DE GRUYTER Journal of Intelligent Systems 2025; 34: 20240252 a

Research Article

Mohammed Azmi Al-Betar*, Zaid Abdi Alkareem Alyasseri, and Sharif Naser Makhadmeh
EEG channels selection for stroke patients
rehabilitation using equilibrium optimizer

https://doi.org/10.1515/jisys-2024-0252
received May 07, 2024; accepted July 15, 2024

Abstract: Stroke ranks as the second leading cause of death worldwide and is a major contributor to disability.
Researchers have proposed various applications to assist in the rehabilitation of stroke patients, with brain-
computer interfaces (BCIs) utilizing electroencephalograms (EEGs) showing particularly promising outcomes.
However, the most challenging aspect of using BCI methods is effectively extracting and selecting the most
significant features from the vast amount of EEG data available. This article addresses this problem by
presenting an innovative optimization-based approach to the channel selection problem, employing a novel
binary equilibrium optimizer (EO) as an optimization technique to identify the most relevant EEG channels.
This method significantly enhances the accuracy of stroke patient rehabilitation outcomes while reducing
computational complexity, avoiding overfitting, and minimizing user discomfort during clinical use. During
the preprocessing step, conventional filters and the AICA-WT (automatic independent component analysis
with wavelet transform) denoising technique are employed. Attributes are then computed for the time,
entropy, and frequency domains. The EO algorithm is utilized to represent the EEG channel selection problem,
transforming the features of each individual EEG into binary values and subsequently applying a k-nearest
neighbor classifier technique to determine the accuracy rate. The proposed method demonstrates superior
performance, achieving the highest accuracy rate of 99% with the HFD features, compared to the existing
methods. In general, the proposed study provides a more reliable strategy by identifying a subject-specific
reduced set of relevant electrodes and establishes a new benchmark in the field of stroke rehabilitation,
highlighting the quality and potential impact of this work.
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1 Introduction

The World Health Organization (WHO) considers stroke as the second leading cause of death globally due to its
detrimental effects on the brain resulting from disruptions in cerebral circulation [1,2]. Hemiplegia, a severe
form of motor impairment characterized by partial or complete paralysis of one side of the body, including the
arm, leg, foot, and hand, is one of the most debilitating consequences of stroke. Ischemic stroke, the most
common type, leads to a sudden loss of brain function due to interrupted cerebral perfusion [3,4]. More than
60% of stroke survivors require rehabilitation to address permanent motor function impairments [5]. How-
ever, stroke survivors often experience a range of disabilities, including visual and cognitive deficits, which
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severely impact their ability to perform even basic tasks. Consequently, extensive research has been con-
ducted to develop effective treatments and rehabilitation strategies for stroke patients [6].

Electroencephalography (EEG) is a noninvasive method used to measure the electrical activity of the brain
with high temporal resolution, providing insights into various mental tasks [7,8]. Brain—-computer interfaces
(BCIs) enable individuals with physical impairments to interact with the external world by translating brain
EEG signals into control commands [9,10]. Motor imagery (MI) is a technique where individuals mentally
simulate body movements without actual muscle activation, and the associated rhythmic brain activities can
be recorded and utilized as input signals for BCI systems. Event-related desynchronization/synchronization
(ERD/ERS) refers to the changes in rhythmic power within specific frequency bands, such as mu (8-12 Hz) and
beta (13-30 Hz), in the sensorimotor area during MI tasks. These changes can be leveraged to distinguish
between different types of MI tasks [7]. BCIs based on MI have gained popularity due to their ability to operate
without the need for external stimuli [11]. However, the complex and volatile nature of EEG signals poses
challenges in decoding MI-based BCIs using conventional methods [9]. Effective feature extraction and reliable
classification of various MI tasks from low signal-to-noise EEG data remain critical and difficult tasks [7].

Preprocessing raw EEG signals is crucial for accurate classification in MI-based signal analysis since
recorded wave activities can be corrupted by various artifacts. Artifacts such as eye blinks, ocular movements,
cardiac activity, muscular interference, and power line noise can distort EEG signals, affecting their frequen-
cies [12]. Evaluating the efficiency of EEG signals in the presence of background noise can be challenging.
Spatial filters can improve the localization of signals for each electrode as EEG-based BCIs typically have poor
spatial resolution [11].

Feature extraction is performed on recorded EEG channels in multiple domains to identify the best
features for BCI MI-based analysis. Common spatial pattern (CSP) is a popular technique for obtaining dis-
criminative features from high-dimensional EEG signals and has been used to identify spatial characteristics
related to ERD during various MI tasks [13]. However, the effectiveness of CSP is influenced by noise and the
selection of frequency bands. To address this issue, various feature extraction techniques have been developed
to analyze EEG data in the time, frequency, and time—frequency domains [14,15].

The classifier’s performance significantly deteriorates with an increasing number of features due to the
curse of dimensionality, which occurs when the feature count exceeds a certain threshold. This phenomenon
leads to overfitting, where the model captures noise rather than the underlying patterns, thereby reducing
generalization capability. Moreover, higher feature dimensionality leads to longer training procedures, esca-
lating computational costs and resource demands, which are impractical in clinical settings where timely
decision-making is crucial [16]. Thus, addressing the curse of dimensionality is paramount to enhance the
classifier’s performance and ensure the feasibility of BCI applications in real-world stroke rehabilitation
scenarios.

To identify a large number of existing channels, feature selection is necessary, involving a comprehensive
search for relevant channels that provide the most valuable data while minimizing redundancy [17-19].
Previous studies have focused on feature selection and proposed methods such as complete search, greedy
search, and random search [20]. However, these selection techniques suffer from high computational costs,
making them inefficient and often infeasible for practical applications. In addition, these methods are prone to
the issue of converging to local optima, which limits their ability to identify the most relevant features
effectively. This highlights the critical need for more efficient and robust optimization techniques to improve
feature selection, reduce computational overhead, and enhance the overall performance and reliability of BCI
systems in stroke rehabilitation.

This research focuses on the selection of channels. Numerous electrodes are used in medical and diag-
nostic procedures. For practical BCI applications, the accuracy of classification achieved using multiple elec-
trodes is crucial. However, the process of applying electrodes to the scalp is time-consuming and challenging,
and using numerous electrodes for EEG extraction leads to overfitting. Thus, it is essential to identify the
electrodes that contribute minimally or not at all to categorization. Electrode selection can also assess neu-
rological knowledge since individuals may react differently, and there may be changes in the optimal electrode
positions specific to each subject. Automatic determination of electrode relevance is necessary for user-



DE GRUYTER EEG channels selection for stroke patients rehabilitation = 3

dependent categorization tasks. This can be achieved by considering a wide range of electrodes initially and

employing various approaches to select the best channels for each patient.
The main contributions of this study are summarized as follows:

(1) Particle equilibrium optimizer (EO) algorithm-based optimization technique is investigated and utilized to
select the most relevant EEG channels for stroke patient rehabilitation. Each EEG channel provides a
distinct set of features for classification. Channel selection reduces data storage and processing require-
ments by eliminating unnecessary dimensions, speeds up classifier training by using simpler data, and
mitigates the curse of dimensionality to prevent overfitting.

(2) Raw EEG data are segmented and filtered using standard filters, and the automated independent compo-
nent analysis with wavelet transform (AICA-WT) denoising approach is utilized to address the aforemen-
tioned issues.

(3) Time-entropy—frequency (TEF) attributes are created by combining effective features from the time,
entropy, and frequency domains. The EO-based optimization method is employed to optimize the TEF
characteristics and select efficient channels that enhance system stationarity and resilience.

A series of experiments are conducted to evaluate the proposed framework using 25 MI-based BCI sessions
from public datasets of BCI Competition. Follow-up assessment visits were conducted to examine functional
changes before and after EEG neurorehabilitation. The AICA-WT-TEF-Chs framework utilizing hybrid TEF
attributes aims to effectively leverage the information from the time, entropy, and frequency domains for
MI-BCI classification.

