝑎𝑔𝑒𝑛𝑡

  

5 𝑋ఉ
ሬሬሬሬ⃗ ~𝑡ℎ𝑒 𝑠𝑒𝑐𝑜𝑛𝑑 𝑏𝑒𝑠𝑡 𝑠𝑒𝑎𝑟𝑐ℎ 𝑎𝑔𝑒𝑛𝑡

  

6 𝑋ఋ
ሬሬሬሬ⃗ ~𝑡ℎ𝑒 𝑡ℎ𝑖𝑟𝑑 𝑏𝑒𝑠𝑡 𝑠𝑒𝑎𝑟𝑐ℎ 𝑎𝑔𝑒𝑛𝑡

  

7 While t < 𝑀𝑎𝑥 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 

8  For each search agent

  

9  Update the position with the t value using the 

equation 6, 7, 8 

10  Calculate the position of each Grey wolf 

equation 9, 10 

11  End For 

12 Update parameter BGWO (𝐴, 𝑎 𝑎𝑛𝑑 𝐶) 

13 Update 𝑋ఈ
ሬሬሬሬ⃗ , 𝑋ఉ

ሬሬሬሬ⃗ , 𝑋ఋ
ሬሬሬሬ⃗   

14 𝑡 = 𝑡 + 1 

15 End While 

In the pseudocode above there is a difference between the 
GWO algorithm and the BGWO algorithm. The difference lies 
in the algorithm as in equation 10 which the GWO algorithm 
does not have. The equation will convert values from float or 
decimal to binary numbers [0-1]. This equation has been shown 
to enhance the fitness function value, consequently improving 
the accuracy of the classification algorithm. 
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E.  SINE COSINE ALGORITHM (SCA) 
SCA is a multi-agent based optimization algorithm whose role 
is to update rules based on the mathematical trigonometric sine 
and cosine functions. In general, this algorithm is very simple 
from a mathematical and algorithmic point of view. Similar to 
other meta-heuristic optimization techniques, SCA starts the 
search process by creating a set of search solutions/agents that 
are randomly positioned in the search space. Next, this solution 
is assessed through the use of an objective function [27]. After 
that the algorithm saves the best solution obtained so far, marks 
it as a location point and the solution is updated to produce a 
new solution according to the sine and cosine functions [28]. 
This optimization procedure will repeat continuously until it 
finally stops when the maximum number of iterations is 
reached [29]. The SCA algorithm was developed by Mirjalili 
and this algorithm is a method based on repeated population 
searches. In the field of stochastic population-based 
optimization methods, there are generally two types of 
processing, namely exploration and exploitation. The SCA 
algorithm makes good use of both strategies [30–32]. During 
the exploration phase, individual solutions are randomly 
combined into a single solution set in order to identify 
promising regions in the search space. However, in the 
exploitation stage, the random solution gradually changes, and 
the range of random changes is much smaller than that in the 
exploration stage. Based on these capabilities, the SCA 
algorithm has been widely used in various fields in machine 
learning [33–35]. The SCA algorithm has a population, where 
each agent in the search can be treated as a vector in the d-
dimensional search space. The search agent in the search space 
will update its position with the help of stochastic equations 
containing sine and cosine trigonometric functions. The 
population in the search space is initialized randomly in the 
boundary search space, using equation 11 in the search agent to 
𝑿𝒊 = (𝑿𝒊𝟏, 𝑿𝒊𝟐, … 𝑿𝒊𝒅) initialized using the following equation 
[35]: 
 

𝑋௜௝ =  𝑋௜௝
௟௕ + 𝑟𝑎𝑛𝑑()൫𝑋௜௝

௨௕ − 𝑋௜௝
௟௕൯, 𝑗 = 1: 𝑑, 𝑖 = 1: 𝑁𝑝 ,   (11) 

where 𝑿𝒊𝒋 the 𝒋 it is the dimension of the 𝒊, 𝑿𝒊𝒋
𝒖𝒃  𝒂𝒏𝒅 𝑿𝒊𝒋

𝒍𝒃 show 

the value's of upper and lower bounds are defined by  𝒊 − 𝒕𝒉 

solution in the 𝒋 − 𝒕𝒉. The 𝒓𝒂𝒏𝒅()function generates random 
numbers uniformly distributed in the range [0, 1], and the 
variable 𝑵𝒑 is the number of agents searching for the 
population [36]. Next, the search agent with the highest Fitness 
Function is considered the best search agent, then the position 
of the best search agent will be used as the destination point. 
After getting the best destination point, another search agent 
updates its position in the search space using the destination 
point as a reference. The following equation is the position 
update equation. 

