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- Original Article

Examination of the Relationship between Depressive Mood Level and

Attentional Bias

Abstract

Summary: Attention is defined as the cognitive process to detect a particular internal or external
stimulus, and maintaining focus are closely related to mood. The orientation of the attention
resource (Attention allocation) is shaped by the mood of the person. Focusing more on negative and
threatening stimuli than neutral and/or positive stimuli in the outside world is called “Attentional
Bias”. This article emphasizes that attentional bias is linked with the level of depressive mood
state, between a low level of depressive mood and a high level of depression. Aim: This research
aimed to examine if there is an attentional bias toward negative stimuli among individuals with
depressive symptoms. Materials and Methods: The Hamilton Depression Rating Scale and the
Point Locating Task were administered to the participants. The research consists of a sample of 90
undergraduate and graduate students selected by random sampling method. Results: Based on the
research findings, there is a positive and significant relationship between the level of depression
and attentional orientation. The result of the study indicated that there is a significant negative
relationship between depression scores and attentional orientation. When the attentional bias of the
participants was examined according to their depression levels, it was found that the attentional bias
of the participants with moderate depression symptoms was significantly higher than those without
depression symptoms. Conclusion: These results indicated that relationship between attentional bias
and depression level. Further studies are needed to examine depression levels and attentional bias
levels in a larger sample size.

Keywords: Attention, attentional bias, cognitive processing, depression, dysthymia, mood disorders

processing, some of the stimuli that are not
important, negative, or currently useless are
generally ignored.™

Introduction

Attention includes expressions, including
the individual’s perception and interpretation

of an existing item or event, the organism’s
methods of obtaining information, and the
development of problem-solving skills.[!
As a widely known expression, attention
is defined as certain conscious reactions
created for the stimuli perceived by the
sensory system and the orientation of the
mental process.?

The concept of attention is a subject
emphasized in many fields, including
psychology, education, and sociology. Since
not all stimuli in the outside world can
be processed by the human brain, certain
stimuli are passed through a filter.’! While
the important and necessary stimuli are
selected and included in the information

This is an open access journal, and articles are
distributed under the terms of the Creative Commons
Attribution-NonCommercial-ShareAlike 4.0 License, which allows
others to remix, tweak, and build upon the work non-commercially,
as long as appropriate credit is given and the new creations are
licensed under the identical terms.

For reprints contact: WKHLRPMedknow_reprints@wolterskluwer.com

Attention is automatic or controlled reaction
with certain levels of effort, selective based
on the individual-target relationship, divided
and focused based on the number of stimuli
present in the environment. In addition,
attention is divided as sustained attention
according to the duration of focus.) It is
known that the organism selects the stimuli
that are important for it due to its limited
capacity, and the elimination of the stimuli
that are not important could be maintained
through selective attention. The fact that
the speed of perceiving important stimuli
takes a shorter time compared to other
stimuli is defined as attentional bias, which
is a concept related to selective attention.
Attentional bias is the tendency to prioritize
the perception and interpretation of stimuli
that are important to the organism.l®
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Okstiz Ozdemir: Attention bias and depressive mood level

For instance, important names, numbers, messages with
emotional content, stimuli associated with pathologies
including anxiety disorder and depression, and stimuli
that may pose a threat to the individual may lead to the
development of attentional bias.!”-'"!

Mood disorders are characterized by intense unhappiness.
Mood disorders are among the most common mental
illnesses worldwide. In general, depression manifests
itself with a decrease in self-confidence that can last
for years, the lack of pleasure and interest in work and
life, hopelessness, and social isolation. Certain factors,
including daily life stressors, traumas, and the environment,
increase the likelihood of a person having depression
symptoms. However, despite the presence of the triggering
environmental factors, the severity of depression symptoms
can differ. The diagnostic and statistical manual of mental
disorders (DSM 5) has a wide variety of subdimensions
specific to the diagnosis of depressive disorders.
These include disruptive mood dysregulation disorder,
major depressive disorder, dysthymia, premenstrual
dysphoric disorder, substance-related depressive disorder,
depressive disorder resulting from medical disorders, and
undifferentiated depressive disorder. However, the most
prevalent type is a major depressive disorder. According to
DSM 5, the symptoms of major depression are depressed
mood, decreased interest and desire, appetite disorders,
sleep disorders, slowed psychomotor activity or restless
mood, fatigue, guilt, feeling of worthlessness, attention
disorders, and suicidality.'! While some of the symptoms
may be the result of sadness in the face of any situation,
some of them may be a symptom of depression in a
more complicated way. At this point, symptoms can be
categorized according to the severity of the condition.
For instance, psychomotor agitation, suicidal thoughts,
psychotic thoughts, the feeling of worthlessness, and
significant functional impairment are determinant findings
for depression. On the other hand, sadness, loss of appetite,
insomnia, difficulty with concentrating, and fatigue can be
included as a symptom of depression if they are observed
with more severe symptoms mentioned above.!'?

When the relationship between attention and depression is
examined, people with depression usually pay attention to
information that is related or consistent with their negative
cognitive schemas and then easily remember them. Among
depressive individuals, the attention source is directed
more toward negative stimuli and positive stimuli are
ignored, which is called “Attentional Bias.”!'*>!'] According
to a review study examining the relationship between
attentional bias and depression, it was found that depressed
individuals had more biased attention to negative stimuli
toward themselves and their environment.!"”

The speed of perception for an emotional situation can
provide information regarding attentional bias. In a study
Suslow, Junghanns, and Arolt. in 2001, it was revealed that

patients diagnosed with depression react more slowly to
positive emotions. When the reactions shown to negative
facial expressions are examined in the same study, there is
no significant difference between patients with depression
and individuals without a diagnosis of depression. It was also
found that patients with depression showed a relatively slower
response to positive facial expressions. Emotional expressions
were more intense in negative situations due to attentional
bias among individuals with depressive symptoms. Therefore,
for depressive individuals, attentional bias slows down the
process of focusing on positive situations and events.['?]

Cognitive symptoms in depressed individuals are usually
reduced cognitive flexibility and inadequacy of thought
content. People with depressive symptoms often have
slower information processing speeds. Patients with
depression may have difficulty with maintaining their daily
routines. Furthermore, they may be very busy with their
work, family, money, and health, but their preoccupations
are mostly pessimistic and hopeless.['”!

The study by Tagpimar and Pakytiirek in 2020, it was found
that the more emotional encoding of personal memories
of individuals may affect their attention to stimuli. It was
also noted in the study that diagnosis duration, depression
subtype, drug or substance use, and which subitems they
have in DSM-V diagnostic criteria should be determined
when considering their level of attention. In the same study,
it was also thought that there might be differences between
those who meet the criteria for difficulty in concentration
and those who do not when elaborating on the dysfunctions
in attention. Researchers also indicated that the presence
of people with different psychiatric diagnoses along with
depression might prevent a meaningful conclusion from
being drawn between the severe depression group and the
moderate depression group. Therefore, it can be understood
that there is a need for studies examining the relationship
between attention and depressive symptoms.['!

Individuals with depressive symptoms tend to pay more
attention to negative information than to positive information.
Selective attentional bias in information processing is very
important in terms of its continuance and repetition. In a
study by Baert, Raedt, Schact, and Koster (2010), the effects
of bias modification on depressed patients were examined.
According to the results of the research, it was observed
that as the severity of depression increased, attentional
bias increased among the patients. According to the results
obtained in terms of attentional bias modification, it was
concluded that moderate and severe depressive symptoms
increased after training.' In another study conducted
with images for examining attentional biases of depressed
individuals toward interpersonal aggression, it was found
that depressive individuals show biased attention toward
aggressive pictures.'” conducted a study with participants
with high levels of trait anxiety and state anxiety. The results
showed that female participants had attentional biases toward

84 The Journal of Neurobehavioral Sciences | Volume 9 | Issue 3 | September-December 2022



Okstiz Ozdemir: Attention bias and depressive mood level

angry faces, whereas it was observed that male participants
showed an attentional bias toward cheerful faces.*

In another study, in which emotions were expressed with
facial expressions, it was hypothesized that depressed
individuals pay more attention to angry faces. Based on the
findings, when depressed individuals are compared with
individuals without a history of depression, there is a stronger
attention for angry faces among individuals with depressive
symptoms compared to the healthy control group.!

In another study by Bodenschatz, Scopinceva, Rub, Suslow
(2019), it was hypothesized that individuals with the major
depressive disorder had an attentional bias towards negative
emotions, and it was pointed out that the reasons could be
related to early maladaptive life events, namely childhood
traumas. Study findings indicated that negative attentional
bias of depressed individuals is related to childhood traumas
and that negative attentional bias increases according to the
severity of childhood traumas. In addition, as depression
increases, attentional bias also increases in this study.??!