The rest of this article is organized as follows. Section 2 deeply describes the Eo algorithm and the
proposed method utilized in this study. The main parameters and measurements used in this study are
illustrated in Section 4. In addition, the section presented the obtained results by the proposed method and
all comparisons with other competitive studies. Section 5 concludes this article.

2 EO

The EO is a metaheuristic algorithm introduced by [21]. It draws inspiration from control volume mass balance
models, which are used to assess both dynamic and equilibrium conditions. In EO algorithm, each particle
(solution) serves as a search agent, with its concentration (position) guiding the search. By iteratively updating
their concentrations based on the best-so-far solutions, called equilibrium candidates, the search agents
eventually converge to the equilibrium state, resulting in the optimal outcome.

2.1 Inspiration of EO

The EO draws its inspiration from the concept of mass balance applied to a control volume. This approach
involves using the equation of mass balance to account for the concentration of nonreactive constituents
within the control volume. The mass balance equation ensures that the inflow, outflow, and generation of
mass within the control volume are taken into consideration and maintained. Several parameters need to be
taken into account when formulating the mass balance equation, including the rate of change of mass over
time, the amount of mass entering the control volume, the amount of mass generated within the control
volume, and the amount of mass leaving the control volume. The formulation of the mass balance equation is
as follows:

V‘;—f = QCoq - QC + G, ®
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where V is the control volume, C presents the concentration amount in V, Q is the volumetric flow rate in and
out of V, G is the mass generation rate in V, and C,q denotes the equilibrium state concentration.

To obtain the concentration in the control volume, equation (1) can be rearranged in the following
manner:

gr- € )
ACqg - AC+ 2 @
subject to:
-9
A= v

By incorporating integration, equation (2) can be expressed as follows:

Idt = Idt)tCeq PPN 3

This results in:
G
C = Ceq + (Cp— Ce)F + W(:l - F). 4

Subject to:
F = exp[-A(t - t)].

The concentration in control volume V, given a known turnover rate, can be estimated using equation (4),
where C, represents the initial concentration at time t,. Furthermore, equation (4) can also be utilized to
calculate the average turnover rate when the generation rate is known.

The aforementioned equations play a crucial role in controlling the search behavior of the EO. In the EO
population, each particle corresponds to a solution, and the concentrations represent their positions (analo-
gous to swarm algorithms). As described earlier in equation (4), the update mechanism for a particle’s position
and concentration involves three distinct terms: the equilibrium concentration, the concentration difference
between the particle and the equilibrium state, and the generation rate. These terms collectively govern the
adjustment of the particle’s position and concentration during the optimization process.

2.2 Procedure of EO

The EO is a metaheuristic algorithm used for solving optimization problems. Here’s a summary of the proce-
dure based on the article you provided:

2.2.1 Initialization and function evaluation

Similar to other metaheuristics, the EO commences its optimization process by initializing various parameters.
These include defining the minimum and maximum values for the dimensions (Cpi, and Cpayx, respectively)
and specifying the number of particles (1) in the population. Furthermore, the EO initializes its initial popula-
tion randomly. In this regard, the concentrations are initialized based on the number of particles and their
dimensions, employing a random assignment within the search space. This initialization is carried out using
the following formula:

Ciinitial = Coin + 7; X (Ciax = Crain)- (5)
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subject to:
i=1,2,..,n,

where ™! j5 the initial concentration vector of particle i, and r; represents a random vector within a range
between 0 and 1.

2.3 Fitness function evaluation

During this step, all particles within the population undergo evaluation using the fitness function specific to
the optimization problem at hand. Subsequently, the particles are sorted based on their corresponding fitness
values. This sorting process allows for the identification of the equilibrium candidates among the particles, as
those with better fitness values are considered more favorable solutions.

2.4 Equilibrium pool and candidates

Once the EO search process begins, equilibrium candidates are identified to establish the search pattern for the
particles. Through extensive testing across different problem types, it has been determined that the best four
equilibrium candidates exhibit superior performance during the optimization process. In addition, a fifth
candidate is introduced, which represents the arithmetic mean of the four best candidates. This inclusion aims
to strike a balance between exploration and exploitation capabilities within the EO. These five candidates are
utilized to construct the equilibrium pool vector, as depicted below:
Ceq,pool = {Ceq(l): Ceq(z), Ceq(S): Ceq(4); Ceq(ave)}- (6)
During each iteration of the EO, all particles update their concentrations by randomly selecting candidates
with equal probabilities. For instance, in one iteration, a particle may update its concentrations based on

— -

Ceq(ave)» While in the next iteration, the concentrations could be updated using Ceq). This process continues,
with particles updating their concentrations using different candidates in a randomized manner, until the stop
criterion is met. The stop criterion signifies the end of the optimization process.

2.5 Exponential term (F)

The exponential term (F) is employed to update the concentrations in the EO. F plays a crucial role in
enhancing and achieving an optimal balance between exploration and exploitation during the search process.
The calculation of F can be performed using the following formula:

F = exp? - @)

o
where A is a random vector within a range between 0 and 1 and ¢ represents an iteration function that can be
computed as follows:

Iter
(azx Tterpax )

Iter
Ttenyax

t=01 ®

3

where Iter and Iteny,x denote the current and the maximum number of iterations, respectively, and a,
represents a static value. Equation (9) is utilized in the EO to enhance its convergence while simultaneously
maintaining a balance between exploration and exploitation.
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— 1 — 37
to = 1* In(-asign(r - 0.5)[1 - exp2t]) + ¢, )

where @, is a static value. When g, is set to a higher value, it increases the exploration capability of the EO,
resulting in a lower exploitation capability. Conversely, when a; is set to a higher value, it enhances the
exploitation capability while reducing the exploration capability. The term sign(7 - 0.5) is employed to
influence the directions of exploration and exploitation. Here, 7 represents a random vector ranging from
0 to 1. The sign function is applied to the difference between 7’ and 0.5, determining whether it is positive or
negative. This sign determines the direction in which the exploration or exploitation will occur. By utilizing
equation (9) for equation (7), equation (10) is extracted.

F = assign(¥ - 05) x [exp‘x‘ -1]. (10)

2.6 Generation rate (G)

The generation rate is a crucial parameter in the proposed algorithm, as it significantly impacts the quality of
solutions by enhancing the exploitation phase. In the context of engineering applications, various strategies can be
employed to represent the generation rate as a function of time. One such strategy involves utilizing a first-order
exponential decay process to represent the generation rate [22]. The following equation defines this representation:

G = Gye k) 1

where G(t) represents the generation rate at time ¢, G, denotes the initial generation rate, and A represents the
decay rate parameter. By incorporating this exponential decay process, the generation rate can be appro-
priately modeled over time. In the EO, the equations employed to reformulate the generation rate are for-
mulated as follows:

G = Goe™ M ("t) = G¢F, (12)
Subject to:
Go = GCP(Ceq — AC), 13)
0.57"1 n2z GP,
= 14
GCP 0 ry < GP, (14)

where r; and r; represent random numbers generated between 0 and 1. The generation rate control parameter
(GCP) vector, obtained from equation (14), is used to compute the GCP variable. The GCP variable contributes to
the updating process, influencing the generation rate control parameter.

A considerable number of particles in the EO utilize the generation concept to update their states. The
selection of these particles is determined by a term called generation probability (GP), which is calculated
using equations (13) and (14). The decision-making process based on equation (14) depends on the particle’s
level. If the GCP is zero, the G is assigned zero, and all the decision variables of these particles are updated
without involving G. To strike a balance between exploration and exploitation, the GP is set to 0.5. This value
ensures a good trade-off between exploring new solutions and exploiting promising ones. The updating rule of
EO is applied as follows:

G
C=Cot(C-CH.F+21-p). 15
eq+( eq) +A‘,(1 ) ( )

As indicated in equation (15), the updating process for the concentrations of the particles in the EO
involves three terms:
(1) The first term corresponds to the equilibrium concentration, which is randomly selected from the elite
equilibrium pool. This pool comprises the top five solutions or equilibria obtained during the optimization
process.
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(2) The second term serves as an exploratory operator that helps guide the particles toward the optimal point
in the search space. It contributes to the exploration of the solution space.