 
𝑋௜௝

௧ାଵ =  𝑋௜௝
௧ + 𝑟ଵ × 𝑠𝑖𝑛(𝑟ଶ) × ห𝑟ଷ × 𝑃௚

௧ − 𝑋௜௝
௧ ห .         (12) 

𝑋௜௝
௧ାଵ =  𝑋௜௝

௧ + 𝑟ଵ × 𝑐𝑜𝑠(𝑟ଶ) × ห𝑟ଷ × 𝑃௚
௧ − 𝑋௜௝

௧ ห, (13) 

 

where, variable 𝒋=1, and 𝒊=1: 𝑵𝒑 𝑿𝒊 = (𝑿𝒊𝟏, 𝑿𝒊𝟐, … 𝑿𝒊𝒅), 
variable 𝒊 shows the position of the search agent with the 
variable 𝒕 as the number of iterations. 𝑷𝒈

𝒕 = (𝑷𝒈𝟏
𝒕 , 𝑷𝒈𝟐

𝒕 , … 𝑷𝒈𝒅
𝒕 ) 

The variable 𝒈 is a search agent that has found the best fitness 
function and can be taken into consideration as the target 
position for the best value with the 𝒕 value as the iteration value, 
so 𝑻 is the maximum iteration value. The variable value 𝐛 is 
the parameter value given by the user at the beginning and 𝛑 is 
3,14. Then |. | is the modulus operator. The 𝒓𝟏value is a 
function of the iteration of the 𝒕 value and the 𝒓𝟐, 𝒓𝟑𝒂𝒏𝒅 𝒓𝟒 
values are variables with random values, while the 
𝐫𝐚𝐧𝐝()function produces random values. 
 

𝑟ଵ =  b − b ×  ቀ
௧

்
ቁ ,                                    (14) 

𝑟ଶ =  2 × π ×  rand() ,                                 (15) 
𝑟ଷ =  2 × rand() ,                                  (16) 

𝑟ସ = rand() ,                                     (17) 

𝑋௜௝
௧ାଵ = ቊ

𝑋௜௝
௧ାଵ =  𝑋௜௝

௧ + 𝑟ଵ × 𝑠𝑖𝑛(𝑟ଶ) × ห𝑟ଷ × 𝑃௚௝
௧ − 𝑋௜௝

௧ ห    𝑖𝑓 𝑟ସ < 0.5

𝑋௜௝
௧ାଵ =  𝑋௜௝

௧ + 𝑟ଵ × 𝑐𝑜𝑠(𝑟ଶ) × ห𝑟ଷ × 𝑃௚௝
௧ − 𝑋௜௝

௧ ห    𝑖𝑓 𝑟ସ ≥ 0.5
 (18) 

 
If the value of 𝒓𝟒 < 0.5, then the sin formula will be 

executed, but conversely if the value of 𝒓𝟒 ≥ 0.5 then the cos 
formula will be executed. 

 
 Sine Cosine Algorithm (SCA) Pseudocode [35] 

1 Initialize the population {𝑋ଵ, 𝑋ଶ, … , 𝑋ே} 

2 Initialize the parameters associated with SCA  

3 Calculate the objective function value for each search 

agent in the population 

4 Identify the best solution obtained so far as the 

destination point 𝑃௚
௧ 

5 Initialize 𝑡 = 0, where 𝑡 is iteration counter 
6 While Termination criteria is met do 

7  Calculate 𝑟ଵusing Eq. (14) and generate the 

parameters 𝑟ଶ, 𝑟ଷ, 𝑎𝑛𝑑 𝑟ସ randomly 

8 For each search agent do 

9 Update the position of search agents using Eq. (18) 

10 End For 

11 Update the current best solution (or destination 

point) 𝑃௚
௧   

12 𝑡 = 𝑡 + 1 

13 End While 

14 Return the best solution 𝑃௚
௧  

 
The SCA pseudocode above is the SCA algorithm used for 

optimization. The current SCA algorithm has undergone an 
algorithm change to become the Binary Sine Cosine Algorithm 
(BSCA). In the BSCA, a binary equation is added, namely the 
sigmoid algorithm as in the BGWO algorithm. And the 
following is the equation of the sigmoid equation. 