In another study by Boyacioglu and Aktas, it was found
that as the symptoms of depression progress, people
put their negative memories and life events at the center
of their lives. As the level of depression increases, the
individual tends to have more negative feelings and
thoughts.3] Another study was conducted to turn attentional
bias among adolescents with depressive symptoms. Based
on the findings, depression level increases while attentional
bias increases among adolescents.*

In another study examining whether attention can be
controlled with attentional bias modification in major
depression or not, it was found that the level of depression
and attentional bias toward negative emotions and thoughts
significantly correlated.” However, Krings, Heeren,
Fontain, Blairty has an experiment with face expressing
different emotions with individualc with a diagnosis of major
depressive disorder, indivivualrs with depressive symptoms
even without a major depressive disorder diagnosis, and
individuals without any symptoms of depression. The results
of the study indicate that there is no positive or negative
attentional bias among depressed individuals.®

Elgersma, Koster, Vugteveen, Hoekzema, Pennix, Bckting
(2019), conducted retrospective scans of depressed
patients over a 4-year periond and noticed that the same
negative attentional bias was not present in each depressive
episode. According to this study, there is no continuation
of attentional bias, which includes the same positive or
negative emotions, in severe depression. Based on the
findings, as the severity of depression increases, attentional
bias may increase, may not change, or may decrease. This
situation can be explained by individual differences.

In light of the literature related to the relationship
between depressive symptoms and attentional bias, it
can be considered that there is a positive and significant

relationship between attentional bias and depression. In
line with this study, when the literature is examined, it is
aimed to examine the relationship between depression and
attentional bias to examine the relationship between these
two concepts in detail. In this direction, research questions
will be listed as follows:

Is there a significant relationship between depression and
attentional bias?

Do depressed individuals have increased attentional bias
toward negative emotions?

Materials and Methods

The ethics committee approval has been obtained from
Dogus University Committee. (No:E-42435178-050.06.04-
36367/Date:14.11.22).

Sample

The age range of the research sample was 2045 years.
Participants are university students at Yeditepe University,
Sabanci University, and Gedik University. In order to
eliminate the confounding effect that may occur due to the
psychiatric comorbidity of people with mild depressive
symptoms, a clinical interview was conducted, and the brief
symptom inventory (BSI) was applied. Participants with
the possibility of psychiatric comorbidity based on clinical
evaluation and BSI results were excluded from the study.
The sample was chosen by random sampling method, and
quantitative data collection methods were used in the study.

Point locating task was applied to measure attentional
orientation, which includes the calculation of the reaction
rate to the positive stimulus.

The Hamilton Depression Rating Scale was used to
measure the symptoms of depression. The sample consisted
of people with a score between 3 and 17.

Participants who used psychiatric drugs and received
psychotherapy in the last 2 months, had comorbid
psychopathology, had organic brain disease, were in grief,
wore glasses and had visual impairments, and did not have
computer skills were excluded from the study.

The ethics committee approval has been obtained from
Dogus University Committee.

Measurement and materials
Demographic information form

Demographic information form was created as a form, in
which the characteristics of the participants, including age,
gender, marital status, occupation, education level, and eye
health were recorded.

Brief symptom inventory

BSI was developed by Derogatis in 1992 and adapted
into Turkish by Hisli Sahin and Durak in 1994. The BSI,
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consisting of one additional scale and nine subscales,
is a 53-item self-report inventory. BSI evaluates the
psychological symptoms of a total of 10 symptom groups
and the level of strain related to these symptoms. Three
global indexes are obtained from the inventory. These
indices are: “Symptom Total Index,” “Symptom Severity
Index,” and “Global Severity Index.”®

Cronbach reliability values were determined by alpha
analysis; item total coefficient was in the range of
0.21-0.78, and the reliability coefficient was found as 0.97.
BSI has five subscales, including negative self, hostility,
somatization, anxiety, and depression. Higher scores
indicate an increase in the relevant subscale and the highest
total score that can be obtained is 212.127

Hamilton depression rating scale

Hamilton Depression Rating Scale was developed in 1960
and was adapted by Akdemir et al. in 1996. The 17-item
scale aims to measure the symptom pattern and severity of
depression. The level of sexual desire, difficulty in falling
asleep, waking up in the middle of the night, waking up
early in the morning, weight loss, somatic symptoms,
and poor insight are scored between 0 and 2, while the
remaining items are scored individually. A range of 0-7
points indicates the absence of depression. A score of
8—15 indicates mild depression, a score of 1628 indicates
moderate depression, and a score of 29 and above indicates
severe depression.

Point locating task

MacLeod, Mathews, and Tata formulated this task in 1986
to assess attentional bias. This task has been widely used in
attentional bias studies since then. The Point Locator Task
begins with an “X.” After this sign disappears from the screen
after 1000 ms, a word pair appears on the left and right of
the screen at equal intervals (13 cm). This pair of words
that appear will disappear after 500 ms and a dot appears
on the left or right side. The dot remains on the screen until
the participant presses the keyboard key in the direction it
is associated with. Thus, it is determined that the participant
reacts more quickly to the point after which word content and
this reaction speed is recorded. In this configuration, both the
region where the dot appears, and the distribution of word
contents are equalized to control the confounding effect that
may occur depending on the direction.

In this study, the Point Locating Task, which was developed
for the measurement of attentional bias, was developed
with the “OpenSesame 3.3.9” program. OpenSesame
is a software and an algorithm used in psychology,
neuroscience, and experimental economics. During the
application with the software, words with negative and
positive content were added to this interface one by one.

Procedure

The research was conducted in an online environment,
preliminary information was given to the participants to
meet the technical conditions. A list of 120 applicants was
evaluated prior to the application. Participants who could
not meet the technical requirements were not included in
the study. A clinical interview and BSI were conducted with
people who met the inclusion criteria. The Point Locating
Task and the Hamilton Depression Scale were applied to
the participants who met the inclusion criteria. The sample
consists of 90 participants. The application was conducted
with the shared screen with Teamviewer. For the results
not to be affected by the screen size of the computers, it is
provided to use laptops in the 15—-16-inch range. Besides,
it has been confirmed that the internet speed is in the ideal
range of 16-35 Mbps. In case of Internet disconnection, the
internet provider of the mobile phone was used during the
application. The participant’s distance with the screen was
fixed at 60 cm, and it was ensured that the participant did
not change his direction or distance during the application.
The researcher was present online throughout the process.

Results

The frequency distributions of the participants’
socio-demographic variables are given [Table 1]. In the
study, which included 90 participants, 57.8% (52 people)
were female and 42.2% (38 people) were men. According
to education level, undergraduate graduates are 68.9% (62
people) and postgraduate graduates are 31.1% (28 people).
According to the marital status variable, the rate of single
people is 53.3% (48 people) and married people are
46.7% (42 people).

Kolmogorov—Smirnov and Shapiro-Wilk values given in
Table 2 are P < 0.05, it is seen that the data do not show

Table 1:Frequency distributions of sociodemographic

variables
Sociodemographic variables Groups Frequency (%)
Gender Female 52 (57.8)
Male 38 (42.2)
Level of education Undergraduate 62 (68.9)
Graduate 28 (31.1)
Marital status Single 48 (53.3)
Married 42 (46.7)
Total 90 (100.0)

Table 2: Normality test findings
Kolmogorov—Smirnov Shapiro—Wilk
Statistics  df P Statistics df P

Hamilton 0.167 90 <0.001 0.903 90 <0.001
Depression Scale

Attentional 0.217 90 <0.001 0.891 90 <0.001
orientation

86 The Journal of Neurobehavioral Sciences | Volume 9 | Issue 3 | September-December 2022



Okstiz Ozdemir: Attention bias and depressive mood level

a normal distribution. In this case, nonparametric measures
were preferred, and depression and attentional orientation
scores were examined.

Spearman correlation findings of the relationship between
Depression and Attention Direction Scores of the
participants in Table 3, a strong, negative and significant
relationship was found between depression (r, = —0.911;
P < 0.001) and attentional orientation.

Results of the Whitney U test comparison of depression and
attention orientation scores by gender are given in Table 4.

Mann—Whitney U test findings in Table 4, the mean rank
of Hamilton Depression Scale scores was found to be
significantly higher in female participants (X Rank = 50.56)
than male participants (¥ Rank = 38.58) (u = 725,000;
P =0.031; P < 0.05). Attention Orientation Scores do not
differ significantly by gender.

