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Abstract
Stroke is a clinically defined illness characterized by immediate and focal neurological impairments
arising from vascular injury (infarction, haemorrhage) to the central nervous system, which can lead to
blockage and rupture of blood vessels, resulting in mortality and lifelong disability. The healing process
necessitates a methodology for assessing criteria utilized in monitoring, evaluation, and medical
rehabilitation. The measurement of appropriate parameters, assessed through the severity of stroke via
the identification of components such as data retrieval, preprocessing, feature extraction, and feature
selection, ensures that information is preserved, thereby facilitating the objectives of monitoring,
evaluation, and medical rehabilitation for the recovery of stroke patients.
The challenge in rehabilitating stroke patients through monitoring, evaluation, and medical rehabilitation
lies in the absence of accurate measurement correlating motor movement stimuli and features due to the
signal's unstable, non-linear, and non-stationary characteristics. This necessitates an appropriate
correlation method for stabilization, linearization, and stationarity within a reduced dimensional space.
In light of these challenges, it is essential to employ the correlation analysis method developed through
EEG signal data recording, signal processing, feature extraction, feature selection via normality and
significance tests, and correlation analysis to precisely identify the appropriate parameters for monitoring,
evaluation, and medical rehabilitation through stroke severity classification patterns.
Our experimental findings indicate that the correlation analysis approach for assessing stroke severity
classification patterns is evident in the Hajorth Complexity feature using shoulder motor movement stimuli
and SVM classification, achieving a significant value of 98% accuracy. This finding corroborates the
correlation analysis method between EEG signal features and motor movement stimuli in identifying the
optimal parameters within a reduced dimensional space to assess stroke severity accurately.
Identifying suitable parameter measurements in stroke severity categorization enables physicians and
physiotherapists to utilize these measurements for monitoring, evaluating, and rehabilitating stroke
patients.
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INTRODUCTION

Stroke is an acute and localized
neurological condition resulting from arterial
damage (infarction, haemorrhage) to the central
nervous system, leading to mortality and
permanent  disability [1]. According to
projections from the World Health Organization
(WHO) spanning 2009 to 2019, stroke ranks as

the second largest cause of death and the third
major cause of disability globally, with disability-
adjusted life-years lost (DALYs) indicating that
86% result in mortality and 89% lead to
permanent disability [2]. Regular medical checks
and maintaining a healthy lifestyle are essential
to avert such issues. Doctors conduct
examinations by eye observation, employing
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specific measurement techniques as tools for
assessment. These visualization metrics yield
varying analyses from each physician, which
may lead to potential misdiagnosis. A brain
examination tool that does not induce side
effects, such as radioactivity and cellular death,
is essential; thus, a safe instrument, specifically
Electroencephalography (EEG), is required to
ensure consistent diagnostic results.
Electroencephalography (EEG) is effective for
identifying electrical wave activity in the brain by
electrodes affixed to the scalp, utilizing many
channels as a data collection instrument [3].
Data collection from stroke patients via EEG,
paired with a motor movement stimulus, seeks
to assess the strengths and weaknesses of
stroke-affected motion, hence serving as a
metric for guiding subsequent medical
interventions when translated into a signal [4].

EEG data obtained by scalp sensors can
record up to 256 Hz or channels, with each
channel comprising five frequency bands: alpha
(8-13 Hz), beta (13-30 Hz), delta (0.1-4 Hz),
gamma (30-100 Hz), and theta (4-8 Hz). The
Gamma frequency sub-band exhibits the lowest
amplitude and the highest frequency, whereas
the Beta frequency sub-band has a frequency of
> 14 Hz and a voltage of up to 25 mV. The
Alpha frequency sub-band exhibits a voltage
range of 10-150 mV, the Theta frequency sub-
band is situated in the occipital or vertex
temporal area, and the Delta frequency sub-
band is characterized by a substantial amplitude
and a low frequency, specifically below 3 Hz [5].
The overutilization of sensors will correlate with
the number of channels and band components,
leading to increased data complexity. The
complexity of data will enhance the utilization of
extracted features, hence identifying a diverse
array of features that facilitate the selection of
suitable features to minimize dimensional space
usage.

Our project studies the link between EEG
signal properties and the motion stimulus
utilized in data collection, aiming to find patterns
that will aid in post-stroke monitoring,
evaluation, and rehabilitation. This study builds
upon prior research that examines the selection
of suitable parameters by comparing each
feature associated with the subband and hand
movement during data collection via stimuli. The
study results revealed a correlation between the
features and motions of the healthy and stroke-
affected sides, aimed at identifying appropriate
parameters for monitoring and rehabilitation
through individual analysis [6]. This research
exhibits limitations in feature use, as it employs
only four features across two domains: the

temporal and frequency domains. As the
number of characteristics increases, the
diversity in selecting parameters will also
increase. A further limitation is that the accuracy
rates remain approximately 53% for Elbow, 60%
for Shoulder, and 61% for Grasp. Consequently,
this classification pattern is less effective in
assessing parameters, as it relies on individual
analyses that cannot validate the accuracy of
the parameters employed in monitoring,
evaluation, and medical rehabilitation
processes.