 

𝑆𝑖𝑔𝑚𝑜𝑖𝑑൫𝑃௚
௧൯ =

ଵ

ଵା௘௫௣
షభబ(ು೒

೟ షబ.ఱ)
 ,                  (19) 

𝑋௜௝
(௧ାଵ)

= ൜
1   𝑖𝑓 𝑆𝑖𝑔𝑚𝑜𝑖𝑑൫𝑃௚

௧൯ ≥ 0.5

0  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                       
 ,        (20) 
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𝑆𝑖𝑔𝑚𝑜𝑖𝑑൫𝑃௚
௧൯ is the value of the best agent variable that has 

found the best fitness function value, and the value of this 

variable will be used in determining the values 1 and 0. If the 

variable value 𝑆𝑖𝑔𝑚𝑜𝑖𝑑൫𝑃௚
௧൯ ≥ 0.5 then the value of the 

variable 𝑋௜௝
(௧ାଵ) has a value of 1, but otherwise it would have a 

value of 0. 

 
Binary Sine Cosine Algorithm (BSCA) Pseudocode [37] 

1 Initialize the population {𝑋ଵ, 𝑋ଶ, … , 𝑋ே} 

2 Initialize the parameters associated with SCA  

3 Calculate the objective function value for each search 

agent in the population 

4 Identify the best solution obtained so far as the 

destination point 𝑃௚
௧ 

5 Initialize 𝑡 = 0, where 𝑡 is iteration counter 

6 While Termination criteria is met do 

7  Calculate 𝑟ଵ using Eq. (14) and generate the 

parameters 𝑟ଶ, 𝑟ଷ, 𝑟ସ randomly 

8 For each search agent do 

9  Update the position of search agents using Eq. (19) 

10 End For 

11 Convert to binary using the Eq. (20) 

12 Update the current best solution (or destination 

point) 𝑃௚
௧   

13 𝑡 = 𝑡 + 1 

14 End While 

15 Return the best solution 𝑃௚
௧  

 
III. PROPOSED MODEL 

At this stage a model is created called the Hybrid Binary Grey 

Wolf Optimizer-Binary Sine Cosine Algorithm (HBGWO-

BSCA). The HBGWO-BSCA is inspired by the ensemble 

stacking model where it combines different machine learning 

models to solve the same problem. The HBGWO-BSCA was 

developed by integrating the BGWO and BSC algorithms. In 

this approach, the variables from the BGWO algorithm are 

utilized within the BSCA process to enhance accuracy, 

precision, recall, and F1-Score values, which serves as a 

function of the model ensemble. Next, look for the parameter 

values in the HBGWO-BSCA for parameter N in BGWO and 

Alpha for the BSCA parameter. Determining parameter values 

will be done by entering certain values to produce the lowest 

fitness value which is close to 0. When the global optimum 

value has been obtained, then the dataset is selected for its best 

features using the HBGWO-BSCA, which will then produce 

the best value when testing the HBGWO-BSCA on the K-NN 

and SVM classification algorithms. 

 
Figure 2. HBGWO-BSCA Framework 

 
The process that must be carried out at each step of 

HBGWO-BSCA is Business Understanding and Data 
Understanding, then searching for datasets that will be later 
used in research. Then the existing dataset will go through a 
process called Z-Score normalization. The next step is 
modeling, where this process is the core of the research, namely 
the feature selection process using the HBGWO-BSCA. Then 
the next step is to find the parameter values for the HBGWO-
BSCA to obtain the global optimum value. Determining 
parameter values is adjusted to the number of iteration values 
that have been determined up to the maximum iteration. When 
the iteration value reaches the maximum value, the best global 
optimal position will be updated. The next step is to use the 
selected features for testing by comparing the Hybrid Grey 
Wolf Optimizer-Sine Cosine Algorithm (HGWO-SCA) for 
feature selection with HBGWO-BSCA. This algorithm 
comparison uses the supervised learning algorithm K-Nearest 
Neighbor (KNN) and Support Vector Machine (SVM). The 
results of this comparison show which accuracy, precision, 
recall and F1-Score values are the better of the two algorithms. 
 