Kruskal-Wallis test findings regarding the differentiation of the
participants’ attentional orientation scores according to their
depression levels in Table 5, it was determined that attentional
orientation differed significantly according to the depression
level (y* = 67,749; P < 0.001). According to the results of the
dual group Mann—Whitney U test, which was used to determine
the source of the difference, the participants without depression
symptoms had the highest mean scores on attention orientation.
In addition, the mean scores of the participants with moderate
depression symptoms were found to be the lowest.

Table 3: Spearman correlation findings
Hamilton Depression Scale Attentional orientation

r, —0.911%*
P <0.001
n 90
**P<0.01

Table 4: Mann—Whitney U-test findings for comparison
of depression and attention orientation scores by gender

Dependent Gender n Xorder Rank U P
variables sum

Hamilton Woman 52 50.56 2629.00 725,000 0.031*
Depression Scale Male 38 38.58 1466.00

Attention Woman 52 41.37 2151.00 773.000 0.078
orientation Male 38 51.16 1944.00

*P<0.05

Conclusion and Discussion

The main purpose of this study, which assumes that there
is a significant correlation between the depression levels of
individuals and their attentional bias toward negative events
and situations, is to examine the relationship between
depression and attentional bias. According to the results
obtained from the study for this objective, as the level of
depression increases, the attentional bias also increases.
There is a strong and significant negative relationship
between depression and attentional orientation. The
results indicated that functional attentional functions were
lower among individuals who reported higher scores in
depression. The analysis of the obtained data was provided,
and the findings were evaluated within the scope of the
literature. It was seen that the findings obtained because of
the evaluations were especially supported by the literature.
Depression causes the individual’s information processing
to shift to the negative aspects of situations and events in
the outside world. The high number of female participants
in the sample, in line with the scientific literature, indicates
that women have a higher risk of developing depression
than men.”” However, there was no difference between
genders in terms of attentional bias in the research findings.

When the diagnostic criteria of major depressive disorder
in the DSM-V and the related literature are reviewed,
it can be seen that there are findings that individuals
develop negative attentional bias as their depression levels
increase.*"

It was previously observed that impairments occur in
different information processing associated with depression.
One of these deteriorations occurs in memory processes. It
is observed that individuals with a diagnosis of depression
allocate more attention to negative memories and stimuli,
and they have difficulties with bringing back positive
memories. When the autobiographical memory processes
of individuals with depressive symptoms were examined,
it was found that they developed sensitivity to memories
with negative content. In studies with individuals having
depression diagnosis, the findings indicated that they do
not have difficulties with remembering negative memories
and do not spend too much time to recall these memories.
Ingram also asserted that depression could be an inability
to process positive information rather than sensitivity to
negative events.B!

Table 5: Kruskal-Wallis test findings regarding the differentiation of attentional orientation scores according to
depression level

The dependent variable Depression level X order Ve P MW
Attentional orientation No depression 73.50 67,749 <0.001** 1>3
Mild depression 31.49
Moderate depression 10.56
Total

MW: Mann-Whitney U test
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In a retrospective study conducted by Elgersma et al., it
was observed that contrary to the literature, and results
were obtained in terms of negative attentional bias in wide
ranges where depression levels vary. In their study, it was
found that patients with different depressive levels did not
always cause negative attentional bias in the long term.
When considering the result and the findings in similar
studies, it can be considered that it is important to conduct
in-depth attentional bias studies among individuals having
different levels of depressive symptoms to obtain more
reliable results.]

The findings of this study provide significant results and
maybe a guide for further other studies on attentional
bias and depression. Despite significant results in terms
of understanding the relationship between depression and
attentional bias, this study has certain limitations. However,
this study is capable of guiding the studies carried out in
a large sample, supported by attention performance and
attention training techniques. Since the study was carried
out with 90 undergraduate and graduate students in three
different universities, these findings can be considered
limited in terms of generalization of the results for
university students. However, it can be considered that
this study will contribute to the national literature, which
includes limited previous research about the relationship
between attentional bias and depression. In addition,
measuring attentional bias by using various methods and
including participants with different levels of depressive
symptoms with a larger sample will be contributive for
other studies.
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Patient informed consent was obtained.
Ethics committee approval

The ethics committee approval has been obtained from
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36367/Date:14.11.22).
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- Original Article

Paralyzed Patients-oriented Electroencephalogram Signals Processing
Using Convolutional Neural Network Through Python

Abstract

Aim: Some of the systems that use brain-computer interfaces (BCIs) that translate brain activity
patterns into commands for an interactive application make use of samples produced by motor
imagery. This study focuses on processing electroencephalogram (EEG) signals using convolutional
neural network (CNN). It is aimed to analyze EEG signals using Python, convert data to spectrogram,
and classify them with CNN in this article. Materials and Methods: EEG data used were sampled
at a sampling frequency of 128 Hz, in the range of 0.5-50 Hz. The EEG file is processed using
Python programming language. Spectrogram images of the channels were obtained with the Python
YASA library. Results: The success of the CNN model applied to dataset was found to be 89.58%.
Conclusion: EEG signals make it possible to detect diseases using various machine learning
methods. Deep learning-based CNN algorithms can also be used for this purpose.

Keywords: Electroencephalogram, convolutional neural network, spectrogram images

Introduction

Analysis of biomedical signals has become
one of the hottest topics with advances
in technology and machine learning.
Researchers are working to understand
and classify human biosignals to more
accurately diagnose diseases or develop
assistive technologies for people with
disabilities.l!! Electroencephalogram (EEG)
brain signals are one of the most studied
topics  for  developing  noninvasive
approaches  to  detect  neurological
abnormalities and brain—computer interface
(BCI) technologies.?!

Today, motor imagery (MI) EEG-based
BCI is studied by many researchers due
to its effectiveness in both nonmedical and
medical applications. MI is accomplished by
imagining executing a particular command
without actually doing it. MI tasks
commonly used in research are movements
related to the left hand, right hand, left
foot, right foot, both feet, elbows, fists, and
fingers. MI-based BCI applications include
clarifying the EEG signals and defining the
responses to these signals in real time.!!
It has laid the groundwork for interesting

This is an open access journal, and articles are
distributed under the terms of the Creative Commons
Attribution-NonCommercial-ShareAlike 4.0 License, which allows
others to remix, tweak, and build upon the work non-commercially,
as long as appropriate credit is given and the new creations are
licensed under the identical terms.

For reprints contact: WKHLRPMedknow_reprints@wolterskluwer.com

studies such as the processing of EEG
signals, robot movements with thought, and
detection of various diseases according to
brain activity.

The data set, which is frequently used in
studies for the diagnosis of diseases related to
brain activity, was taken from the University
of Bonn database.® Tiirk and Ozerdem
(2017) aimed to classify the features extracted
from EEG signals using the One-Dimensional
Median Local Binary Pattern method with
the k-nearest neighbor (k-NN) algorithm.!
The data used in the study were taken from
Bonn data set.™ In the study, the classification
performance was found to be 100% for A-E
datasets, 99.00% for A-D datasets, 98.00%
for D-E datasets, 99.50% for CD-E datasets,
and 96.00% for A-D-E datasets. When the
effect of the one dimension median local
binary pattern method on classification in
EEG datasets is compared with other studies,
it was seen that the proposed approach gave
successful results.’) Cevik worked on an
application that allows vehicle control by
detecting the physical and mental states of
the operators (such as fatigue, sleepiness, and
inattention) through EEG signals for vehicle
use. Fast Fourier transform (FFT) and power
spectral density (PSD) signal processing
techniques are used for feature extraction from
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signals.””) Akben conducted a comprehensive research on the
characteristics and diagnosis of migraine disease using EEG
signals in his study (2012). The data obtained from the KSU
Faculty of Medicine used in the study belong to 30 migraine
patients and 30 healthy controls. The data were first analyzed
with the Fourier transform on the frequency axis. The results
were analyzed with the help of classification techniques and
clustering techniques. As a result, some characteristic data
about migraine disease have been obtained and different
suggestions have been made for the automatic diagnosis of
the disease.l” Coskun and Istanbullu analyzed EEG data from
a patient under anesthesia with different methods such as
band-pass filter, FFT, wavelet transform, and PSD.[®

Olivas-Paddal and Chacon-Murguia proposed two methods
for multimotor image classification. Both methods use features
obtained with a variant of the discriminatory Filter Bank
Common Spatial Model. One method uses convolutional neural
network (CNN) classification, whereas the second method uses
a modular network of four expert CNNs.”! Hernandez-Del-Toro
et al. present five feature extraction methods based on fractal
dimension, wavelet decomposition, frequency energies,
empirical mode decomposition, and chaos theory properties to
solve the task of detecting MI segments.['”

In this article, the classification of EEG signals has been
carried out by converting them to spectrogram images. It is
explained how these operations are performed with Python.
A CNN is designed for the classification process. The rest
of the article is organized in the following sections. The
material and method are described in Section 2. The results
obtained are presented in Section 3. In Section 4, a general
evaluation of the study is made.