Furthermore, further studies have
identified efficacy patterns in rehabilitation
therapy, whether conducted at home or in a
hospital setting, through movement stimuli
associated with enhancements in morbidity and
mortality by monitoring motor coordination skills
in stroke rehabilitation. This work aims to
establish a correlation between characteristics
and movement stimuli utilized for rehabilitation
during a pandemic [7]. This research exhibits
limitations in feature utilization, as it employs
only a single feature in the time domain,
resulting in a classification pattern lacking
comparative analysis. Stroke examination
encompasses both movement and various
aspects, including dimensions, frequency
bands, features, and domains, which collectively
contribute to EEG signal-based research. A
limitation of this study is the elevated accuracy
rate of 95% in the classification pattern, derived
from a single feature associated with three
motions, leaving no basis for comparison.

This study examines the influence of
characteristics, domains, frequency bands, and
motion stimuli on EEG signal patterns
corresponding to different stroke severity levels,
serving as a foundation for selecting further
treatment for stroke patients. This research aims
to identify the categorization pattern of stroke
severity in the temporal domain that links
characteristics with motor movements [8]. This
research needs to improve in identifying
categorization patterns due to an inadequate
application of features and domains, as it just
employs statistical features and time domains in
data processing. A further limitation in assessing
the accuracy value remains at around 82.5% in
shoulder movements.

Appropriate  parameters must  be
established through classification types,
standardized Manual Muscle Testing (MMT)
movements, and features with a reduced
dimensional space encompassing multiple
domains to facilitate the monitoring, evaluation,
and medical rehabilitation of stroke patients. By
correlating acceptable movement norms and
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features from multiple domains, numerous
patterns for classifying stroke severity will
emerge. Appropriate metrics can be identified
for monitoring, evaluating, and rehabilitating
stroke patients through various classification
patterns.

A correlation classification model between
EEG signal features and motor movement
stimuli is required, utilizing exact parameter
measurements through signal processing,
feature selection, and correlation analysis.
Establishing a correlation classification model
for signal processing analysis necessitates the
selection of signals and the correlation of EEG
signal features with motor movement stimuli. A
relationship  between inferential statistical
analysis and correlation analysis is essential to
minimize redundant resources in processing,
thereby enhancing signal reduction and
improving  processing  performance. The
methodology employed involves inferential
statistical analysis and correlation analysis,
comparing EEG signal features with one
another, motor movement stimuli with each
other, and EEG signal features with motor
movement stimuli. This approach aims to
identify differences or similarities in patterns that
are pertinent for developing stroke severity
classification models, thereby yielding accurate
correlation analysis results. To develop
classification patterns by enhancing accuracy
and complexity through the analysis of
differences and similarities, inferential statistical
methods and correlation analysis are required,
offering computational efficiency and robustness
in pre-processing.
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This paper aims to identify classification
patterns that reveal similarities and differences,
enhancing accuracy. To achieve this, feature
selection via feature analysis and correlation
analysis is essential for determining optimal
parameters, stabilizing signals, and ensuring
computational efficiency and robustness. We
propose a correlation analysis method between
EEG signal features and motor movement
stimuli, facilitating feature selection and the
identification of variances or commonalities in
variables and parameters for classifying stroke
severity patterns. This study contributes to
research in the following manner:

1. Facilitate the utilization of private datasets that
have undergone ethical feasibility
assessments by the Hospital.

2. Contribute to identifying optimal EEG signal
characteristics and motor movement stimuli
that  significantly impact monitoring,
assessment, and medical rehabilitation.

3. Enhance the classification significance in
identifying  appropriate  parameters as
materials for developing stroke severity
classification patterns through a correlation
analysis methodology.

METHOD

This research proposes a correlation
analysis approach between EEG signal
properties and motor movement stimuli,
illustrated in the block diagram in Figure 1.
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Figure 1. Flowchart of Correlation Analysis Method for Stroke Severity Classification
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The initial phase involves raw EEG Table 1 elucidates the correlation

signal data, encompassing data collected from
stroke victims. The second stage involves
preprocessing, encompassing high- and low-
pass filters, EEG data cleansing, data
segmentation, and decomposition. The third
stage entails feature extraction and selection,
which includes time-domain feature extraction,
frequency-domain, signal decomposition-domain
(multi-domain), and the optimal feature selection
process. The fourth stage involves correlation
analysis for classification, encompassing
correlation analysis, classification, and
evaluation.

A. EEG Signal Raw Data

The chosen patient data comprise
individuals with stroke from Simpang Lima
Gumul Hospital in Kediri, East Java, with the
etiology of stroke attributed to diminished
cerebral blood flow resulting from ischemia
(thrombotic obstruction or arterial embolism).
Data collection involved EEG readings from 22
ischemic stroke patients, all of whom provided
consent during the data-gathering process. Data
collection must adhere to recording protocols,
specifically established regulations that apply
before, during, and after the recording process.
Physicians have classified all data collected as
mild, moderate, or severe conditions and have
had ethical approval from the Hospital.