IV. RESULTS 
The dataset collection carried out aimed to find public datasets 
that could be used, such as the characteristics of the Parkinson's 
dataset which has 23 features. This is what makes this dataset 
widely used for optimization algorithms. The Parkinson's 
dataset is also included in the supervised learning dataset 
because it has already had a label or status. The Parkinson 
dataset has 23 features and 195 records. The Parkinson's dataset 
is a public dataset that has a fairly high gap value compared to 
several datasets in this research. This is what makes the 
HBGWO-BSCA a challenge that is expected to be able to 
overcome this problem. 

A.  DATA NORMALIZATION 
Data normalization is used to reduce value gaps in data sets 
where the differences are too large. There are several 
normalizations that exist in data normalization, including Batch 
normalization (BN), Cepstral mean and variance normalization 
(CMVN), Weight Normalization (WN), Mean Variance 
Softmax Rescale (MVSR), Z-Score [38, 39]. Each 
normalization has its own advantages. However, in this paper 
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Z-Score normalization is used. Z-Score normalization is often 
referred to as standard score: 
 

𝑧 =  (𝑋 − 𝜇)/𝜎 ,                                          (21) 

 
where 𝑋 is the value in the dataset (the value to be normalized); 
𝜇 is the average value; 𝝈 is the Standard Deviation value. 

The Parkinson dataset has been normalized using the Z-
Score method so that the Parkinson dataset no longer has gap 
values that are too far from each attribute. 

B.  MODEL DESIGN 
Model design is a step taken to find out the model of the 
existing feature selection algorithm by paying attention to the 
following steps. 
 
 Model Search. 

In this step, we look for feature selection models such as the 
Grey Wolf Optimizer (GWO), Binary Grey Wolf Optimizer 
(BGWO), Sine Cosine Algorithm (SCA), and Binary Sine 
Cosine Algorithm (BSCA) feature selection models. Each of 
these algorithm models is usually used to solve mathematical 
methods, feature selection, and optimization. Writing this 
paper uses the HBGWO-BSCA algorithm which is used to 
select features in the Supervised Learning algorithm. The 
model search process is carried out by experimenting with 
combining two algorithms, namely GWO and SCA. There was 
research on this algorithm [42, 43]. Based on this research, the 
BGWO and BSC algorithms were born and combined to form 
a new algorithm called HBGWO-BSCA. This algorithm was 
created by several researches that had previously carried out 
experiments using the GWO and SC algorithms [44]. The 
GWO-SCA is mostly used to optimize functions in calculations 
and is not applied to perform feature selection as described in 
this paper [45]. These two GWO and SC algorithms were used 
and proven in previous papers to be successfully used for the 
process of solving mathematical methods or mathematical 
equations [46]. In this research, the feature selection process is 
carried out using HBGWO-BSCA on the K-NN and SVM 
supervised learning algorithms. 

Normalization. The standard Z-Score normalization value 
is a data processing method [40]. Z-Score is defined as a 
measure of the divergence of an experimental observation in 
contrast to the most likely result, namely the mean. Z is 
expressed in the number of standard deviations from the mean 
value [41]. 
 
 Model Simulation 
In the model simulation, an experiment is carried out using the 
HBGWO-BSC algorithm in selecting features. The process is 
as shown in Figure 3. 
 

 
Figure 3. HBGWO-BSCA Model 

 
In this figure, the normalized dataset then initializes the 

dataset population, enters parameter values in the variables, and 
calculates or looks for the best search agent value. Then, 
determine the maximum iteration value that was set. Next, the 
process of updating the position of the BGWO algorithm is 
entered into the variables xሬ⃗ ଵ and xሬ⃗ ଶ. After that if the rand value 
is smaller than 0.5, it is entered into the sine equation but 
otherwise, it is entered into the cosine equation. The next step 
will add an iteration value counter, and this process is carried 
out until the iteration value is maximum. And here is the 
pseudocode of the HBGWO-BSCA algorithm. 