Materials and Methods
There is no need for ethics committee approval.

Electroencephalography (EEG) is a method that provides
electrical induction of brain activity. EEG recording is
performed by placing conductive wires on the skull with
the help of a special gel. The electrical potential changes
between these placed electrons are recorded on the
computer by means of an analog—digital converter. This
recording can be used in studies such as the detection of
diseases using various transformations.

Brain activity is related to the frequencies of EEG signals.
In clinical studies, the frequencies of EEG signals in the
range of 0.5-30 Hz are examined. Frequencies above 30 Hz
are known as gamma signals. Because their amplitudes are
so low, they are not significant and are rarely used. Table 1
shows the frequency bands and frequency ranges to which
EEG signals may belong.

Delta waves are seen in infants and severe organic brain
diseases. Theta waves particularly arise in children. In adults,
they also occur in situations of emotional tension and frustration.
Alpha waves are seen in awake, normal, and calm people. They

Table 1: Electroencephalogram signal bands and
frequencies
EEG frequency band Frequency range (Hz) Amplitude (nV)

Delta (d) 0.5-4 20-400
Theta (0) 48 5-100
Alfa () 8-13 2-10
Beta (B) 13-30 1-5
Gama (y) 30+ 1+

+: Plus, EEG: Electroencephalogram

Gamma: 30-100+ Hz WWWWWW
Beta: 12-30 Hz MWWWW
Alpha: B-12 Hz \/\/\/\/\/\\/‘\/'\/\,\

Theta: 4-7 Hz /\A/\/\_/_\/\/\
Delta: 0-4 Hz w

Figure 1: EEG bands.!"' EEG: Electroencephalogram

disappear into the dormant state. If the awake person directs
his attention to something special, higher frequency but lower
amplitude EEG signals (Beta waves) occur instead of o waves.
Beta waves occur in strong activation of the central nervous
system or states of tension. They disappear with increased mental
activity and are replaced by low-amplitude asynchronous signs.
Gamma waves are used a lot in clinical practice when their
amplitudes are very small and meaningless. Waves in different
frequency ranges of EEG signals are shown in Figure 1.1

Data reading and display

Ethics committee report is not required since it has not been
tested on paralyzed patients yet. The data used were sampled
at a sampling frequency of 128 Hz, in the range of 0.5-50 Hz,
belonging to 29 channels. The EEG log file is opened with
the Python programming language MNE library [Figure 2].

file = "a.edf"

raw = mne.io.read raw sdf(file,preload=True)

princ (raw)

print {raw.info)

raw,crop (cmax=60)

eeg_and eog = raw.copy().pick_types(meg=False, eeg=True, eog=True)
print(len(raw.ch_names), '=', len{eeg and eog.ch names))
princ|{raw.ch_names{-3:})

channel renaming dict = {name: name.replace(' ', '_') for name in
raw. ch_namea }

raw.rename channels (channel renaming dict)

print(raw.ch_names[-3:])

Channel signals can be accessed on the “.edf” file with the
Python MNE library. Image of a specific channel or more
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than one channel can be taken. The graph in Figure 3 is
plotted over Python using the following code; it shows the
synchronous signal of all channels.

sampling_freq = raw.info['sfreq']
start_stop_seconds = np.array([l1l, 13])

start_sample, stop_sample = (start_stop_ seconds *

sampling freg).ascype(int)

channel index = 0

raw_selection :aw[channel_index, start_sample:stop sample]
print(raw_selection)

x = raw_selection[l]

y = raw_selection(0].T

plc.plot (x,¥)

The signals of the EEG-A1 and EOG-2 channels are shown
in Figure 4 as plotted over Python using the following
code.

Figure 2: Data set information
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channel names = ['EEG Al', 'EOG-2"]

two_meg_chans = raw[channel names, start_sample:stop_sample)

y_offset = np.array([Se-11, 0]) # just encugh to separate the channel
traces

x = two_meg chans(i]

y = two_meg chans(0].T + y_offsec

lines = plc.ploc(x, ¥}

plt.legend(lines; channel_names)
print {raw,info)

raw.plot_ psd(fmax=50)
raw.plot(duration=5, n_channels=30)

Specific events on the data can be detected with the
“events” subcommand. In some data, events are captured
from STIM channels.

mne.find events(raw, stim channel='STI 014')

Some EEG/MEG systems create files in which events are
stored in a separate data stream rather than pulses on one
or more STIM channels. For example, the EEGLAB format
stores events as a collection of arrays in the.set file. When
reading these files, MNE-Python automatically converts the
stored events into an annotations object and stores it as an
annotation attribute of the raw object. The underlying data
in an annotations object can be accessed through its three
attributes: start, duration, and description.

In the EEG data used as an example, the events are stored
in a separate data series. To read event information:

U "'""m.m'
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Figure 3: Signals of all channels
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Figure 4: EEG A1 and EOG 2 signals. EEG: Electroencephalogram
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Figure 5: Convolutional neural network

o

h..“ |.||||.||||||||||..;h. ..ll'.

Flgure 6: Image of an event on a signal
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raw = mne.io.read raw_edf (sample_data_raw_file)

.

‘_E“._——

events from annot, event_dict = mne.events_from annotations(raw)
events=mne.svents from annotations (raw,svent_id="auto")
print (events(0])

print (events{1])

Convolutional neural network

Recently, studies have been carried out on the use of CNN
algorithms, which are a deep learning model on EEG
signals!> CNN is a feedforward neural network, which
is a type of multilayer perceptron.'y CNN consists of
convolutional layer, pool layer, and fully connected layers.
Figure 5 shows the representation of a CNN structure. When
the image is given as input to a network, it feeds the system
through interconnected polyconvolutions and finally produces
an output.l'®

In the convolution layer, there are filters to extract features
from the image given as input. Images are saved in matrix
format and feature matrix called kernel is used to extract
features. Convolution is a mathematical function that
expresses how one shape changes by another:

| f*g =]} f(D)g(t-T)dr (1)

Convolution operation is performed by shifting the
convolution filter on the image matrix. Conflicting numbers
are multiplied and transferred to the feature map matrix.
With this operation, the size of our input image is reduced.
However, this also causes image distortions. To prevent data
loss, the same padding method, which is performed by adding
a frame of zero values around the input image, is used. Since
the feature map holds a certain part of the image, a large

number of feature maps are needed. After the convolution
process, the ReLu function is applied to reset the negative
values.[!”

Results

Here in the “events” array received in the annotation object,
events [0]— event descriptions, events [1]— event start time,
and event identification number (ID) information are kept.
To see the events on the signal, the signals received from all
channels were plotted and colored during the recording and
the event was detected on the signal. The image of the left leg
raising and lowering event on the signal are shown in Figure 6.
The ID-time graph of the events is shown in Figure 7.

sample_data_raw_file = "a.edf’
raw = mne.io.read_raw_edf (sample_data_raw_file)
raw_temp=raw.copy ()

‘ERG 63',

raw_temp.drop channels(['T1', 'T2', *ERG 64', "EOG-0", "EOG-

1Y, 'BOG-2', 'ME'}}

raw_selection = raw_temp.copy().crop(tmin=262, tmax=263)
eventa=mne.events_f£rom annotationa(raw selecticn)
events_from amnot, evenc_dict =

mne.avents_from annotations(raw_selsction)
raw_selection.plot {start=0,duration=4)

Since the first 21 channels contain information about the
EEG data, the other nine channels’ information has been
removed. Annotation objects detected in the data were
obtained with their ids as “events_dict.”

Drawing channel spectrograms with YASA Library

Spectrogram images of the channels can be obtained With
the Python YASA library. The code block below is for
obtaining the spectrogram image of channel 20 [Figure 8].

npz = np.load('my data.npy')
arr=np.array (npz)
arr_trans=arr.transpose()
print (arr_trans)
print (len(arr_trans))
data = arr _trans([0,:]

rint (data)

sf = 100
data = npz[20]

fig = yasa.plot_spectrogram(data, sf)
print ("Figure"+str (20)+":"+stx(raw.ch_names[19]))
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In addition, spectrogram image can be obtained for
each event with “plt.specgram” (spectrogram image
for ID = I event) [Figure 9].