Table 1. Stroke Patient Data

Patient Age Sex Affected Category

Hand
P01 52 Male Left Severe
P02 61 Male Left Severe
P03 66 Male Left Severe
P04 48 Male Left Severe
P05 60 Male Left Moderate
P06 58 Male Left Moderate
P07 60 Male Right Moderate

P08 56 Female Left Mild
P09 53 Female Right  Mild
P10 50 Female Right  Mild

P11 50 Female Left Mild

P12 58 Male Left Mild

P13 61 Male Left Severe
P14 48 Male Left Severe
P15 58 Male Left Severe
P16 50 Female Right Severe
P17 50 Female Left Moderate
P18 56 Female Left Moderate
P19 52 Male Left Moderate
P20 53 Female Right  Mild

P21 60 Male Right Mild

P22 67 Male Right Mild

between the affected hand and the stroke
incident impacting the left or right hand. This
indicates that the impact of the assault results in
weakness or an attack on either the right or left
hand.

The data collection employs the EEG
signal device OpenBClI (Open et al.) UltraCortex
‘Mark 1V’ and the Cayton Board 8 Channel as a
processing apparatus [9], as this device meets
the study requirements for the motor cortex
region. This device is portable, user-friendly, and
affordable compared to EEG equipment for
medical applications. According to a study by
Jeremy Frey [10], this EEG device demonstrates
a commendable accuracy in interpreting EEG
signals, comparable to that of medical-grade
EEG instruments. The EEG reading results from
this instrument can be validated. The channel
configuration of this tool can be modified,
comprising six electrodes and channels F3, F4,
C3, C4, 01, and O2.

OPENBCI Il

m. seesee’

3 il 4 -~ |
Figure 2. Headset UltraCortex “Mark IV~
Alongside the EEG signal device, data
collection employs a motoric movement stimulus
via the Manual Muscle Testing (MMT) approach,
which includes hand-held, elbow, and shoulder
movements. The objective of data collecting via
EEG signal devices in conjunction with
movement stimuli is to clinically analyze the
patient's neuromotor performance, facilitating
the analysis, evaluation, and assessment of
motor performance in rehabilitation. Neuromotor
impairment is characterized by compromised
movement or motor function that impacts the
neurological system. Integrating EEG and
movement stimulus signaling methods is
essential for elucidating neuromotor integrity or
disease by observing brain activation and motor
correlates [11].

Upon the availability of all necessary
components, including patients, EEG
equipment, and motions, data collection is
executed based on the principle of recording
data during the collection process as outlined
below:
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Figure 3. Movement Stimulus

The patient is allotted 60 seconds to
execute three movements: shoulder, grip,
and elbow, with a sampling frequency of
256 Hz. The recording begins with 5
seconds of relaxation, followed by 10
seconds of grip movement. Another 5
seconds of rest was succeeded by 10
seconds of elbow movement, followed by 5

B. Preprocessing

Raw data will be generated upon data

acquisition, which necessitates preprocessing
due to significant interference. This data does
not accurately represent the original signal, as
noise disrupts the separation of pertinent brain

signals  from
preprocessing is

extraneous
conducted

activity.  The
through the

subsequent steps:

1.

High Low Pass Filter

Employing the Finite Impulse Response
(FIR) Method with a Hamming Window to
enhance the ripple quality in spectral
sidelobes derived from the Fourier
transform. The lowpass filter will be set at 1
Hz to eliminate the signal's muscular noise
and low-frequency distortions. The highpass
filter will be set at 40 Hz to eliminate Radio
Frequency (RF) wave interference and
high-frequency noise from the signal [9].

seconds of relaxation, and the conclusion 2. Data Cleaning
was 10 seconds of shoulder movement. Data cleaning is performed to eliminate
The data gathering technique involved noise from muscle action around the head,
recording data in OpenBCI software, which including swallowing, head movements, or
includes Time Series, FFT Plot, and excessive hand motions characterized by
Bandpower records. high-frequency  activity or  elevated
amplitude in EEG time series data. The
technique employed for data cleansing via
- Automatic Subspace Reconstruction (ASR).
5 v T This approach autonomously does cleaning
PR—"" T e——— \ and effectively eliminates  substantial
=3 { quantities of artlfact noise [10].
: "‘WW i e = 3. Data Segm_enta_ltlon o
: i e Segmentation is the process of partitioning
: : data based on predefined events, ensuring
° that the residual data exclusively comprises
0w PRI the intended event (movement command).
0 msedifiliinsimmnn | To accommodate the motion capabilities of
- ke - stroke patients, the data is truncated one
. second before the movement command
Figure 4. OpenBCl Software Interface and three seconds after the movement
. . . . . command. Each movement is captured by
The time _serles will IarCh'Yti EES S|g|naI? 0.5 seconds of data, yielding 20 data points
deroting 3. chanmel o derofing F4 in a single series of motions [11].
9 , channe enoting ’ 4. Decomposition

channel three denoting C3, channel four
denoting C4, channel 5 denoting O1, and
channel six denoting O2.