(3) The third term acts as an exploitation operator that enhances the quality of solutions. It is primarily
controlled by the generation rate (as described in equation (12)). The generation rate influences the trade-
off between exploration and exploitation.

The global and local search behavior is mainly governed by several parameters, including the concentra-
tions in particles and equilibrium candidates, the turnover rate (1), and the sign relationship between the
second and third terms. When the signs of these terms are the same, it promotes global search by increasing
the diversity. On the other hand, when the signs are opposite, it facilitates local search by reducing the
diversity. By adjusting these parameters, the EO can strike a balance between global and local search, leading
to effective exploration and exploitation in the optimization process. Figure 1 shows the movements of the
equilibrium candidates.
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Figure 1: Equilibrium candidates’ collaboration in updating a particles’ concentration [21]. Source: Created by the authors.

Although the second term in equation (15) aims to target solutions from search space regions that are
distant from the equilibrium candidates, and the third term extensively explores the search space region that
includes the equilibrium candidates, and it is important to note that this behavior is not always guaranteed.
Small changes made to the denominator of the third term can result in increased variations, which can
contribute to the exploration of certain dimensions. The second term in equation (15), represented by
(1 — Cey, and the third term, represented by Ceq — A - Gy, are influenced by the generation rate terms described
in equations (13) and (14). The variation in these terms is governed by the value of the generation rate
parameter A, which can vary depending on the dimension.

Interestingly, high variation is more pronounced in dimensions where A has smaller values. This
mechanism is analogous to the mutation operator commonly observed in evolutionary-inspired algorithms.
It allows for increased exploration in dimensions that may require more attention or have not been ade-
quately explored, promoting the search for potentially better solutions in the optimization process.
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2.7 Particle’s memory saving

To enhance the performance of the EO and enable particles to track their trajectory in the search space,
memory-saving procedures have been incorporated. In each iteration, the fitness value of a particle is com-
pared to its fitness value in the previous iteration. If the current fitness value is better, it replaces the previous
value, thus preserving the particle’s best position so far. This mechanism reinforces the exploitation capability
of the EO, as particles are able to retain their best-known solution. However, it is important to note that this
mechanism can also introduce a potential challenge of stagnation in local minima if the algorithm does not
perform sufficient global search. In such cases, the EO may become trapped in local optima and struggle to
escape to potentially better solutions in other areas of the search space.

2.8 Exploration ability of EO

The exploitation task in the EO is achieved through the utilization of various parameters and mechanisms,
including:

* a4 is a parameter in the EO algorithm that plays a crucial role in controlling the exploration capability. It
determines the distance between a new position and the equilibrium candidate. A higher value of a
increases the exploration ability of the EO algorithm.

sign(r — 0.5) is employed to control the trajectory of exploration. The variable r is generated randomly with
a uniform distribution between 0 and 1.

* GP parameter utilizes the generation rate as a probability for contributing to the concentration updating
process. The GP value determines the extent to which the generation rate term influences the exploration
performance during optimization. When GP is set to one, it indicates that the generation rate term has a high
contribution to the exploration performance. Conversely, when GP is set to zero, it implies that the genera-
tion rate term will always be contributing to the optimization process. This increases the likelihood of the
algorithm getting stuck in local optima, as exploitation is prioritized over exploration.

The equilibrium pool consists of five particles. The selection of these five particles is based on a slightly
random criterion, which has been determined through initial experiments.

2.9 Exploitation ability of EO

The exploitation task is obtained utilizing the following parameters and mechanisms:

a, is responsible for the exploitation task, specifically in determining the extent of exploitation. It governs
the amount of deep search conducted around the best solution found so far.

sign(r — 0.5) controls the direction of exploitation and drives the local search in a specific direction. The
variable r is randomly generated from a uniform distribution between 0 and 1.

Memory saving is a memory parameter that keeps track of the best particles found so far during the
optimization process.

Equilibrium pool at the end of iterations. The equilibrium candidates are becoming more closer to each
other.

The EO pseudocode in Algorithm 1 shows a comprehensive overview of the EO steps.
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Algorithm 1 EO pseudocode

1. Initialize N (population size), Itery,y (maximum number of generations), f (objective function), aj, ay,
and GP
Initialize population X with N individuals
for iter < 1 to Iteny,x do
Calculate fitness for each individual in X
Sort individuals in X based on fitness
fori —1to N do

Assign Cy, G, C3, Cy to the best four candidate

_G+G+G+G
Can - 4

Construct the equilibrium pool
10: Construct F, GCP, Gy, G

11: Update concentrations

12: end for

13: end for =0

3 Proposed method

This section presents the main contribution of this work. The proposed method includes five phases, which are
presented in Figure 2 and thoroughly discussed below.
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Figure 2: A proposed method for EEG channel selection. Source: Created by the authors.

3.1 Phase I: EEG signal acquisition

The EEG data of poststroke patients with hemiparesis of the upper extremities was studied. This study
involved three poststroke patients treated with the recoveriX system (g.tec medical engineering GmbH),
with a mean age of 22 years (SD = 4.582). Each participant got BCI-based MI training for three months, with
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two training sessions each week (for a total of 25 training sessions). The study team conducted and analyzed
two assessments (pre- and posttraining). The pretraining evaluation was scheduled 30-35 days prior to the
intervention, whereas the post-training evaluation was conducted a few days after the intervention (see Figure 2).
The Ethikkommission des Landes Oberosterreich in Austria (#D - 42 - 17) authorized this study protocol,
and each patient signed an informed consent form prior to the preassessment. Finally, this dataset is captured
with a sample rate of 256 Hz. According to system indications for a MI mental task, the patients were instructed
to visualize dorsal wrist movement. Before and after EEG neurorehabilitation, the patients participated in 25
MI-based BCI sessions with follow-up evaluation visits to measure the functional changes. Each session con-
sisted of 240 MI repetitions with both hands and broken down into three 80-trial runs. Each session lasted
approximately 1 h, including the time required for setup and cleanup. The MI-based BCI tasks were illustrated
with randomized inter-trial intervals in a pseudo-random order.

Utilized were EEG caps with sixteen active electrodes from g.Nautilus PRO, g.tec medical engineering
GmbH, Austria, based on the international 10-20 system.

3.2 Phase II: Preprocessing

Each channel of the recorded EEG dataset initially used two standard filters. First, a bandpass filter (BPF) with
frequencies between (8 and 30 Hz) was used to confine the band of the recorded EEG dataset, [23], and second,
a butter-worth (BW) notch filter at (50 Hz) was used to reduce the noise from power line interference. (ICs)
s(t) = [51(t), ...,sp(t)] utilizing the FastICA algorithm proposed by [24]. The set s(t) of n unknown components
that were linearly mixed by within matrix A and x(t) is the set of n observations where x(t) = [x(t), ...,X;(t)]
[25-27], represents the EEGs and are related to s(t), t is the time, the ICA equation is calculated as follows:

x(t) = As(t), (16)

then, three metrics were used to evaluate the artifactual components ICs: Kurtosis (Kurt), skewness (Skw), and
sample entropy (SampEn). If these parameters surpassed the +1.2 threshold for each IC, the IC was marked as
critical and denoised using WT. The practical value of the threshold is determined through trial and error and
previous research [28-30]. The threshold value of +1.2 is not a drawback of AICA-WT technique as the
artifactual ICs will not be rejected but will be denoised using the WT technique. As a result, WT denoised
the marked ICs before returning the enhanced components to the original EEG dataset [31,32].