Obtaining epoch objects with MNE library

The “epochs” object in the library was used to analyze the
events in detail to extract the events in the data. After converting
the events into epoch objects, operations such as reading the
signal values of the events and saving them in the “.csv.”

Application of CNN algorithm to electroencephalogram
data

First, Python’s deep learning libraries Keras and TensorFlow
are included for data processing with CNN. In the “.csv”
file, the values obtained from 21 channels are input and
events are output. The events are numbered from 1 to 6,
respectively, by converting them to category type. An
example image with a sample signal for each category is
presented in Figure 10.

First, 80% of the data set is reserved as training data and
20% as test data:

X_train, X_test, ¥_train, ¥_test = train_test_split(X, ¥,
test_size=0.20, random state=l)test_size=0.20, random state=1

& .
5 -
* Laft Aem
24 & -mlqmudm‘
« Right lax rainine and lowerning
§ « Right leg open and closing
w3 Leaft arm raising and lovaring
* Laft 2rm opening 2nd cloning
J -
1 -
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Time (s)

Figure 7: Occurrence time of events
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Figure 9: Spectrogram image for ID 1

1200

The CNN structure generated using the following code is
shown below.

medel = Sequential ()

model.add (ConvlD(filters=2048, kernel_size=3, activation='relu',
input_shape=(21,1)))

model . add (Dropout (0.5) )

model.add (ConviD (filters=1024, kernel_size=3, activation='relu'))
model.add (Dropout (0.5))

model.add (ConvlD(filters=512, kernel size=3, activaticn='relu'}))
model .add {Dropout {(0.5) }

model.add (ConviD(filters=256, kernel size=3, activation='relu'}))
model.add (Dropout (0.3) )

model.add (ConviD(filters=128, kernel size=3, activation='relu'))
model.add (Dropout (0.3) )

model.add (ConviD(filters=128, kernel size=3, activation='relu'}))
model.add (Drepout (0.3))

model.add (ConviD(filters=64, kernel size=3, activation='relu'))
model.add (Dropout (0.3} )

model.add (ConviD(filters=32, kernel_size=3, activation='relu'})
model.add (Dropout (0.3))

model.add (MaxPoolinglD(pool_size=2))

model.add (Flatten())

model.add (Dense (6, activation='softmax'))

model.summary ()

CNN was trained with the training data set and results
were obtained with the test data set. The accuracy value
was 89.58%. The data on the success of our model are
shown in Figure 11.

Conclusion

In this article, it is aimed to examine EEG signals with
Python. For this purpose, first of all, the EEG signal and
then the spectrogram of this signal were visualized with
Python. A CNN structure was designed to classify the
obtained spectrogram image. As a result of the trials with
the test data, it was determined which movement the data
belonged to with an accuracy of 89.5%. This study can be

25
20 -100§
) P
g1 -1103
310 =
E 1202
g

w

0.08 010 012

0.00 002 004 006 014 016

Figure 8: Spectrogram image

ot s 0 £ go o e o3 T

Figure 10: Signals
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precision recall f1-score support
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.57 ; .55 477
.64 .42 .51 472
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samples avg

accuracy: 89.58%

Figure 11: Accuracy

improved by studies such as device control with data from
paralyzed individuals.
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- Original Article

Design of Magnetoencephalography-based Brain—-machine Interface
Control Methodology through Time-varying Cortical Neural Connectivity
and Extreme Learning Machine

Abstract

Introduction: Human-machine interfaces (HMIs) can improve the quality of life for physically
disabled users. This study proposes a noninvasive BMI design methodology to control a robot
arm using MEG signals acquired during the user's imagined wrist movements in four directions.
Methods: The BMI uses the partial directed coherence measure and a time-varying multivariate
adaptive autoregressive model to extract task-dependent features for mental task discrimination.
An extreme learning machine is used to generate a model with the extracted features, which is
used to control the robot arm for rehabilitation or assistance tasks for motor-impaired individuals.
Results: The classification results show that the proposed BMI methodology is a feasible solution
with good performance and fast learning speed. Discussion: The proposed BMI methodology is a
promising solution for rehabilitation or assistance systems for motor-impaired individuals. The BMI
provides satisfactory classification performance at a fast learning speed.

Keywords: Brain—-machine interface, extreme learning machine, functional connectivity,

magnetoencephalography

Introduction

Brain—machine interfaces (BMIs) are built
as communication devices that encode
brain activity to a machine command
signal, not involving muscles. The
utilization of BMIs is quite helpful for
users having diseases or traumatic injuries
which cause muscle control degradation or
motor disabilities (termed as a locked-in
syndrome). The locked-in syndromes may
comprise a wide spectrum of diseases and
traumata, i.e., amyotrophic lateral sclerosis,
cerebral palsy, muscular dystrophy, multiple
sclerosis, brainstem stroke, and brain or
spinal cord injury.

Practical applications of brain—computer
interfaces (BCls) cover electrophysiological
signals, such as electroencephalography
(EEG), electrocorticography, and MEG.
BCIs generally control a robotic end
system via these aforementioned signals
recorded from the synchronized activity
of neuron groups inside the brain of
subjects. The subjects can be people

This is an open access journal, and articles are
distributed under the terms of the Creative Commons
Attribution-NonCommercial-ShareAlike 4.0 License, which allows
others to remix, tweak, and build upon the work non-commercially,
as long as appropriate credit is given and the new creations are
licensed under the identical terms.

For reprints contact: WKHLRPMedknow_reprints@wolterskluwer.com

having different ages, gender, and physical
characteristics. The aim here is to establish
a user-independent, generic model of the
BMI and to search for robust-adaptive
algorithms that minimize the variance of
classification errors concerning the various
kinds of users. The combination of “feature
extraction/dimension reduction/feature
selection/classification” algorithms  with
the best classification performance and the
least possible error variance concerning
users becomes the main model. As a result
of this main model obtained, i.e., the robot
trajectory control can be realized. The
strong hypothesis (model) that is generated,
is expected to guarantee the mental task
classification of random users by limiting
their errors to a lower band. As a result
of this research, the BMI can be brought
to a level that competes with commercial
applications. The design procedure is
divided into three basic modules: data
acquisition, signal processing, and machine
control. The majority of brain waves along
the scalp are collected, and the wave
information is transferred to a central
processing unit (CPU) for processing in

How to cite this article: Uyulan C. Design of
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interface control methodology through time-varying
cortical neural connectivity and extreme learning
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the data acquisition process. The CPU filters the signals
and runs algorithms that extract features to control
the machine. MEG can decrease training time while
increasing the robustness of a BMI. As compared to the
EEG, MEG has a larger number of sensors. Therefore, the
spatial resolution is more. The detection of the frequency
information can be above 40 Hz, which is not capable in
EEG recordings.!

BMI architecture to be designed: (1) should adapt to
nonstationary brain dynamics, (2) should generate neural
signals from general brain states independently of the
users, (3) should have a generalizable structure that will
allow an easy transition to control applications, and (4)
should demonstrate high classification performance.?*

EEG-based BCIs suffer the problem that the recorded
signal is nonstationary, that is, the data are subject to
covariate shift. The nonstationarity can occur from the
transition of the training model without feedback to online
use with feedback, the shift of sensors to different brain
regions due to head movements in MEG, or variations
in mental status over time. These nonstationary cases are
valid for a classifier trained on training data showing this
mismatch.l”#

Since the MEG is a nonstationary signal, many feature
extraction methods that originated from time-domain,
frequency-domain, and time-frequency domain analysis,
are utilized in the literature.”'? Time-domain features
are extracted directly from the signal and focus on
the (averaged) time course. Frequency-domain features
highlight the signal power in frequency band components.
Time-frequency domain features analyze how the power
spectrum changes with respect to time. The short-time
Fourier transform and the wavelet transform are the most
applicable.['*16]

Spatial filtering, which extracts signals from multiple
sensors to look at the activity localized in a particular
brain region, is also applied. Some of the common spatial
filtering methods can be listed as: bipolar montage, where
bipolar channels are evaluated by subtracting the signals
from two collocated electrodes;!'”? common average
reference, which subtracts the average value of the full
electrode montage from that of the specific channel;!'™
Laplacian method, which evaluates for each electrode
location the second derivative of the instantaneous spatial
voltage distribution by combining the value at that location
with the values of a set of surrounding electrodes;!" and
common spatial patterns, which analyzes multichannel
data based on savings from two tasks. The filters are
utilized to optimize the variance for one task and minimize
it for the other tasks.”” Other techniques have also been
utilized in electrophysiological feature extraction, such as
the Kalman filter, fractal dimensions, and entropy.?'?*! The
AAR algorithm based on the Kalman filtering approach
has also been applied to analyze the electrophysiological

signals. The parametric model has an adaptive closed-loop
controller with a recursive Bayesian estimator and a
linear-square regulator. It estimates states and system
parameters from different mental tasks and feeds them
back to the optimal controller. The performance of BMIs is
enhanced by closed-loop solver adaptation or multiplicative
recurrent artificial neural network (ANN) solver coupled
with KF. Thanks to this solver, the learned training
datasets become more robust and provide a wide variety of
neural-kinematic mapping learning.[*2%!