The data produced from the recording
process is in a raw format compatible with
Matlab (*.mat). The event marker and
channel location are also imported to
facilitate additional data processing. Event
markers denote movement instructions per
time unit (*.txt). The locations of EEG
channels are referred to as channel
locations.

Decomposition is the process of partitioning
a band into multiple frequency bands. This
study concentrates on four EEG signal sub-
bands: alpha low (a low), alpha high (a
high), beta low (B low), and beta high (8
high). The decomposition procedure
employs the Infinite Impulse Response (IIR)
method. IIR is employed as the extraction
method for a low, a high, B low, and B high
waves because of its ability to generate
wavelengths identical to the original signal.
This research employs a Chebyshev type |
convolution window in the IIR filter [14]. This
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study will evaluate two of the four brain
wave frequencies, specifically beta and
alpha, for subsequent feature extraction.
Alpha waves will be categorized into alpha
low and alpha high, whereas beta waves
will be divided into beta low and beta high.
Motor activity in the brain is typically
associated with alpha-low, alpha-high, beta-
low, and beta-high waves. These four
waves play a crucial role in motor motions
requiring conscious execution.

Feature Extraction and Feature Selection
Feature Extractin

Feature extraction is the process of
uncovering latent characteristic information
by expressing an input signal through
features that denote specific behaviors or
patterns inherent in the signal [16] [17] [18]
[19]. Feature extraction typically involves
dimension reduction or data compression to
minimize the resources needed for
analyzing the input signal.

Table 2. Feature Formula

Domain Feature Features Description
Time Domain Variance , 1 Z" L )2 Where o is the EEG signal, n
o “n—=1 i=1(n ) is the total number of EEG
data, and p is the average
value.
Time Domain Energy i Where E is the energy, 1 is
E=m Z |x(n)|? the average value, and x(n) is
n=—oo the EEG signal.
Time Domain Skewness o (xi — p)? Where N is the total amount of
Sk _ =t N EEG data, y is the average
ewness RN CI A DY value, and n is the EEG
(Zizl N ) si
gnal.
Time Domain Zero L1 Where Z(i) is the value of the
Crossing Z@M = 2N I1X: ()] = [Xi(n = D] zero crossing feature, x[n] is
the amplitude value at the nth
index data, N is the total
number of bits in frame t.
f i i N-1 72
Time Domain Hjorth g2 = M Where O'g is the variance of
Activity x N
the signalSnorm(l/l),Gl2 is
the first derivative looking for
variance, n is the order
Time Domain Hjorth M. =% Where Mx is the variance of
o X
Mobility Ox the signal, ()'12 is the first
derivative of finding the
variance.
Time Domain Hjorth . FF = My = Txrr/ O Where O'(f is the variance of
Complexity M,  o,/o,

Signal Decomposition EMD
Domain

Frequency Domain PSD

Frequency Domain PP

20=) GO+r©

PSD =

[Xn]* _ ((amplitudo)®
P ()
_ XrS(D

=— ,f €[812]
Y1 SU)

the signalS (n),o7 is

the first derivative looking for
variance, n is the order
Where Z(t) is the local
extreme value, n is the
number of iterations starting
from i=1, Ci(t) is separating
the residuals by equation,
while r(t) is the residual data.
Where x[n] is the amplitude
value at the n index data.

Where PP is the power
percentage account in the
frequency band, and S(f) is
the PSD account

Jurnal Nasional Pendidikan Teknik Informatika : JANAPATI | 602



AT
<Zlanarat)
2. Feature Selection
a. Normality Test
A normality test is conducted to
ascertain if the sample data is usually
distributed, evaluating the distribution of
the obtained data through statistical
analysis.
x2 =y 0iED ()
E;
Where X? represents the X? value, Oi
denotes the observed value, Ei signifies
the predicted value derived from the
standard table multiplied by N, and N
indicates the total count of data points.
A normality test is conducted on
features derived from the time domain,
frequency  domain, and  signal
decomposition domain (multi-domain).
Feature selection is conducted after
identifying  pertinent and  optimal
features using the normalcy test. A
normality test is conducted to ascertain
if the sample data is usually distributed,
evaluating the distribution of the
obtained data through statistical
analysis.
b. Feature Selection

Feature selection is conducted using a
significance test using Analysis of
Variance, which assesses the extent of
the average differences among groups
by comparing their means.

Table 3. Feature Selection

Name Formula

Description
X; is  the
average value
in the j group,
Xr is  the

k
SSW  Ssw = Z(X - X)?

j=1

k
SSB SSB = Z(}?] - X)? overall
= average value
x;j data ke-i
df dfy =k—1 dalam
dfe df, =n—1 J1.<elompok ke
_Ssw
MSW MSW =77~
MSB SSB
MSB = ——
dfy

The significance test is conducted by
categorizing each variable into a
specified target, followed by the
computation of the Mean Squares value
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for each feature. The Mean Squares
value determines the ratio of squares to
the degrees of freedom for each feature,
thereby enabling the ratio calculation for
each Mean Squares value.To find the
best feature, an F-test was conducted
with the following equation:

F = MSB (2)
MSwW

In equation 2, MSB is the Mean Square

Between, and MSW is the Mean Square

Within.