3.3 Phase III: EEG features extraction

Three different feature extraction techniques are used in this work. These techniques include time domain
features, entropy features, and frequency domain features as extracted in [7].

3.4 Phase IV: EEG channel selection using EO optimizer

This phase is the main contribution of this work, and it includes several steps to achieve the optimal subset of
the EEG channel, which can provide the highest accuracy rate. The following steps represent how can we adapt
the EO optimizer for the EEG channels selection problem.

* Step 1: EO parameters initialization for EEG channel selection. In this step, the EO parameters are
initialized with initial values. These parameters are the number of microbats (solutions) (N), maximum
number of iterations (Maxy,), max (Cpax) and min (Cyin) frequency range, and the bandwidth range (¢€) in
the range [-1, 1].
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Also in this step, the EO population memory for the EEG channel selection problem should be Initialized.
The EO solutions are randomly generated in this step using equation (17), considering the EO algorithm and
particular optimization problem parameters and constraints.

EEGSOlij = Cpin * 17 ¥ (Cax — Cin)s an

where Vi=1,2,..,d d refers to the total number of the EEG channels, Vj = 1,2,..., N, and r; is a random
number between 0 and 1. The produced solutions together generate the population, as shown in equation (19)
and are stored in the EO memory (EOM) in the ascending order on the basis of their fitness values. The best
solution with the fittest values is assigned to EEGsol®?®st and stored in the first position of EEGEOM.

Ceq,pool = {Ceq(l): Ceq(Z): Ceq(3)) Ceq(4)’ Ceq(ave)}; (18)
EEGsoll EEGsol} - EEGsol}
2 2 ... 2

EEGEOM = EEC%sol1 EEG.solz EEG.sold’ (19)

EEGsolY EEGsol) -+ EEGsol)

Table 1: The performance of metaheuresitic algorithms using accuracy measure

Datasets Measure AOA EO GWO SSA wso
ConvFuzEn AVG 0.9465625 0.953020833 0.95171875 0.381510417 0.95046875
STD 0.008132712 0.001945684 0.002821381 0.492528037 0.004133622
FDF1 AVG 0.96859375 0.973489583 0.972864583 0.4865625 0.972395833
STD 0.002516463 0.000164702 0.00079369 0.512881943 0.001820849
FDF2 AVG 0.7615625 0.771458333 0.770052083 0.384947917 0.767239583
STD 0.010193796 0.001509518 0.003868451 0.405771802 0.003846573
FuzEn AVG 0.95015625 0.9571875 0.953802083 0.958854167 0.955677083
STD 0.004678167 0.001898642 0.005109302 1.17028 x 10-16 0.002760908
HFD AVG 0.98609375 0.990989583 0.98984375 0.792864583 0.990052083
STD 0.003699587 0.000886947 0.001257932 0.417876935 0.000866318
HjAc AVG 0.969270833 0.97140625 0.969947917 0.699635417 0.969739583
STD 0.002598373 0.000295649 0.001736979 0.440473119 0.001795008
HjComp AVG 0.93109375 0.941875 0.938802083 0.658333333 0.9375
STD 0.006701704 0.001824156 0.004455079 0.454294866 0.003201231
HjMo AVG 0.974739583 0.976458333 0.975729167 0.585416667 0.9759375
STD 0.00249481 0.000912078 0.001790805 0.503846544 0.001271042
Hur AVG 0.603385417 0.623177083 0.618385417 0.436302083 0.613125
STD 0.010503831 0.006584646 0.009071243 0.301101839 0.01163013
ImpEn AVG 0.940208333 0.949270833 0.94671875 0.949479167 0.94421875
STD 0.004485756 0.000658808 0.002832044 0 0.007715251
Kur AVG 0.645625 0.662291667 0.658229167 0.417447917 0.66046875
STD 0.010867556 0.001537218 0.006794386 0.321559578 0.003051311
MFEmu AVG 0.8675 0.8825 0.879479167 0.53046875 0.877395833
STD 0.007845993 0.005335259 0.00922331 0.456555253 0.008829281
RCMFEmu AVG 0.822864583 0.839010417 0.836666667 0.8421875 0.833958333
STD 0.015868948 0.009686349 0.004043313 1.17028 x 1016 0.009643781
SampEn AVG 0.876197917 0.893125 0.88703125 0.894270833 0.88875
STD 0.007914268 0.003623443 0.008081593 0 0.005306937
Skw AVG 0.723958333 0.737916667 0.73734375 0.456458333 0.731875
STD 0.006660877 0.001850405 0.002863794 0.362706828 0.007642045
TsEn AVG 0.7865625 0.799635417 0.796927083 0.5846875 0.79859375
STD 0.005917058 0.001152914 0.002282838 0.353137137 0.002303866

Bold values indicates the best results.
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* Step 2: EO population intensification. Now, all microbats EEGsol will change their position considering
by a frequency f generated randomly, as shown in equations (20) and (21). Accordingly, the EO positions will
be updated using equation (22).

fl: =fmin + (fmin _fmax) X R, (20
v/ = v/ + (EEGsol/ - EEGsolf"®) x f,, @1
EEGsol/ = EEGsol! + v/, (22)

Notable that the microbats are updating their locations to be closer to the global best (EEGsol®®s"). Thus,
the new position of the microbats intensifies the position with a direction to EEGsol®best,
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Figure 3: The first column of figures presents the frequency domain, the second column of figures presents the time domain, and the
third column presents the entropy domain. Source: Created by the authors.
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* Step 3: EO population diversification.

In this step, the microbats positions are updated based on random parameters in attempting to find better
global solutions. A new solution is selected from the BM based on a selection method and assigned to
EEGsol’®st, Subsequently, the current solution is updated using the EEGsol’®st, as follows:

EEGsol/ = EEGsol™! + ¢ x 4, (23)

where A’ is the loudness average. As Steps 2 and 3 are two contradictory steps, EO algorithm will choose one of
them for execution at a time. This selection is based on the following equation:

EEGsol™' + ¢ x A7 if r; <R

EEGsol/ = (24

EEGsoV + v/ otherwise

* Step 4: EEGBM update. The position of the microbats in the EEGBM will be updated in this step if the new
location is fitter than the old one and R < A;. Moreover, EEGsol®"®t will be updated if the new BM contains a
solution with a better fitness value. Subsequently, r; and A; values will be updated in accordance with
equations (25) and (26).

rj = r]O(l - e(‘VXHr))’ (25)
A]' =ax Aj, (26)

where itr denotes the current iteration number.
* Step 5: Stop criterion. Steps 2, 3, and 4 will be repeated until the algorithm reach the stop criterion.

Algorithm 2 EO optimizer for EEG channel selection

1 Step 1: EO Parameters Initialization for EEG channel selection.
2: Initialize EO parameters: number of solutions (N), maximum iterations (Maxyy), Ciax, Crin, and &.
3 Generate initial EO population using equation (19).

4: while t < Maxy, do

5: for each solution do

6: Calculate the fitness values.

T Store population in EEGEOM and sort by fitness. Assign the best solution to EEGsolCPest,
8: Step 2: EO Population Intensification.

9: Generate frequency using equation (20).

10: Update velocity using equation (21).

11: Update position using equation (22).

12: end for

13: Step 3: EO Population Diversification.

14: Select a new solution from BM and assign to EEGsol?est.

15: Update position using equation (23).

16: if r; < R then

17: Select solution using equation (24).

18: end if

19: Step 4: EEGBM Update.

20: Replace the new solution with the old one if better.

2L Update positions in EEGBM and EEGsol®Pes!,

22: Step 5: Stop criterion.

23: Repeat Steps 2, 3, and 4 until the stop criterion is reached.

)
>

end while
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3.5 Phase V: Classification and performance measures

In this work, the k-nearest neighbor classifier is used. The performance of the proposed method and the
optimal solution of the EO optimizer for the EEG channel selection problem was evaluated using the values of
average classification accuracy. The overall average accuracy is computed using the following equation:

X
Accuracy = N x 100, 27

where x refers to the number of correctly classified input data points and N refers to the total number of
attributes.