Coming to the classification stage, the use of ANNSs is
quite common. However, the learning rates of feedforward
ANNSs, including deep learning applications, are quite
low. Among the main reasons for this are the use of
slow gradient-based learning algorithms in the training of
ANNSs and the iterative updating of all parameters of the
networks in this way at each stage. ELMs have succeeded
in solving this problem by proving that hidden nodes do
not necessitate learning and are recursively set. ELM
consists of generalized single or several hidden layer
feedforward networks. ELMs give importance to feature
representations in hidden layers compared to support
vector machines (SVMs). These models can demonstrate
good generalization performance and learn extremely
faster than backpropagation networks. Random input layer
weights add to the generalization capabilities of a linear
output layer solution as it has nearly orthogonal (weakly
correlated) hidden layer properties. If the weight range is
constrained, the orthogonal inputs yield a larger solution
space volume with these constrained weights. Thanks
to the small-weight norms, the system is more stable
and robust to noise. The random hidden layer generates
weakly correlated hidden layer features, proposing a
solution with a low norm and strong generalization
performance. Various types of ELM have been proposed
in the literature.l?’-*"!

To learn effectively from various data types, ELMs
need to be modified to suit the problem. When new
samples are added to the dataset and grown, the ELM
is retrained, but retraining the network is inefficient
because the proportion of new incoming data is small.
Therefore, Matias et al.®% proposed an online sequential
ELM (OS-ELM). The basic idea behind OS-ELM
is to avoid retraining on previous examples using
a sequential method. OS-ELM reconstructs settings
using new instances sequentially after startup. Huang
et al.BY developed an incremental ELM (I-ELM). When
a new hidden node is introduced, I-ELM randomly
adds nodes to the hidden layer one by one, freezing the
output weights of the existing hidden nodes. I-ELM is
effective for single-layer feedforward networks (SLFNs)
with piecewise continuous activation functions. Rong
et al.P®? proposed a pruned ELM (P-ELM) algorithm as
a systematic and automated strategy for building ELM
networks. Using a small number of hidden nodes can
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cause under/overfitting problems in model classification.
Compared to traditional ELM, simulation results showed
that P-ELM results in compact network classifiers that
produce fast responses and strong prediction accuracy
on unseen data. Feng et alP*! proposed an error
minimization-based method (EM-ELM) that determines
the number of hidden nodes in generalized SLFNs by
growing hidden nodes one by one or group by group.
As the networks grow, the output weights are gradually
changed, significantly reducing the computational
burden. The simulation results in sigmoid-type hidden
nodes showed that this method can greatly decrease the
computational cost of ELM. Nodes are randomly added
to the network until they reach a certain error value
of €. A new learning algorithm called an evolutionary
ELM (E-ELM) has been developed to optimize input
weights and latent biases and determine output weights.
Output weights are determined analytically using the MP
generalized inverse.?* The stability and generalization
performance of the ELM was investigated. This system
consists of two stages. In the first step, a forward iterative
algorithm is applied to select hidden nodes from randomly
generated candidates at each step and then hidden nodes
are added until the stopping criterion is matched. In the
second stage, unimportant nodes are removed.P33 A
kernel-based ELM (KELM) inspired by SVM has been
developed and the main kernel function used in ELMs
is the radial basis function. KELMs are used to design
deep ELMs (DELMs).B” DELMs utilize KELM as an
output layer.®® Voting-based ELM (V-ELM) has been
proposed to improve performance on classification tasks.
In V-ELM, not just one network is trained, but also many
are trained and then the fittest is chosen according to the
majority voting method.?”!

In this study, a signal processing methodology was
developed for the subjects who control the movement of
a robotic arm using four motor imagery signals related to
the following wrist movement states, respectively: right,
forward, left, and backward. Section 2 gives a background
on the MEG acquisition system and the robot arm, followed
by a discussion on the classification and control strategy
implemented in this study. In Section 3, the analysis results
were presented. Section 4 includes the discussion and
conclusive summary part.

Materials and Methods
There is no need for ethics committee approval.
MEG data acquisition and preprocessing

The data set was provided by the Brain Machine
Interfacing Initiative, Albert-Ludwigs-University
Freiburg, the Bernstein Center for Computational
Neuroscience Freiburg, and the Institute of Medical
Psychology and Behavioral Neurobiology, the University
of Tiibingen collected for the BCI Competition

IV (https://www.bbci.de/competition/iv/). The data set
comprises directionally modulated low-frequency MEG
activity that was acquired from two healthy, right-handed
subjects. They performed wrist movements in four various
directions, i.e., we have four different classes. The task
was to move a joystick from a center position toward one
of four targets located radially at 90° intervals (four-class
center-out paradigm) utilizing exclusively the right hand
and wrist.

The MEG device has 10 channels and 625 Hz. sampling
rate. The data were band-pass filtered (0.5 to 100 Hz.,
Butterworth, 3 order) and resampled at 400 Hz.
The data comprise signals from ten MEG channels
which were positioned above the motor areas given in
Figure 1.

The details about the data acquisition and signal processing
processes can be accessed at https://www.bbci.de/
competition/iv/. Data were collected from two separate
subjects including training sessions during 40 s/trials for
each mental task, and testing sessions during 73 trials
by executing random tasks. The test data will be used as
external validation for assessing the performance of the
proposed classifier.

The training data were merged as the size of the matrix
for each mental task-based class is 40 (number of
trials)x800 (number of sampling data)x10 (number of
channels). The train data matrix was reshaped into a
two-dimensional form as 32000 (number obtained from
multiplication of trials with the sampling data)x(number
of channels). The total size of the training data is
128000 x 10.

The testing data including the random sequence of mental
tasks were merged as the size of the matrix is 73 (number
of trials)x800 (number of sampling data)x10 (number
of channels). The test data matrix was reshaped into a
two-dimensional form as 58400 (number obtained from
multiplication of trials with the sampling data)x10 (number
of channels).

Feature extraction

The  feature extraction process includes the
transformation of the preprocessed signal into a
feature matrix by attenuating noise and focusing on
important data. The AR package is utilized to find an
optimum model order for the time-varying multivariate
autoregressive (MVAR) model. The time-invariant
parameter and the order of the model can be estimated
using AR, -package. “Schwarz’s Bayesian Criterion”
is applied for the order estimation and then the model
order is fixed for further analysis. Time-varying partial
directed coherences (PDCs) are evaluated through
the time-varying MVAR model matched with the
signal using an AAR algorithm, which uses linear
Kalman filtering for parameter estimation. A surrogate
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Figure 1: The MEG channel positions. ‘LC21’°, ‘LC22’, ‘LC23’, ‘LC31’, ‘LC32’, ‘LC41’, ‘LC42’, ‘RC41’, ‘ZC01’, ‘ZCO02’ [https://www.bbci.de/competition/iv/]

data method having 50 realizations is performed to
choose the most essential quantities of the measure
at a 99% confidence level. Surrogates are constructed
by randomizing all samples of the signal to remove
the causal relations among them.***!! The algorithm
embeds the linear Kalman filtering to update the MVAR
parameters for each time sample.

A d-dimensional time-varying MVAR process is given in
Eq. 1.

P
yk ZZA/Er)yk-r (1)
r=1

where p is the model order, w, e R’ is a zero-mean

+wk

white process noise vector, and 4" € R”“is the matrix
of autoregressive coefficients at each lag » and time point
k=p+1,...,N.

A form of state space equations is built from the MVAR
equations by re-organizing all matrix parameters into a
state vector of the dynamical system and focusing the
nonstationary signal as the measurement is given in
Eq. 2.424)

X = Fx, T Ke

2

where x, is the parameter vector (state vector), k, is the

Ve =Hx, +v,

Kalman gain, / is the measurement matrix (observation
matrix), e, is the one-step prediction error, and y, is the
estimated vector.

x,and H, are stated in Eq. 3.
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[ x,(1,k) |
X, (D, K) VT (k-1) 0 |
X, = H, - (3)
X, (1K) 0 v (k-1) ]
| X, (2.50) |

where y'(k-1)=[y"(k-1)...y"(k-p))]. The elements of the state
vector are estimated via the Kalman filtering approach.
The process and observation noise covariance matrices

(w(k),v(k))are updated using a specific method given in
Eq. 4.1
v(k)=(1-&)xv(k-1)+{xe(k)

Ix¢xr(z(k)))
P

w(k) = ( @

where ( is the update coefficient, z(k) is the a-posteriori
correlation matrix. / is the identity matrix, and x implies
the matrix product operator.
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The update coefficient determines the time resolution and
the smoothing of the AR estimates. The A’ matrices given

in Eq. 1 are in the following form given in Eq. 5.