D. Correlation Analysis and Classification

Correlation Analysis

Correlation analysis examines the extent
of the relationship between variables as
indicated by the correlation coefficient
value. The correlation between these
variables might be both positive and
negative. In correlation analysis, there is
no designation of independent variable
(X) and dependent variable (Y).

This study determined the coefficient
using the Pearson correlation method (r)
[19] between the average values of
mild, moderate, and severe situations,
utilizing the C3 and C4 channels of
EEG, involving 22 stroke patients.

r= nEXY)-EX)XY) (3)
JInEX2-CX)2[nXY2-(Y)?]

X is the variable value, Y is the variable
value, r is the correlation coefficient, and
n is the information quantity.

In this work, we use two variables,
namely features and motor movement
stimulus, and use a combination of
inferential  statistical analysis  with
correlation analysis, so the equation is
developed using the development of
inferential statistical analysis algorithms
with correlation, which we compiled
under the name SigKorelasi algorithm. In
Equation 3, the application of only two
variables will be compared.

The SigCorrelation  method
clarifies that we only add one variable as
the counter of the new variable if there is
more than one variable. From 1 variable
X, if another variable, it will be X and Y
as the input variables. The variable input
is then repeated depending on the
weight count limit.
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Algorithm : SigCorrelation

Input : X-input, Y-input is the
dataset, F-input is the
statistical F value, n-value
initial weight, j-value final
weight

Output : SigCorrelation

Step

1 : Initialise SigCorrelation

: Set Height Limit j = sum of weights
: Set F = statistic-value
:forn=1toj
If F<0.05
A < [n](XY) - (X[n]) (Y[n])
B &« W[n(X2 - Xn] "2)
[INI(Y"2 - Y[n] "2)]
SigCorrelation < A/B
end if
: end for
: return SigCorrelation

NOoO OO WN

o N ©

Classification

This research employs machine learning
methods to train and predict extracted
attributes. Through feature extraction,
suitable features were identified using
five classification methods: Decision
Tree (DT), K-Nearest Neighbor (KNN),
Naive Bayes (NB), Support Vector
Machine (SVM), and CN2 Rule Induction
(CN2 RI). These methods evaluate the
correlation between EEG signal features
and motor movement stimuli to assess
the performance of a stroke severity
model, thereby facilitating effective
classification. This will demonstrate the
effectiveness of parameter adjustment in
classifying the retrieved features,
allocated as 80% for training and 20%
for testing.

Evaluation

The assessment employs a comparative
approach to classify results into severe,
moderate, and mild. The three classes
are evaluated using classification
technique parameters in a matrix table
that delineates the classification model's
performance on a set of test data with
known true values.

Number of corect predict sample

Number of total sample (4)
The accuracy % is determined by the
ratio of correctly predicted samples to
the total number of samples.
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RESULT AND DISCUSSION

A.

1.

Result

Results of EEG Signal Recording Dataset
Upon completion of the EEG signal
recording procedure on stroke patients, the
subsequent data set will be produced :

) OpenBCI-RAW-2021-04-19_11-30-43 - Notepad - O X

File Edit Format View Help

péOpenBCI Raw EEG Data A

%Number of channels = 8

%Sample Rate = 250 Hz

%Board = OpenBCI_GUI$BoardCytonSerial

Sample Index, EXG Channel 0, EXG Channel

1, EXG Channel 2, EXG Channel 3, EXG

Channel 4, EXG Channel 5, EXG Channel 6,

EXG Channel 7, Accel Channel 0, Accel

Channel 1, Accel Channel 2, Other, Other,

Other, Other, Other, Other, Other, Analog

Channel 9, Analog Channel 1, Analog

Channel 2, Timestamp, Timestamp

(Formatted)

78.0, -5868.76318359375, -17289.609375, -

15006.9609375, -56595.0625, -

187500.015625, -187500.015625,

11519.6640625, -68826.1796875, 0.0, 0.0,

0.0, 192.0, 0.0, 0.0, 0.0, 0.0, 0.0, 0.0,

0.0, 0.0, 0.0, 1.6188066438797383E9, 2021

-04-19 11:30:43.879 v
Ln1, Col1 100%  Windows (CRLF) UTF-8

Figure 5. Dataset of Recording Results

The resultant dataset comprises text
formatted as a time-series dataset, with a
sampling frequency of 256 Hz, utilizing six
channels: F3, F4, C3, C4, O1, and O2.
Each patient's dataset has four text files:
baseline, shoulder, grip, and elbow.

Once all the raw data is acquired, it is

further segmented into the requisite
channels. This research exclusively
focuses on motorbikes, utilizing only

channels C3 and C4, which are converted
into digital signals and prepared for
preprocessing.