4 Experiments and results

This section thoroughly explains the performance of the proposed method (EO) of EEG channels for stroke
patient rehabilitation. Since the proposed approach is non-deterministic, the mean accuracy rate over 30 runs
is computed to avoid biased results. The experiments use a with shed light on the stability of the algorithms by
computing the best, worst, and mean accuracy. Moreover, a statistical test is adopted based on the

Table 2: The performance of metaheuristic algorithms using F-score

Datasets Measure AOA EO GWO SSA Wso
ConvFuzEn AVG 0.946832119 0.953262875 0.951965442 0.781608129 0.950709208
STD 0.008037741 0.001961691 0.00278043 0.572937211 0.004114336
FDF1 AVG 0.968662732 0.973583625 0.972924388 0.486589247 0.972468665
STD 0.002505445 0.000136019 0.000807642 0.59527502 0.001817221
FDF2 AVG 0.765848181 0.77571447 0.77432163 0.386776463 0.771254412
STD 0.010123323 0.001644672 0.003906705 0.700487328 0.003934393
FuzEn AVG 0.950170416 0.957082222 0.95375705 0.958786426 0.955608431
STD 0.004606085 0.001911391 0.005059211 2.34056 x 1016 0.002733277
HFD AVG 0.986108074 0.991017833 0.989860367 0.592892143 0.990072949
STD 0.003696918 0.000898313 0.001271455 0.268657436 0.000874651
HjAc AVG 0.969318828 0.971463482 0.970000214 0.499667405 0.969792696
STD 0.002612324 0.00029782 0.001739281 0.339637634 0.001789194
HjComp AVG 0.931312129 0.941969319 0.938955013 0.858440607 0.937689597
STD 0.006709363 0.001783278 0.004359095 10.477816871 0.003116884
HjMo AVG 0.974769004 0.976496465 0.975763734 0.185438715 0.975981147
STD 0.002485038 0.000904107 0.001780518 0.561725728 0.001266756
Hur AVG 0.608918953 0.649550373 0.624409709 0.641186655 0.619313624
STD 0.011240543 0.00715559 0.009813872 0.627739709 0.011929772
ImpEn AVG 0.940307653 0.949305087 0.946766788 0.949506691 0.944281792
STD 0.004465068 0.000637528 0.002830913 1.17028 x 1016 0.007672175
Kur AVG 0.648149312 0.664929412 0.66087958 0.619040465 0.663065177
STD 0.01134061 0.001512144 0.006844287 0.649279043 0.003143289
MFEmMu AVG 0.866781958 0.882165437 0.879194415 0.130260645 0.877019968
STD 0.007877488 0.005344748 0.009145957 0.609215553 0.008903859
RCMFEmu AVG 0.82458336 0.840606199 0.838235121 0.840122207 0.835569826
STD 0.015795335 0.009641837 0.004079127 1.17028 x 1016 0.009677939
SampEn AVG 0.877661124 0.894495796 0.888342549 0.895641487 0.890072641
STD 0.007788074 0.003622995 0.008088093 0 0.005291155
Skw AVG 0.725045287 0.738665975 0.737843081 0.65697223 0.733027897
STD 0.006244957 0.001483467 0.002956336 0.626904761 0.007365607
TsEn AVG 0.787619014 0.800884534 0.798068436 0.385750353 0.799813432
STD 0.005803214 0.001250456 0.002407282 0.388641437 0.002314258

Bold values indicates the best results.
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Table 3: The performance of metaheuristic algorithms using fitness values

EEG channels selection for stroke patients rehabilitation = 15

Datasets Measure AOA EO GWO SSA wso
ConvFuzEn AVG 0.061403125 0.055634375 0.056610938 0.055007813 0.057723438
STD 0.007257729 0.001611812 0.00244424 0.000556939 0.003674656
FDF1 AVG 0.038967188 0.035057813 0.035614063 0.035410938 0.035953125
STD 0.002089359 3.45874 x 10~ 0.000588337 0.000739475 0.001435366
FDF2 AVG 0.244490625 0.23525625 0.236273438 0.23531875 0.239370313
STD 0.009661755 0.001904573 0.003598082 0.002004825 0.003641151
FuzEn AVG 0.057595313 0.051321875 0.054110938 0.050734375 0.052879688
STD 0.004448255 0.001988604 0.004628421 7.31424 x 1018 0.002602667
HFD AVG 0.021142188 0.017670313 0.017929688 0.017673438 0.018223438
STD 0.003233074 0.00032371 0.000810436 0.000287588 0.000596123
HjAc AVG 0.038359375 0.036557813 0.037814063 0.036601563 0.038270313
STD 0.002388667 0.000161886 0.001434864 0.000149189 0.001553639
HjComp AVG 0.076529688 0.06679375 0.069710938 0.066351563 0.070875
STD 0.006186708 0.001553739 0.004078715 0.000815275 0.002868747
HjMo AVG 0.032945313 0.03149375 0.031965625 0.0314125 0.032259375
STD 0.001881633 0.000663902 0.001321538 0.000566594 0.001118645
Hur AVG 0.401023438 0.382242188 0.386735938 0.379501563 0.39188125
STD 0.009937801 0.006231062 0.008578324 0.002969576 0.011241862
ImpEn AVG 0.06781875 0.060159375 0.062123438 0.060015625 0.064723438
STD 0.004283139 0.000454577 0.002360834 0 0.007261355
Kur AVG 0.35964375 0.34370625 0.347478125 0.342984375 0.345635938
STD 0.010146392 0.001521846 0.006322892 5.85139 x 10-17 0.00298706
MFEmMu AVG 0.1397375 0.1256375 0.128440625 0.123328125 0.130565625
STD 0.007330665 0.005110635 0.00869835 1.46285 x 10~V 0.008439554
RCMFEmu AVG 0.184364063 0.169192188 0.1710125 0.166234375 0.17388125
STD 0.015176256 0.009211567 0.003535295 2.92569 x 10-17 0.009034791
SampEn AVG 0.131189063 0.11568125 0.121151563 0.114671875 0.119575
STD 0.007436557 0.003191924 0.007517576 0 0.00486888
Skw AVG 0.28153125 0.2684 0.268717188 0.271054688 0.27450625
STD 0.006178339 0.002133042 0.002680086 0.001421565 0.007256101
TsEn AVG 0.219428125 0.207610938 0.209542188 0.207375 0.208517188
STD 0.005693121 0.0007461 0.001713788 2.92569 x 10-17 0.001931757

Bold values indicates the best results.

classification accuracy motor/imaging EEG dataset using the sum of ranks of the meta-heuristic algorithms.
Three types of EEG features such as time domain features, frequency domain features, and entropy domain
features are extracted. Also, the performance results of the proposed method are evaluated using a statistical
test to show the significance of the proposed method compared with other meta-heuristic algorithms. The
performance of the proposed method (EO-EEG) is evaluated using several measures such as accuracy, F-score,
MCC, fitness values, FPR, Kappa, precision, sensitivity, and EEG channel selection. The formula of these
measures as fellows:

_ 2*Precision*Recall _
Precision + Recall ~ 2*TP + FP + FN’

Accuracy =

TP + TN

Precision =

Recall =

TP + TN + FP + FN’
TP + FP’

_ ™
TP + N’

2*TP

(28)

(29)

(30)

3D
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Table 4: The performance of metaheuristic algorithms using FPR