_a”(r,k) alN(r:k)_

A = . S . (5)

_aNl(r’k) aNN(r’k)_
for » = 1,..,p and their elements are predicted utilizing
the adaptive method given in Eq. 1-4. Based on that
information, adaptive time-varying connectivity measures
are defined on the following Z-transform of the MVAR
parameters “ A ” to the frequency domain as in Eq. 6.

4
Ak f)y=1-Y Az (6)
r=1 =27
PDC, which is a time-varying connectivity measure, is
defined in Eq. 7.0454¢)

(7

PDC quantifies the direct influence from time series to
time series , after discounting the effect of all the other
time series. The square exponents enhance the accuracy
and stability of the estimates while the denominator part
permits the normalization of outgoing connections by the
inflows.7

Classification

Extracted features are then defined as input neurons to the
classification algorithm. The output layer should include
four neurons for the four classes that represent the four
wrist movement states. The number of neurons in the
input layer changes according to the length of the feature
vector. NNs and SVMs play key roles in machine learning
and data analysis. However, it is known that there exist
some challenging issues with them such as intensive
human intervention, slow learning speed, and poor learning
scalability. In this article, we use ELM for the classification.
ELMs are a kind of feedforward neural network, which does
not necessitate gradient-based backpropagation for learning.
It utilizes MP generalized inverse to set its weights. ELM
not only learns up to tens of thousands faster than NNs
and SVMs but also provides unified implementation for
regression, binary, and multi-class applications. ELM is
efficient for time series, online sequential, and incremental
applications. ELM is also efficient for large datasets.

A single-hidden layer feedforward NN
Figure 2.

is shown in

The algorithm of a single-hidden layer feedforward NN can
be listed as multiplication inputs by weights, adding bias,

v ]

output

Figure 2: A generic single-hidden layer feedforward neural network
architecturel®!

Input ¥ |

implementing the activation function, repeating the first
three steps with a number of layers times, evaluating output,
backpropagating, and repeating every step, respectively.
The ELM differs from the feedforward NN by removing
the repeating steps and replacing the backpropagation step
with a matrix inverse operation.

The output of the ELM is evaluated as in Eq. 8.

L= hg =2 fg(w*x, +b,).j=1..N @

where L is the number of hidden units, NV is the number of
training samples, S, is the weight vector between ith hidden
layer and output, w is the weight vector between the input
and hidden layer, g(.) is an activation function, b is a bias
vector, and x is an input vector.

f is a special matrix due to the pseudo-inverse operation.
Eq. 8 can be represented in a compact form as in Eq. 9.

T=Hp

_g(W1*x1+b1) g(WL*x1+bL)

H=
_g(wl*;cN+b1) o g(wL*;cN+bL)_NxL
A ] 0]

p-| | -l ©)
LB L Lt Ly

where m is the number of outputs, H is called the hidden
layer output matrix, and T is a training data target matrix.

Since there are no certain rules for choosing the number of
hidden neurons, the EM-ELM method was used for finding
the optimal configuration.
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Machine interface design

JACO robotic arm, which is a generic 6-axis robotic
manipulator with a three-fingered hand, can be used for the
physical realization and machine interface of the proposed
algorithm. The arm has six degrees of freedom in total with
a maximum reach of 90 cm radius sphere and a maximum
speed of 30 cm/s. It is made of three sensors: force,
position, and acceleration. This arm should be suitable
for a person with a disability of the upper arm and can be
placed in a wheelchair. The upper arm of the robot is made
of three links which are similar to the upper limb of the
human body, as shown in Figure 3.

An API, which gives freedom of control to users, is provided
by the manufacturers. The subject needs to control the
movement of the robot arm toward a given target by using
four mental commands: Forward (F), Backward (B), Left (L),
Right (R), and No Movement command. To end the movement
of the robot arm, the subject would generate a “No Movement”
command by taking no action. The arm could move on
two axes (x and y) and in four directions (forward (+y),
backward (—y), left (+x), and right (—x)). The control signals
are generated according to the mental commands. To move
the arm forward, the subject imagines the forward wrist
movement, and performs backward wrist movement to move
the arm backward. The subject imagines moving his/her right
wrist to move the robotic arm right and imagines moving his/
her left wrist to move the robotic arm left. Forward differential
kinematics gives the relation between joint velocities and tip
velocity. This relation is in matrix form called Jacobian. To
form Jacobian, first propagation matrices are created. The
propagation matrix given in Eq. 10 produces the relation
between sequenced joints.

EH,

V, =@V, +HO (10)

For fixed base manipulators, the robot propagation matrix
can be constructed by using these joint relations. This

Figure 3: JACO robotic arm mounted on an electric wheelchair*’

matrix is called ¢ and gives all joint velocity vectors. To
reach tip velocity, Eq. 11 should be evaluated.

V.=, HO an

By using this equation, the robot tip velocity can be
calculated concerning joint velocities. Hence, the Jacobian
is given in Eq. 12.

J=¢, 0 H (12)

MATLAB Simulink Code is created by using the above
equations. First, the Jacobian is implemented, after that
according to Rodrigues’ formula, the rotation matrices for
each joint are built. The coordinate frames for each joint
change when the robot moves. For this reason, coordinate
frames are updated at each sample time by using joint
velocities, sample period, and rotation axes. However, this
update mechanism is correct if the joint velocity is constant
along the sample period. The selected sample time is 1
ms. The Simulink block diagram of the robot Jacobian is
shown in Figure 4.

Inputs are base positions (6 x 1) and Robot Joint Angular
Positions (6 x 1), and Outputs are Tip Point Position and
Load Center Position. Tip and load center positions are fed
to these shapes at the VRML file to confirm the operation
of the moving base kinematic code. Only the angular part
of the base position is used. These angles are Euler XYZ
angles and converted to vector-angle representation and
then fed to VRML file. Two common ways to create a
dynamical model of a robot are Newton—Euler-based and
Euler—Lagrange-based dynamical modeling. The Newton—
Euler method, which is a vectorial approach, was explained
in this article for dynamical modeling.

The dynamic model stated in Eq. 13 describes the
relationship between joint forces and joint accelerations.
The forces acting on a joint are the sequenced joint force
and linear and angular inertia of the joint.

Ty =Thus +lk,k+l X fror Tle XV my +E Iw,)
. d — —
fk:fkﬂ"'mkz("k tw, XL, ) (13)

The compact form of Eq. 13 can be given as in Eq. 14.

(p(k+1k)F Vk b,

Wk x1 Wk = ﬁ X;k’
= kTR a, = |__
m, w, X (w, Xlk,c) W X (W, Xlk-],k) (14)

If the robot joint dynamic equations are put together, Eq.
15 is obtained.

“”II

} Vg T

<

=

F=¢" (M) +b+¢]F,) (15)
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Figure 4: Simulink block diagram of the robot Jacobian

The above equation includes all forces acting on the robot
joints. To reach forces that make the robot joint accelerate,
the force vector F is multiplicated with the rotation axis
matrix as in Eq. 16.

t=H F=u6+C+J'F, (16)
Based on MATLAB kinematic code for moving
base-robot systems, a dynamic model is built. The torque
expressions are related to Jacobian terms. Because of that
dynamic model code can be easily improved by starting
with kinematic code. The first addition to kinematic code
is creating ¢ the matrix according to base velocities, base
accelerations, and fixed base dual robot “ux” The fixed
base dual robot “4” requires robot joint masses, inertia
tensors, position vector of the center of mass, and joint
angular velocity vectors. Masses, inertia tensors, and
center of gravities concerning joint frames are found
by investigating the SolidWorks drawing of the robot
arm. Joint angular velocity vectors are provided from
the previous iteration with zero initial points. After
evaluating the fixed base “u” the moving base features
are added to the “u” and a new “u” is created. These
additions are base mass matrix which depends on base
mass, inertia tensor, the center of gravity, and base-robot
mass matrices. C matrix is created based on H, ¢, a
vector, b vector, and mass matrix. After calculating
these matrices, the forward dynamics of the robot with a
moving base are simulated. Above torque, expression is
prepared as torque input and acceleration output given in
Figure 5 and Eq. 17.