Preprocessing Results

Preprocessing limits the high-low-pass filter
so that the frequency is not too high or too
low. Then, the data is cleaned from noise
and interference due to the crackle during
recording. Furthermore, the data is
segmented as desired so that the pattern of
the EEG signal waveform is visible for easy
research. The next step is decomposition,
which divides the signal into subbands so
that each event is divided into
predetermined subbands.
Table 4 below shows the results of
preprocessing processing based on 22
patients who have processed the data.
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Table 4. Preprocessing Results Results, (b) Feature Selection Results via
Hjorth Complexity Significant Test, (c) Correlation Analysis
Shoulder Results, and (d) Classification and
Alpha Alpha Beta Beta Evaluation.
Patient Low  High Low  High a. Analysis of Normalization Test
P01 02137 02725 0.3748 0.5869 Outcomes

P02 0.2141 0.2619 0.3729 0.5863 ;
P03 02104 02694 03777 0.5636 A normality test evaluates whether a

PO4 0208 02645 03757 05988 sample. or data distribution fro_m a
P05 0.2075 0.2716 0.3634 0.5720 populatlon adheres to the aSSUmptlon of
P06 02108 0.2687 0.3635 0.5925 normality, ~which is essential for
PO7 0.2095 02572 0.3648 0.5921 statistical analysis. This study examined
P08 0.2118 0.2574 0.3626  0.5977 the EEG signal characteristics and hand
P09 0.212 0.2590 0.3687 0.5773 motor movement stimuli to determine if
P10 0.2112 0.2599 0.3711 0.5926 the Samp|e data had a norma|
P11 02091 0269 03732 05783 distribution, as indicated by the results
P12 0.2158 0.2582 0.3761 0.5774 below

P13 0.2079 0.2539 0.3653 0.5803 )
P14 0.2122 0.2640 0.3610 0.5734
P15 0.2097 0.2632 0.3670 0.5799 ’
P16 02094 0.2665 0.3690 0.5979 Normality Test Results

P17 0.2098 0.2615 0.3673 0.5877 Test Normality

P18 0.2097  0.2683 0.358  0.5461 Feature Elbow Grasp Shoulder
P19 0.2151 0.2606 0.3651 0.5625 Variance 0.001 0.006 0
P20 0.2079 0.2755 0.363 0.5889

Table 5. Feature and Movement Correlation

P20 0.2110  0.2579 0.3647 0.5767 gg?gmess 0 0 0.009

P21 0.2079  0.2755 0.363 0.5889 .

P22 02137 0.2725 0.3748  0.5869 Crossing 0 0661 0
Hjorth

The processed data above is one example ﬁ%’&’gy 0.001 0.01 0

of the Hjorth Complexity feature in the time o

domain, with shoulder movements in the mgt;:gty 0.439 0.052 0.996

alpha low, alpha high, beta low, and beta .

high subbands. So, each feature has three gomplexny 0.34 0'092 0.922

movements, namely shoulder, grasp, and Pgergy 0 0.00 40

elbow, each stored in four subbands: alpha PSD 7 492 6 492 8342

I Ipha high, beta | d beta high. If . . .

ow, alpha high, beta low, and beta hig EMD 0 0.084 0

each feature has 12 columns of data, then

there are 120 columns if there are ten i L
features. The analysis of the normalization test

3. Correlation Analysis Resuls results for the correlation between EEG

This study aims to ascertain the correlation
between EEG signal features and motor
movement  stimuli, serving as a
classification pattern for stroke severity to
guide subsequent monitoring, evaluation,
and medical rehabilitation, utilizing brain
wave characteristics in stroke severity
groups through  correlation  analysis
methods. The features extracted from the
time domain include Variance, Skewness,
Zero-crossing, Energy, and Hajorth
Parameters  (activity, mobility, and
complexity); from the frequency domain,
they include Power Percentage (PP) and
Power Spectral Density (PSD); and from the
decomposition domain, Empirical Mode
Decomposition (EMD) is utilized. This
research employs an approach comprising
three test scenarios: (a) Normality Test

signal features and motor movement
stimuli in Table 5 indicates that the
classical assumption required for
regression analysis is the normal
distribution of residual values,
necessitating a normality test on these
residuals. The test result for each
characteristic regarding a normally
distributed residual value indicates a
significant average value level with a p-
value greater than 0.05. The results in
Table 5 indicate that the EEG signal
features and motor movement stimuli
that exhibit a normal distribution include
Hjorth Mobility, Hjorth Complexity, and
PSD features (highlighted in bold red).
The outcomes of this normalcy
assessment serve as the foundation for
identifying the characteristics that will be
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utilized in important testing and feature PSD concerning elbow, grip, and

selection. shoulder movements.

c. Correlation Analysis Results

. Feature Selection Outcomes via The correlation  analysis  results,
Significance Testing employing the Pearson correlation
The outcomes of the normalcy test are method, indicate the degree of

next analyzed using the Analysis of
Variance, categorized into stroke
severity groups according to the most
relevant EEG signal characteristics and
motor movement stimuli. This technique
will create the average value for each
stroke severity group to identify the most
suitable EEG signal characteristics and
motor movement stimuli for monitoring,
evaluation, and medical rehabilitation.