 

𝐶 = 2. 𝑟𝑎𝑛𝑑() .                                             (22) 

 
The value of the variable 𝒄 is a random value multiplied by 

2, where the value of this variable is used to provide the 
positions of the wolf groups α and β in the BGWO algorithm. 
Then the variable values are also differentiated based on group 

𝒄𝟏 for the α wolf group and then for 𝒄𝟐 which is the β wolf 
group. 

 
𝑟ଵ = 𝑎𝑙𝑝ℎ𝑎 − 𝑡. (𝑎𝑙𝑝ℎ𝑎/𝑡_𝑚𝑎𝑥) .                 (23) 

 

The variable 𝒓𝟏 will be used in variable 𝑨ሬሬ⃗  where the value 
of 𝒓𝟏 is generated from the 𝒂𝒍𝒑𝒉𝒂 value which must be 
determined manually in the HBGWO-BSCA algorithm. Then 
for 𝒊_𝒎𝒂𝒙 it is the maximum of iterations in the HBGWO-BSC 
algorithm. 
 

𝑟ଶ = (2. 𝑝𝑖). 𝑟𝑎𝑛𝑑() .                         (24) 
 

The 𝒓𝟐 variable is generated from the Phi value (3,14) 
multiplied by a computer random value. The result of the 
multiplication will be entered into the value of the variable 𝒓𝟐. 
 

𝐴 = 2𝑟ଵ. 𝑟𝑎𝑛𝑑() − 𝑟ଵ .                      (25) 
 

Variable 𝑨ሬሬ⃗  is a vector that stores the value 𝒓𝟏 which is 
multiplied by two (2) then multiplied by a random value which 

is reduced by the value 𝒓𝟏. Then the 𝑨ሬሬ⃗  value will be used as a 
first step in finding the optimum point in the BGWO algorithm.  
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𝑋⃗ =
௑భሬሬሬሬሬ⃗ ା௑మሬሬሬሬሬ⃗

ଶ
    ,                                 (26) 

 

where the value of the variable 𝑿ሬሬ⃗  is a vector 𝑿ሬሬ⃗  . This variable 
is used to calculate the positioning value, namely the value of 
the 𝑫𝒂𝒍𝒑𝒉𝒂 and 𝑫𝒃𝒆𝒕𝒂. 
 

𝐷𝑎𝑙𝑝ℎ𝑎 = ห𝐶. 𝑋ఈ
ሬሬሬሬ⃗ − 𝑋⃗ห .                   (27) 

 
The 𝑫𝒂𝒍𝒑𝒉𝒂 variable is used in the multiplier process in 

Eq. 29, where the 𝑩𝒂𝒍𝒑𝒉𝒂 variable is used to find binary 
values using the sigmoid method. 
 

𝐷𝑏𝑒𝑡𝑎 = ห𝐶. 𝑋ఉ
ሬሬሬሬ⃗ − 𝑋⃗ห .                   (28) 

 
The value of the 𝑫𝒃𝒆𝒕𝒂 variable is used for the multiplier 

process in Eq. 30 which can also be used to find binary values 
using the sigmoid method. 

 

𝐵𝑎𝑙𝑝ℎ𝑎 =  𝑋௕௜௡௔௥௬(𝐴. 𝐷𝑎𝑙𝑝ℎ𝑎) .                  (29) 
 

The 𝑩𝒂𝒍𝒑𝒉𝒂 variable is a function that carries out the 
process of selecting the values 1 and 0 in the sigmoid method 
for determining the BGWO and BSC algorithms, then this 

Balpha variable is used in 𝑿𝟏
ሬሬሬሬሬ⃗ . 

 

Bbeta =  𝑋௕௜௡௔௥௬(𝐴. 𝐷𝑏𝑒𝑡𝑎) .                   (30) 
 

The 𝑩𝒃𝒆𝒕𝒂 variable is still the same as the Alpha variable, 
the difference is that the results of the binary value calculation 

can be entered into the vector variable 𝑿𝟐
ሬሬሬሬሬ⃗ . 