Datasets Measure AOA EO GWO SSA wso
ConvFuzEn AVG 0.007633929 0.00671131 0.006897321 0.802641369 0.007075893
STD 0.001161816 0.000277955 0.000403054 0.545783347 0.000590517
FDF1 AVG 0.004486607 0.003787202 0.003876488 0.501919643 0.003943452
STD 0.000359495 2.35289 x 10-5 0.000113384 0.579115349 0.000260121
FDF2 AVG 0.0340625 0.03264381 0.032849702 0.516436012 0.033251488
STD 0.001456257 0.000215645 0.000552636 0.563813758 0.00054951
FuzEn AVG 0.007120536 0.006116071 0.006599702 0.005877976 0.006331845
STD 0.00066831 0.000271235 0.0007299 0 0.000394415
HFD AVG 0.001986607 0.001287202 0.001450893 0.601019345 0.00142131
STD 0.000528512 0.000126707 0.000179705 0.264373826 0.00012376
HjAc AVG 0.004389881 0.004084821 0.004293155 0.614337798 0.004322917
STD 0.000371196 4.22356 x 105 0.00024814 0.257825376 0.00025643
HjComp AVG 0.00984375 0.008303571 0.00874256 0.905952381 0.008928571
STD 0.000957386 0.000260594 0.00063644 0.445030152 0.000457319
HjMo AVG 0.003608631 0.003363095 0.003467262 0.202083333 0.0034375
STD 0.000356401 0.000130297 0.000255829 0.547400291 0.000181577
Hur AVG 0.056659226 0.053831845 0.054516369 0.937671131 0.055267857
STD 0.001500547 0.000940664 0.001295892 0.423142232 0.001661447
ImpEn AVG 0.008541667 0.007247024 0.007611607 0.007217262 0.00796875
STD 0.000640822 9.41154 x 1075 0.000404578 0 0.001102179
Kur AVG 0.050625 0.048244048 0.048824405 0.940364583 0.048504464
STD 0.001552508 0.000219603 0.000970627 0.421430051 0.000435902
MFEmMu AVG 0.018928571 0.016785714 0.017217262 0.209933036 0.017514881
STD 0.001120856 0.00076218 0.001317616 0.540644345 0.001261326
RCMFEmu AVG 0.02530506 0.022998512 0.023333333 0.022544643 0.023720238
STD 0.002266993 0.001383764 0.000577616 0 0.001377683
SampEn AVG 0.017686012 0.015267857 0.016138393 0.015104167 0.015892857
STD 0.00113061 0.000517635 0.001154513 3.65712 x 10-18 0.000758134
Skw AVG 0.039434524 0.037440476 0.037522321 0.934791667 0.038303571
STD 0.000951554 0.000264344 0.000409113 0.425360683 0.001091721
TsEn AVG 0.030491071 0.028623512 0.029010417 0.630758929 0.028772321
STD 0.000845294 0.000164702 0.00032612 0.24894273 0.000329124

Bold values indicates the best results.

TP x TN - FP x FN

MCC = ,
(TP + FP)(TP + EN)(TN + FP)(TN + EN) 32)
_ DD
K= —1 0 s 33)

where k represents the Kappa coefficient, p, is the observed agreement, and p, is the expected agreement by
chance.

Also, the performance of the proposed method compares with four other metaheuristic algorithms: White
shark optimizer (WSO) [33], grey wolf optimizer (GWO) [34], Salp swarm algorithm (SSA) [35], and arithmetic
optimization algorithm (AOA) [36].

Table 1 presents the results of 16 EEG features in the time, frequency, and time—frequency domain features
based on the accuracy measure. The averaging accuracy rate for 30 times is presented with the standard
deviation of these runs (STD). According to Table 1, the performance results for several meta-heuristic algorithms
such as AOA, EO, GWO, SSA, and WSO with several features have achieved different remarkable accuracy
concerning mean accuracy and the number of channel selections. The EO algorithm achieves better results
over all other metaheuristics, and the highest accuracy rate is obtained using the HFD feature, which equals
0.990989583. Moreover, the SSA algorithm achieved high accuracy with FuzEn, ImpEn, and SampEn features.
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Table 5: The performance of metahurstic algorithms using Kappa

Datasets Measure AOA EO GWO SSA Wso
ConvFuzEn AVG 0.755714286 0.785238095 0.779285714 0.91547619 0.773571429
STD 0.037178114 0.008894556 0.012897741 0.691109456 0.018896557
FDF1 AVG 0.856428571 0.878809524 0.875952381 0.438571429 0.873809524
STD 0.011503831 0.000752923 0.003628295 0.699982923 0.00832388
FDF2 AVG 0.081103202 0.042806742 0.048459095 0.024657655 0.059961228
STD 0.038116862 0.006287873 0.015754147 0.136288611 0.015546211
FuzEn AVG 0.772142857 0.804285714 0.788809524 0.811904762 0.797380952
STD 0.021385907 0.008679507 0.023356807 1.17028 x 10-16 0.012621294
HFD AVG 0.936428571 0.958809524 0.953571429 0.967380952 0.95452381
STD 0.016912399 0.004054616 0.005750546 0.125379355 0.00396031
HjAc AVG 0.85952381 0.869285714 0.862619048 0.880328599 0.861666667
STD 0.011878277 0.001351539 0.007940475 0.17170293 0.00820575
HjComp AVG 0.685 0.734285714 0.720238095 0.30952381 0.714285714
STD 0.03063636 0.008339 0.020366075 0.546676877 0.014634198
HjMo AVG 0.88452381 0.892380952 0.889047619 0.933333333 0.89
STD 0.011404848 0.0041695 0.008186538 0.639366826 0.005810478
Hur AVG 0.4481144 0.419331913 0.426489861 0.093466812 0.434119247
STD 0.014376709 0.009963207 0.013456421 0.695770548 0.016737844
ImpEn AVG 0.726666667 0.768095238 0.756428571 0.769047619 0.745
STD 0.020506315 0.003011693 0.012946486 1.17028 x 10-16 0.03526972
Kur AVG 0.382201214 0.352239695 0.359727127 2.083783302 0.355682954
STD 0.01866199 0.002929571 0.01252643 2.70492186 0.005743432
MFEmMu AVG 0.394285714 0.462857143 0.449047619 2.682142857 0.43952381
STD 0.035867397 0.024389755 0.042163702 0.855558258 0.04036243
RCMFEmu AVG 0.190238095 0.264047619 0.253333333 0.278571429 0.240952381
STD 0.072543764 0.044280451 0.018483716 0 0.044085855
SampEn AVG 0.434047619 0.511428571 0.483571429 0.516666667 0.491428571
STD 0.03617951 0.016564312 0.036944423 0 0.024260283
Skw AVG 0.207128817 0.165304587 0.16707427 0.978285056 0.183566727
STD 0.019269745 0.005858243 0.008981525 0.780784196 0.022710352
TsEn AVG 0.030426582 0.084047619 0.071666667 0.330954357 0.079285714
STD 0.018881128 0.005270463 0.010435829 0.468478741 0.010531958

Bold values indicates the best results.

Figures 3 and 4 show the results of the AOA, EO, GWO, SSA, and WSO using time, frequency, and time-
frequency domain features.

Table 2 presents the results of 16 EEG features in the time, frequency, and time—frequency domain features
based on the F-score measure. The averaging F-score for 30 times is presented with the standard deviation of
these runs (STD). According to Table 2, the performance results for several meta-heuristic algorithms such as
AOA, EO, GWO, SSA, and WSO with several features have achieved different remarkable accuracy concerning
mean F-score and the number of channels selection. The EO algorithm achieves better results over all other
metaheuristics and the highest accuracy rate is obtained using the HFD feature, which equals 0.9910171447.
Moreover, the SSA algorithm achieved high accuracy with FuzEn, ImpEn, and SampEn features.

Table 3 presents the results of 16 EEG features in the time, frequency, and time—frequency domain
features based on the fitness values measured. The averaging accuracy rate for 30 times is presented with
the standard deviation of these runs (STD). The table proved the high performance of the EO compared to
other algorithms in optimizing the AVG and STD of the fitness values in 5 and 2 datasets, respectively.
However, the SSA obtained better AVG results in 11 datasets.