According to the examination of the
substantial test findings in Table 6 for
each feature, the F-Table value, derived
from the number of independent
variables and respondents, is 3.13. The
F value (F-Count) is usually distributed
when the F-Count exceeds the F-Table
value, as indicated by the formula.
According to the F (F-Count) value
results in the z table, instances exist
when F-Count exceeds 3.13, indicating
that all features are regularly distributed,
specifically the Hjorth Mobility Feature,
Hjorth Complexity, and PSD during
elbow, grip, and shoulder movements.

The study of the feature selection
findings in the Table 6 indicates that
each feature possesses a normally
distributed residual value, as evidenced

association between the EEG signal
characteristic and the motor movement
stimulus, represented by the correlation
coefficient value. The link between these
variables may manifest as features and
motions or as movements categorized
into mild, moderate, and severe, yielding
both good and negative outcomes. This
correlation  analysis examines the
relationship between characteristics and
motor motions, with the results
presented in Table 7.

The correlation analysis results in Table
7 assess the link between each EEG
signal aspect and the movement
stimulus, yielding a correlation
coefficient with the following objectives:

The correlation analysis results indicate
a robust relationship between the EEG
signal features and the movement
stimuli, with correlation coefficients
ranging from 0.76 to 0.99 for the Hjorth
Mobility feature, Power Spectral Density
(PSD) with elbow, grasp, and shoulder
movements, as well as the Hjorth
Complexity feature in elbow and grasp
movements. A high link, indicated by a
coefficient value between 0.51 and 0.75,

by a significant average p-value<0.05 for is shown in the Hjorth Complexity
Hjorth Mobility, Hjorth Complexity, and characteristic ~ concerning  shoulder
movements.

Table 6. Significant Test Results and Feature Selection

Significant Test and Feature Selection

Elbow Grasp Shoulder
Domain Feature F Sig. F Sig. F Sig.
Time Domain Hjorth Mobility 176340.8 0.02 154744.9 0.02 91140.04 0.02
Time Domain Hjorth Complexity 181836.6 0.02 180637.9 0.02 1047311 0.02
Frequency Domain  PSD 40.27  0.02 30.323  0.02 69.667  0.02

Table 7. Correlation Analysis Results of Features and Motor Movement Stimulus
Correlation Analysis of Features and Motor
Movement Stimulus

Elbow Grasp Shoulder
Domain Feature F Sig. F Sig. F Sig.
Time Domain Hjorth Mobility 0.779 0.05 0.841 0.05 0.708 0.05
Time Domain Hjorth Complexity 0.774 0.05 0.872 0.05 0.664 0.01
Frequency Domain  PSD 0.776 0.05 0.893 0.05 0.889 0.05
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1) The correlation analysis results
indicate that all coefficient values are
positive, signifying a unidirectional
link between the EEG signal
characteristic and the movement
stimulus.

2) The correlation analysis results
indicate a substantial link between
each EEG signal characteristic and
each movement stimulus.

d. Classification and Evaluation Results
The comprehensive assessment of the
proposed method for correlating EEG
signal features with motor movement
stimuli, evaluated through five
classification  algorithms—DT, KNN,
SVM, NB, and CN2 Rl—yields accuracy
values that align with the conducted
correlation analysis. Table 8 illustrates
that the highest average accuracy

value, 98%, is achieved by the
correlation between EEG signal features
and motor movement stimuli, as
determined by the DT, KNN, and SVM
classification methods. The association
between the EEG signal features and
the motor movement stimulus achieved
an accuracy of 98% for Hjorth Mobility,
Hjorth Complexity, and PSD, specifically
for elbow and shoulder movements.
Figure 6 illustrates that the mean accuracy
of the five classifications based on the EEG
signal features that underwent feature
selection—specifically, Hjorth Mobility, Hjorth
Complexity, and PSD—along with the notable
Elbow, Grasp, and Shoulder motor movement
stimuli, reached an impressive accuracy of 98%
utilizing DT, KNN, SVM, and CN2 RI
classifications, 97% with KNN and CN2 RI, and
94% with DT and NB.

Table 8. Correlation Analysis Evaluation Results

Feature
Class Movement Hjorth Mobility Hjorth Complexity PSD

DT Elbow 0.98 0.98 0.98
Grasp 0.923 0.923 0.98
Shoulder 0.884 0.884 0.98
KNN Elbow 0.903 0.903 0.98
Grasp 0.961 0.961 0.98
Shoulder 0.98 0.98 0.98
SVM Elbow 0.98 0.98 0.98
Grasp 0.98 0.98 0.98
Shoulder 0.769 0.769 0.98
NB Elbow 0.923 0.923 0.98
Grasp 0.923 0.923 0.98
Shoulder 0.865 0.865 0.98
CN2 RI Elbow 0.98 0.98 0.98
Grasp 0.961 0.961 0.98
Shoulder 0.961 0.961 0.98

Elbow

@ Soiber
1 L 0.98 0.9790-98 0.98 0.98 0.98 9. 970.97

Frequency

0.94 0
0.84 I

|
svmMm
Class

Figure 6. Average classification performance based on each motor movement stimulus
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Figure 7 illustrates that the average accuracy of
the five classifications relating to the strength of
the correlation between the EEG signal features
and the motor movement stimulus achieved a
remarkable accuracy of 89% for the PSD
feature with Grasp and Shoulder movements,
87% for the Hjorth Complexity feature with
Grasp movements, and 84% for the Hjorth
Mobility feature with Shoulder movements.
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Figure 8. Average classification performance of
significant value based on each feature