 

𝑆𝑖𝑔𝑚𝑜𝑖𝑑൫𝐵ሬ⃗ ൯ =
ଵ

ଵା௘ షభ (ಳሬሬ⃗ షబ.ఱ)
 .                   (31) 

 

This variable 𝑺𝒊𝒈𝒎𝒐𝒊𝒅൫𝑩ሬሬ⃗ ൯ is generated from the function 

𝑿𝒃𝒊𝒏𝒂𝒓𝒚(𝑨ሬሬ⃗ . 𝑫𝒂𝒍𝒑𝒉𝒂) or 𝑿𝒃𝒊𝒏𝒂𝒓𝒚(𝑨ሬሬ⃗ . 𝑫𝒃𝒆𝒕𝒂) depending on the 

search process for a set of wolves α and β. Then the variable 𝑩ሬሬ⃗  
is generated from the results of the 𝑩𝒂𝒍𝒑𝒉𝒂 and 𝑩𝒃𝒆𝒕𝒂. 

 

𝑋௕௜௡௔௥௬ = ൜1   𝑖𝑓 𝑆𝑖𝑔𝑚𝑜𝑖𝑑൫𝐵ሬ⃗ ൯ ≥ 𝑟𝑎𝑛𝑑()

0  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                             
 .            (32) 

 
This 𝑿𝒃𝒊𝒏𝒂𝒓𝒚  value is a function that returns values into the 
variables 𝑩𝒂𝒍𝒑𝒉𝒂 and 𝑩𝒃𝒆𝒕𝒂. 

 

𝑋ଵ
ሬሬሬሬ⃗ =  𝑈𝑝𝑑𝑎𝑡𝑒𝐵𝑆(𝑋ఈ

ሬሬሬሬ⃗ , 𝐵𝑎𝑙𝑝ℎ𝑎) .                  (33) 

 

Variable 𝑋ଵ
ሬሬሬሬ⃗  .This is the function value of Eq. 35, to find the 

y value in the vector 𝑋ଵ
ሬሬሬሬ⃗ . 

 

𝑋ଶ
ሬሬሬሬ⃗ =  𝑈𝑝𝑑𝑎𝑡𝑒𝐵𝑆(𝑋ఉ

ሬሬሬሬ⃗ , 𝐵𝑒𝑡𝑎) .                  (34) 
 

Then for the variable value 𝑿𝟐
ሬሬሬሬሬ⃗  this is also the result of the 

function in Eq. 35 to find the y value in the vector 𝑿𝟐
ሬሬሬሬሬ⃗ . 

 

𝑈𝑝𝑑𝑎𝑡𝑒𝐵𝑆(𝑋, 𝐵) = ቄ
1   𝑖𝑓 (𝑋 + 𝐵) ≥ 1  

0  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒             
 .               (35) 

 
𝑼𝒑𝒅𝒂𝒕𝒆𝑩𝑺(𝑿, 𝑩) function to find the 𝒚 value used in the 

variable either 𝑿𝟏
ሬሬሬሬሬ⃗  or 𝑿𝟐

ሬሬሬሬሬ⃗ . 

 

𝑋⃗ =  𝑋⃗ + 𝑋ଵ
ሬሬሬሬ⃗ . 𝑠𝑖𝑛(𝑟ଶ) . 𝐵𝑎𝑙𝑝ℎ𝑎 .                  (36) 

 
In Eq. 36 the optimum point is determined in the HBGWO-

BSC algorithm depending on the random values generated. If 
the random value is below 0.5 then it goes to the sine formula, 
but vice versa. 

 

𝑋⃗ =  𝑋⃗ + 𝑋ଶ
ሬሬሬሬ⃗ . 𝑐𝑜𝑠(𝑟ଶ) . 𝐵𝑏𝑒𝑡𝑎 .               (37) 

 
Equation 37 is a formula that is applied when the computer 

random value is above 0.5. In this case a cosine value 
calculation is used to determine the value. This is what makes 
the HBGWO-BSC algorithm very dependent on parameter 
selection and also computer performance in executing it step 
by step. 
 