Table 4 presents the results of 16 EEG features in the time, frequency, and time—frequency domain
features based on the FPR measure. The averaging accuracy rate for 30 times is presented with the standard
deviation of these runs (STD). The table proved the high performance of the EO compared to other algorithms
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Table 6: The performance of metaheuristic algorithms using MCC

Datasets Measure AOA EO GWO SSA wso
ConvFuzEn AVG 0.939347341 0.946663478 0.945198582 0.379016846 0.943782816
STD 0.009158445 0.002241815 0.003163781 0.092680318 0.00466651
FDF1 AVG 0.964305674 0.969925947 0.969167685 0.984721672 0.968657033
STD 0.002871647 0.000143801 0.000917599 0.124289896 0.00206237
FDF2 AVG 0.734109411 0.745714504 0.744099422 0.871607889 0.740410977
STD 0.011812583 0.001995119 0.004616124 0.243522705 0.004635509
FuzEn AVG 0.943171709 0.951080281 0.947252787 0.953015539 0.949381554
STD 0.005244733 0.002165471 0.00579659 1} 0.003126003
HFD AVG 0.984167372 0.989769057 0.988446567 0.791903673 0.988689281
STD 0.004217235 0.001031477 0.001450944 0.690815425 0.000996583
HjAc AVG 0.965017054 0.967459169 0.965784959 0.685769502 0.965583864
STD 0.00297191 0.000337337 0.001979203 0.768152447 0.002031469
HjComp AVG 0.921806913 0.933955064 0.930494175 0.152661165 0.929037567
STD 0.007610882 0.00202897 0.004981774 0.964850967 0.003551982
HjMo AVG 0.971221813 0.973198343 0.972358398 0.583400475 0.972604871
STD 0.00283458 0.001029377 0.00202778 0.079877743 0.00144461
Hur AVG 0.557997135 0.582297592 0.575909351 0.90851853 0.570235277
STD 0.013151705 0.008649209 0.011877299 0.133328484 0.013579275
ImpEn AVG 0.931896666 0.942201166 0.939294532 0.942435046 0.936477377
STD 0.005089189 0.000739592 0.003230427 1.17028 x 10-16 0.008763331
Kur AVG 0.600128051 0.619048746 0.614409663 0.880669505 0.616957225
STD 0.013198617 0.001999947 0.008063513 0.158727826 0.003637141
MFEmMu AVG 0.849362237 0.86660842 0.863183816 0.521040039 0.860853825
STD 0.008929125 0.005899206 0.010314506 0.133549146 0.009888445
RCMFEmu AVG 0.801639513 0.819953924 0.817078088 0.823593547 0.814263655
STD 0.017695702 0.010709732 0.004716803 0 0.010923145
SampEn AVG 0.861110567 0.879994606 0.873157448 0.881304924 0.875025846
STD 0.008827063 0.004143589 0.009069253 0 0.005952573
Skw AVG 0.687830704 0.703832676 0.702698219 0.924302594 0.697396054
STD 0.006950396 0.001703606 0.003700277 0.132447917 0.008610743
TsEn AVG 0.758770872 0.773736077 0.770427136 0.556405189 0.772684196
STD 0.006723758 0.001470839 0.002878097 0.825601379 0.002321218

Bold values indicates the best results.

in optimizing the AVG and STD of the FPR in 12 datasets for both. However, the SSA obtained better AVG results
in 4 datasets.

Table 5 presents the results of 16 EEG features in the time, frequency, and time—frequency domain
features based on the Kappa measure. The averaging accuracy rate for 30 times is presented with the standard
deviation of these runs (STD). The table proved the high performance of the EO compared to other algorithms
in optimizing the AVG and STD of the Kappa in 2 and 12 datasets, respectively. However, the SSA obtained
better AVG results in 12 datasets.

Table 6 presents the results of 16 EEG features in the time, frequency, and time—frequency domain
features based on the MCC measure. The averaging accuracy rate for 30 times is presented with the standard
deviation of these runs (STD). The table proved the high performance of the EO compared to other algorithms
in optimizing the AVG and STD of the MCC in 7 and 12 datasets, respectively. However, the SSA obtained better
AVG results in 9 datasets.

Table 7 presents the results of 16 EEG features in the time, frequency, and time—frequency domain
features based on the precision measure. The averaging accuracy rate for 30 times is presented with the
standard deviation of these runs (STD). The table proved the high performance of the EO compared to other
algorithms in optimizing the AVG and STD of the precision in 11 and 12 datasets, respectively. However, the SSA
obtained better AVG results in five datasets.
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Figure 4: The first column of figures presents the frequency domain, the second column of figures presents the time domain, and the
third column presents the entropy domain. Source: Created by the authors.

Table 7: The performance of metaheuristic algorithms using precision

Datasets Measure AOA EO GWO SSA WSO
ConvFuzEn AVG 0.947574382 0.953862614 0.952626517 0.581865266 0.951422192
STD 0.007814717 0.001986904 0.002681388 0.539809804 0.003979142
FDF1 AVG 0.969131193 0.974078216 0.973353101 0.486776274 0.972947509
STD 0.00251532 5.78565 x 10-5 0.000819799 0.540985395 0.001771388
FDF2 AVG 0.777299082 0.788101902 0.786663119 0.392506175 0.782691176
STD 0.010771351 0.0022001 0.00447413 0.640356844 0.004587586
FuzEn AVG 0.950557907 0.957319839 0.954001123 0.959042388 0.955856787
STD 0.00443994 0.001872132 0.005029292 2.34056 x 1016 0.002699225
HFD AVG 0.98626347 0.991164973 0.989991221 0.19301551 0.990209463
STD 0.003669237 0.000930078 0.001285091 0.425318805 0.000878051
HjAc AVG 0.969638724 0.971769916 0.970293711 0.100791369 0.970197136
STD 0.002591922 0.000293894 0.001717049 0.530495614 0.001742732
HjComp AVG 0.932572045 0.942950125 0.939974539 0.259081343 0.938732933
STD 0.00656308 0.001696732 0.004224153 0.511283914 0.002970771
HjMo AVG 0.97498763 0.976734979 0.975989164 0.385599507 0.976214281
STD 0.002455762 0.000883197 0.001744923 0.528791824 0.001252873
Hur AVG 0.631834807 0.655880272 0.648704254 0.061230666 0.644303759
STD 0.013620575 0.009403382 0.012893027 0.647817947 0.012373614
ImpEn AVG 0.940811485 0.949777868 0.947243029 0.949980005 0.944850175
STD 0.004394706 0.000639213 0.002814948 2.34056 x 1016 0.007592979
Kur AVG 0.658508714 0.674711319 0.670646916 0.026070393 0.672901919
STD 0.012924055 0.002280037 0.007687313 0.687326935 0.003511738
MFEmMu AVG 0.87067588 0.885600719 0.882608337 0.332237439 0.8807807
STD 0.00773912 0.004712517 0.008608719 0.574718734 0.008139463
RCMFEmu AVG 0.833575219 0.849402726 0.846503171 0.852565556 0.84460488
STD 0.014673512 0.008676349 0.004306568 0 0.009295083
SampEn AVG 0.882655441 0.898257385 0.892619823 0.899406767 0.894028112
STD 0.007435252 0.003634666 0.007583663 0 0.004998817
Skw AVG 0.732786943 0.747235759 0.745455404 0.063631972 0.742213626
STD 0.005462565 0.001092764 0.004153879 0.67142651 0.007618174
TsEn AVG 0.793620133 0.806607237 0.803356089 0.990913497 0.806001889
STD 0.006091045 0.001581889 0.003030186 0.559100199 0.001626563

Bold values indicates the best results.
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Table 8: The performance of metaheuristic algorithms using sensitivity