Figure 8 illustrates that the mean accuracy of the
five classifications exhibiting a significant
correlation between the EEG signal features and
motor movement stimuli attains a notable 98%
for the Hjorth Complexity feature associated with
Shoulder movement. In contrast, the Hjorth
Mobility and PSD features yield an accuracy of
95% for Elbow and Grasp movements,
respectively.
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Figure 9. Average classification performance of
significant values based on each feature domain

Figure 9 illustrates that the mean accuracy of the
five classifications, which possess a high
significance value for the domain, feature, and
motion, attains peak accuracy levels of 98% in
the time domain, 75% in the frequency domain,
and 50% in the signal decomposition domain.
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0.2
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1 1 1
Shoulder

Elbow Grasp
Movement Stimuli
Figure 10. Average classification performance
based on each motor movement stimulus

Figure 10 illustrates that the mean accuracy of
five classifications utilizing three features with
substantial significance to the motor movement
stimulus is 98% for Elbow and Grasp
movements and 94% for Shoulder movements.

The analysis above indicates that the
correlation between EEG signal characteristics
and motor movement stimuli is as follows:
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Table 9. Overall average accuracy value of scenarios yield an accuracy value of 98% for the
correlation Hjorth Complexity feature associated with
Class Feature Movement  Sig. shoulder movement and 95% for the Hijorth
SVM  Hjorth Complexity = Shoulder 98% Mobility and PSD features related to elbow and
DT Hjorth Mobility Elbow 95% grasp movements. This affirms that our research
KNN  Hjorth Mobility Elbow 95% exhibits superior accuracy compared to prior
CN2RI Hjorth Mobility Elbow 95% studies; however, it has limitations, specifically
NB PSD Grasp 95% that we must thoroughly investigate all aspects

Table 9 illustrates that the average classification
accuracy using SVM achieves the highest
performance in the time domain, scoring 98%.
This is based on the Hjorth Complexity feature
with shoulder movement. DT, KNN, CN2 RI, and
NB also demonstrate optimal classification
performance in both the time and frequency
domains, scoring 95% with elbow and grasp
movements.

B. Discussion

Dialogue This study employed a
correlation analysis method to assess the
relationship between EEG signal features and
motor movement stimuli, aiming to establish a
classification pattern of stroke severity by
calculating the average values among groups.
This approach facilitates the identification of
relevant features and movements for monitoring,
evaluating, and rehabilitating stroke patients.
This research represents the inaugural
correlation analysis, which requires the prior
selection of appropriate characteristics through
normalcy and significance testing for each
parameter. Thus, with the appropriate selection
of features, the correlation between features and
motor motions vyields accurate measurement
parameters.

All prior studies must be comparable to
ensure the research is consistent and pertinent;
hence, earlier research should, at a minimum,
involve the same disease type, condition,
characteristic, and movement stimulus to
facilitate proportionate comparison. The initial
prior study provided insights into feature
connection with motor motions, yielding accuracy
values of 53% for Elbow, 60% for Shoulder, and
61% for Grasp [8]. Similarly, the preceding study
exclusively emphasized characteristics in the
time domain, with Shoulder motions achieving
an accuracy rate of 95% [10]. The third prior
study, which exclusively presents features in the
time domain, reports an accuracy of 82.5% for
shoulder movement [9].

In contrast to the three preceding
studies that employed individual and cluster
analysis methods, our research utilizes
correlation  analysis, encompassing three
scenarios: normality test, significance test, and
correlation  analysis. Consequently, these

of correlation. Consequently, further research is
warranted. This study solely correlates features
with motor movements. Future investigations will
aim to correlate features, frequency bands, and
movements, thereby increasing the complexity of
the problem.

CONCLUSION

The correlation analysis method between
features and motoric movement stimuli for
stroke severity classification, utilizing time
domain, frequency, and signal decomposition,
achieved a notable accuracy of 98% with the
Hjorth Complexity feature in response to
shoulder movement stimuli. The stroke severity
classification pattern, derived from the
correlation study between EEG signal features
and motor movement stimuli, is identified in the
SVM classification type, achieving an accuracy
of 98%.

Compared to prior studies on correlation
analysis performance, the influence of features
on motor movement stimuli yielded an optimal
accuracy of 61% for Grasp movement and 95%
and 82.5% for Shoulder movement. The results
indicate that the proposed correlation analysis
method, employing three  approaches—
normality test, significance test, and correlation
analysis—effectively identifies patterns in stroke
severity classification related to feature
correlation with movement, facilitating
monitoring, evaluation, and medical
rehabilitation of stroke patients.

Future research will involve a novel
technique for analyzing correlations between
features, motion stimuli, and frequency
subbands regarding stroke severity of EEG
signals, utilizing time domain, frequency, and
signal decomposition methodologies.
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