HBGWO-BSCA Pseudocode 
1. Initialize population 𝑋௚{𝑔 = 1,2, … , 𝑀} 

2. Initialize parameter 𝐴 𝑎𝑛𝑑 𝐶   
3. Calculation of the best 𝑋ఈ𝑎𝑛𝑑 𝑋ఉ values 

4. Input parameter values N : number of Grey wolves, 
alpha : BSCA value, 𝑖_𝑚𝑎𝑥 : max iteration value  

5. Initialize 𝑖 = 1, where 𝑖 is the counter of the iteration 
6. While The criteria will stop once t_max is met do 
7. For each search agent do 
8. Create a random value from the BSCA variable 

using the equation Eq. (25),(24),(23),  
9.  Update the search agent position using Eq. 

(27),(28),(29),(30). 
10.  Update the current best solution using the equation 

Eq. (33),(34) 
11.  Initialize 𝑟 = 𝑟𝑎𝑛𝑑()      
12.  if 𝑟 ≤ 0.5 
13.   use Eq. (36) 
14.  else 
15.   use Eq. (37) 
16.  end if 
17. End For 
18. Convert to binary using the equation Eq. (31),(32) 
19. 𝑖 = 𝑖 + 1 
20. End While 

21. Return the best solution 𝑋⃗ 

 

Based on the pseudocode above, changes can be seen in the 
GWO and SC algorithms. The HBGWO-BSC algorithm is a 
combination of the GWO and SC algorithms that were created 
by several previous researchers. HBGWO-BSCA uses changes 
to the equation Eq. 36 and 37. 
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C. THE SIMULATION MODEL 
The simulation model seeks for the best parameters to get a 
fitness value that is closest to 0. This parameter search will be 
tried using two parameters, including the variables N and alpha. 
In the Parkinson dataset, the highest parameter value is N = 10 
and the alpha parameter value = 5. After obtaining a parameter 
value that is close to 0, the resulting features will be used in the 
classification algorithm. Next is to set the parameters for each 
SVM and KNN algorithm. For parameter settings, see Table 1. 

Table 1. Parameters for the Parkinson’s dataset 

Parameter SVM KNN 
Kernel Function Gausian  
`Kernel Scale 1.56  
Box Constraint Level 3  
Multiclass method One-vs-one  
Preset  Cosine KNN 
Number of Neighbors  3 
Distance Metric  City Block  
Distance Weight  Equal 

 
Parameter settings in Table 1 can produce accuracy, 

precision, recall and F1 Score values. The next step is to see the 
comparison results of the HBGWO-BSC algorithm with the 
HGWO-SCA on the KNN and SVM classification algorithms. 
Further comparison results are provided in Table 2 for more 
information. 

Table 2. Comparison Algorithm 

Dataset 
Parkinson 

Accuracy Precision Recall F1-Score 
HBGWO-
BSCA + KNN 

92.00% 90.00% 93.75% 91.84% 

HBGWO-
BSCA + SVM 

87.50% 79.00% 95.18% 86.34% 

HGWO-SCA + 
KNN 

88.00% 81.00% 94.19% 87.10% 

HGWO-SCA + 
SVM 

88.00% 79.00% 96.34% 86.81% 

 
Table 2 displays information on the results of the 

comparison between algorithms, the HBGWO-BSCA+KNN 
algorithm obtained the highest accuracy value of 92%. That the 
proposed HBGWO-BSCA+KNN algorithm outperforms the 
HGWO-SCA+KNN algorithm by only 88%. And the most 
superior precision, recall and F1 Score values are the HBGWO-
BSCA+KNN algorithm. The high accuracy value in the 
HBGWO-BSCA+KNN algorithm is even higher because the 
parameter selection value is correct so it can produce a high 
accuracy value, besides that the feature selection resulting from 
the HBGWO-BSCA algorithm can produce the right features. 
 
V. CONCLUSIONS 
The results of combining the HBGWO-BSC algorithm whose 
features have been selected and used in the classification 
algorithm to find accuracy, precision, recall and F1-Score 
values are proven to provide the highest scores, where the 
accuracy value is 92%, the precision value is 90%, the recall 
value is 93.75% and the F1-Score value is 91.84% compared 
with the HGWO-SCA where the highest value for accuracy is 

88%, precision value is 81%, recall value is 94.19% and F1-
Score is 87.10%. 
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