Datasets Measure AOA EO GWO SSA Wso
ConvFuzEn AVG 0.9465625 0.953020833 0.95171875 0.381510417 0.95046875
STD 0.008132712 0.001945684 0.002821381 0.492528037 0.004133622
FDF1 AVG 0.96859375 0.973489583 0.972864583 0.4865625 0.972395833
STD 0.002516463 0.000164702 0.00079369 0.512881943 0.001820849
FDF2 AVG 0.7615625 0.771458333 0.770052083 0.384947917 0.767239583
STD 0.010193796 0.001509518 0.003868451 0.405771802 0.003846573
FuzEn AVG 0.95015625 0.9571875 0.953802083 0.958854167 0.955677083
STD 0.004678167 0.001898642 0.005109302 0 0.002760908
HFD AVG 0.98609375 0.990989583 0.98984375 0.792864583 0.990052083
STD 0.003699587 0.000886947 0.001257932 0.417876935 0.000866318
HjAc AVG 0.969270833 0.97140625 0.969947917 0.699635417 0.969739583
STD 0.002598373 0.000295649 0.001736979 0.440473119 0.001795008
HjComp AVG 0.93109375 0.941875 0.938802083 0.658333333 0.9375
STD 0.006701704 0.001824156 0.004455079 0.454294866 0.003201231
HjMo AVG 0.974739583 0.976458333 0.975729167 0.585416667 0.9759375
STD 0.00249481 0.000912078 0.001790805 0.503846544 0.001271042
Hur AVG 0.603385417 0.623177083 0.618385417 0.436302083 0.613125
STD 0.010503831 0.006584646 0.009071243 0.301101839 0.01163013
ImpEn AVG 0.940208333 0.949270833 0.94671875 0.949479167 0.94421875
STD 0.004485756 0.000658808 0.002832044 1.17028 x 10-16 0.007715251
Kur AVG 0.645625 0.662291667 0.658229167 0.417447917 0.66046875
STD 0.010867556 0.001537218 0.006794386 0.321559578 0.00305131
MFEmMu AVG 0.8675 0.8825 0.879479167 0.53046875 0.877395833
STD 0.007845993 0.005335259 0.00922331 0.456555253 0.008829281
RCMFEmu AVG 0.822864583 0.839010417 0.836666667 0.8421875 0.833958333
STD 0.015868948 0.009686349 0.004043313 0 0.009643781
SampEn AVG 0.876197917 0.893125 0.88703125 0.894270833 0.88875
STD 0.007914268 0.003623443 0.008081593 0 0.005306937
Skw AVG 0.723958333 0.737916667 0.73734375 0.456458333 0.731875
STD 0.006660877 0.001850405 0.002863794 0.362706828 0.007642045
TsEn AVG 0.7865625 0.799635417 0.796927083 0.5846875 0.79859375
STD 0.005917058 0.001152914 0.002282838 0.353137137 0.002303866

Bold values indicates the best results.

Table 8 presents the results of 16 EEG features in the time, frequency, and time—frequency domain
features based on the sensitivity measure. The averaging accuracy rate for 30 times is presented with the
standard deviation of these runs (STD). The table proves the high performance of the EO compared to other
algorithms in optimizing the AVG and STD of the sensitivity in 12 for both. However, the SSA obtained better
AVG results in four datasets.

Table 9 presents the results of 16 EEG features in the time, frequency, and time—frequency domain
features based on the number of EEG channel selection measure. The averaging accuracy rate for 30 times
is presented with the standard deviation of these runs (STD). The presented results proved the high perfor-
mance of the utilized EO algorithm compared with all the other algorithms by achieving the best results in
most of the measurements and datasets.

5 Conclusions and future work

This work introduces a new technique to select relevant EEG channels for stroke patient’s rehabilitation using
a binary version of the EO, termed EO-EEG. The primary objective of the EO algorithm is to select the most
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Table 9: The performance of metahurstic algorithms using No. Channel selected
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Datasets Measure AOA EO GWO SSA Wso
ConvFuzEn AVG 14 15 14 15 14

STD 0.3498 0.6992 0.8755 0 0.1005
FDF1 AVG 13 14 14 15 14

STD 0.9660 0.31626 0.47140 0.849 0.7888
FDF2 AVG 14 14 14 15 14

STD 0.0801 0.6992 0.42163 0.84986 0.1595
FuzEn AVG 13 14 13 16 14

STD 0.63245 0.674948558 0.6999 0 0.6999
HFD AVG 12 14 13 15 13

STD 0.22927 0.3333 0.1737 0.0801 0.96603
HjAc AVG 13 13 13 14 13

STD 0.4832 0.4216 0.5676 0.51779 0.94898
HjComp AVG 13 15 15 15 14

STD 0.82327 0.42163 0.6992 0 0.6992
HjMo AVG 13 13 13 13 14

STD 1.3374 0.7378 0.8232 0.48304 0.0801
Hur AVG 13 15 14 15 14

STD 0.9660 0.48304 0.67494 0.31622 0.6324
ImpEn AVG 14 16 15 16 15

STD 0.63245 0.3162 0.05403 0 0.03279
Kur AVG 14 15 15 15 15

STD 0.10035 0 0.6999 0.3166 0.42161
MFEmu AVG 14 15 15 15 15

STD 0.8232 0.31626 0.65899 0 0.67458
RCMFEmu AVG 14 16 15 16 15

STD 0.9663 0.67458 0.87556 0 0.91893
SampEn AVG 14 16 15 16 15

STD 0.9183 0.6324 0.9996 0 0.8755
Skw AVG 13 14 14 15 15

STD 0.03279 0.48392 0.5676 0.47121 0.84986
TsEn AVG 13 15 14 15 15

STD 0.6667 0.63245 0.9663 0 0.6999

Bold values indicates the best results.

informative EEG channels that offer a higher accuracy rate, ultimately enhancing the efficacy of BCI systems in
stroke rehabilitation.

To validate the proposed method (EO-EEG), an EEG dataset was utilized, consisting of recordings from
eight poststroke patients with hemiparesis of the upper extremities. The EEG data were captured using
g.Nautilus PRO EEG caps equipped with 16 active electrodes from g.tec Medical Engineering GmbH, Austria.
The performance of EO-EEG was rigorously evaluated using several metrics, including accuracy, F-score, MCC,
FIT, FPR, Kappa, precision, sensitivity, and EEG channel selection. These comprehensive measures ensure a
robust assessment of the proposed method’s effectiveness. Furthermore, The EO-EEG method incorporates
various EEG feature extraction techniques, spanning the time, frequency, and entropy domains. It compares
the performance of the O algorithm against four other prominent metaheuristic algorithms: AOA, GWO, SSA,
and WSO. The evaluation focused on both the accuracy rate and the number of channels selected, demon-
strating that EO-EEG outperforms other methods.

A notable achievement of the proposed method is its ability to reduce the number of EEG channels while
maintaining a high accuracy rate, with the highest accuracy rate achieved being 99%. This reduction in
channels simplifies the EEG setup, enhances user comfort, and reduces computational load, making the
method highly practical for clinical use.

In terms of future work, several challenges remain to be addressed as follows:



22 —— Mohammed Azmi Al-Betar et al. DE GRUYTER

¢ The current version of the EO algorithm can struggle with generating new solutions that enhance accuracy,
often becoming trapped in local minima. To overcome this limitation, modifications to the EO algorithm’s
mechanism or hybridization with another metaheuristic algorithm will be explored to improve its capability
in finding the optimal solution.
The current EO algorithm primarily focuses on maximizing accuracy without factoring in the number of EEG
channels as part of the objective function. Future work will involve developing a multiobjective version of
the EO algorithm that simultaneously considers both the highest accuracy and the lowest number of EEG
channels. This approach will further optimize the balance between accuracy and efficiency, enhancing the
practical applicability of the method in stroke rehabilitation.
¢ EO, like many other metaheuristic algorithms, can sometimes converge prematurely to suboptimal solu-
tions. This happens when the algorithm gets trapped in local minima, reducing its ability to explore the
global search space effectively. To address this, hybridization with other optimization techniques could be
explored. Combining EO with methods like simulated annealing or genetic algorithms could enhance its
exploration capabilities and avoid premature convergence.
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