O=u'(t-C-J'F) 7)
The inputs are Tip Forces (12 x 1), Base Forces (6 x 1),
Joint Torques (12 x 1), and Joint Angular Velocity
Vectors (12 x 1), respectively. The outputs are
Accelerations (18 x 1), Tip Point Velocities (12 % 1), and
Load Velocity (6 x 1), respectively.

Results

After applying the adaptive AR-based PDC feature
extraction method to the train data matrix for each
class, the time-variant estimated MVAR parameters
were obtained. The size of the parameter vector for each
class is 32000 x 200.The rows represent time in terms
of data samples, and the columns show the parameter
values estimated over samples. The most significant
values of the adaptive PDC measures at a 99% level of
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significance after applying the surrogate data method
are given in Figure 6 for each class of wrist movement
states.

The adaptive PDC results show the connectivity between
channels. It can be inferred from Figure 6 that the most
significant direct coupling activities emerge from channel
3 to channels 1, 2, 4, and 5, respectively. The model
parameters are accurately tracked and each class has
different patterns.

The adaptive AR-based PDC feature matrices are
concatenated and the feature train matrix is built, and the
obtained train matrix is fed into the ELM. The size of the
feature train matrix is 128000 x 200.

A principle component analysis-based dimension reduction
algorithm, which is an orthogonal transformation
constructing the relevant features, is applied to the feature
train matrix because the number of extracted features is too
much. The first four components having the most variance
in the feature data are selected. After the dimensionality
reduction process, the size of the feature train matrix
becomes 128000 x 4.

The obtained data are randomly divided into
training, testing, and validation sets. Every time
the system is executed, samples were used for each
task (70400 samples [55%] are used for training,
25,600 samples are used for validation [20%], and the
remaining 32000 trials were used for the test [25%]). ELM
has trained for 100 epochs (iterations) by incrementing the
number of neurons in the hidden layer (hidden node). For
each hidden node, the classification accuracy was evaluated
in terms of the “root mean squared error” criteria. Figure 7
represents the performance curve sensitivity concerning the
hidden node.

The rmse error approaches the equilibrium state while
increasing the hidden nodes. Therefore, the number
of hidden neurons is chosen as 100. The training ratio
is selected using a trial and error process as 0.7. The
activation function of the output layer is chosen as
“sigmoid.”

The confusion matrices are given in Figure 8.

Test data are used for the external validation process. The
size of the reduced feature test matrix is 58400 x 4. After

feeding the test data to the trained ELM model, the external
validation accuracy of the ELM is found as 84.88%.
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A comparative analysis was conducted over the external
validation results using various classification methods and
given in Table 1.

According to the external validation results, the ELM
outperforms the other machine learning models, and also
the computational speed is extremely fast.

Discussion and Conclusive Summary

The obtained results clarify that by applying the
proposed methodology, control signals from an
individual’s MEG signals can control the robotic arm.
Time-varying cortical neural connectivity features are
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Figure 8: Confusion matrices: (a) training, (b) test, (c) validation. Class 1: right, Class 2: forward, Class 3: left, Class 4: backward

Table 1: Comparison of external validation classification results

Classifier Sensitivity (%) Precision (%) Specificity (%) F-measure (%) Accuracy (%)
SVM 83.6 82.88 82.71 83.25 83.17
ELM 85.12 83.73 83.62 84.95 84.88
NB 75.45 77.03 76.74 76.23 76.08
k-NN 78.54 67.93 76.79 78.23 77.71
ANN 79.78 79.23 76.79 79.50 78.43

SVM: Support vector machine, ELM: Extreme learning machine, NB: Naive Bayesian, k-NN: k-nearest neighbor, ANN: Artificial neural network

strong biomarkers for characterizing the MEG patterns,
which originated from wrist movements. According
to the external wvalidation classification results,
ELM outperforms the other classifiers by achieving
the highest accuracy. The accuracy of which these
control signals are extracted from the MEG signals is
extensively measured using the wide industry-employed
receiver operator characteristic curves. After the
signal processing part is taken care of, it is necessary
to establish the dynamic model of the robot, create
and simulate the solid model, eliminate the errors
caused by the system dynamics in the robot joints, and
synchronize with the brain signals. MEG-based BCI
systems are capable to be robustly utilized as a control
device through the proposed framework.
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The Usage of Constrained Independent Component Analysis to
Reduce Electrode Displacement Effects in Real-Time Surface
Electromyography-Based Hand Gesture Classifications

Abstract

Aim: In real-time control of prosthesis, orthosis, and human—computer interface applications,
the displacement of surface electrodes may cause a total disruption or a decline in the
classification rates. In this study, a constrained independent component analysis (cICA) was
used as an alternative method for addressing the displacement problem of surface electrodes.
Materials and Methods: The study was tested by classifying six-hand gestures offline and in
real-time to control a robotic arm. The robotic arm has five degrees of freedom, and it was controlled
using surface electromyography (SEMG) signals. The classification of SEMG signals is realized using
artificial neural networks. cICA algorithm was utilized to improve the performance of classifiers
due to the negative effect of electrode displacement issues. Results: In the study, the classification
results of the cICA applied and unapplied sSEMG signals were compared. The results showed that
the proposed method has provided an increase between 4% and 13% in classifications. The average
classification rates for six different hand gestures were calculated as 96.66%. Conclusions: The study
showed that the cICA method enhances classification rates while minimizing the impact of electrode
displacement. The other advantage of the cICA algorithm is dimension reduction, which is important
in real time applications. To observe the performance of the cICA in the real-time application, a

robotic arm was controlled using SEMG signals.

Keywords: Classifier, constrained independent component analysis, electrode, surface

electromyography
Introduction signals. The signals can be affected
. . by fatigue, artifacts, noise, and blood
The concept of using prosthesis as a real Y &
pressure.  Beyond these  parameters,

limb for disabled persons or using muscle
and limb movements to control giant robots
may seem like a futuristic fantasy or science
fiction novel, but the latest developments
in biomedical,l biomechanics and sensor
technology and commercially available
prosthesis, such as i-Limb, Bebionics, Otto
Bock’s Genium Bionic prosthetic systems,
and Thalmic Labs wearable gesture control
systems, show that this concept is becoming
a reality.

Despite these improvements, there are a
number of issues that must be addressed.
One of the obstacles in controlling
prosthesis and in real-time human—computer
interaction (HCI) applications are surface
electromyography (sEMG) signals.l' The
sEMG signals are highly changeable

This is an open access journal, and articles are
distributed under the terms of the Creative Commons
Attribution-NonCommercial-ShareAlike 4.0 License, which allows
others to remix, tweak, and build upon the work non-commercially,
as long as appropriate credit is given and the new creations are
licensed under the identical terms.

For reprints contact: WKHLRPMedknow_reprints@wolterskluwer.com

electrode placement plays a vital role
for high accuracy classifications.?! While
in motion, the prosthesis and the HCI
devices’ electrode places can be changed,
and placing electrodes at the same point
is very difficult.®! Thus, the classification
accuracy is either compromised or a
retraining process is necessary. Hargrove
et al. investigated how  electrode
displacement, size and orientation affect
pattern recognition based on myoelectric
control systems.’) Hargrove et al. found
that electrodes shifts, orientation, and size
reduced classification accuracy by about
10%-30%.5!

The issue with electrode displacement
is that the classification algorithm is
adjusted depending on a certain position
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for a specific gesture. When the electrodes’ positions are
changed, the sEMG recordings are affected from the
adjacent muscle activities, so classification rates decline.
This problem can be described as a source separation of
SEMG signals.

There are several studies in the literature for source
separation. One of the source separation algorithms is
independent component analysis (ICA). The use of ICA
algorithms has become popular in removing artifacts,
noise, and source separation of biomedical signals, such
as electrocardiography, electroencephalography, and
electromyography.” Although ICA provides a solution for
source separation, it has disadvantages, such as finding the
sources in a different order each time the algorithm is run.l”!

The ICA algorithm is used in several studies on hand gesture
identification. Naik et al. proposed the identification of
various hand gestures for HCI using ICA®! and a multi-run
ICA-based signal processing system for recognizing hand
gestures with an artificial neural network (ANN) classifier.”
They reported that ICA alone is not suitable for SEMG due
to the nature of sEMG distribution and the disorder of
the estimated sources. They classified three-hand gestures
for HCI and six-hand gestures with high accuracy using
four electrodes in two different studies.’! Sueaseenak
et al. classified eight gestures with 16 electrodes using
an ICA classifier and compared the results with an ANN
classifier.”? They found the classification performances of
the ICA classifier to be at 93.3%.

The constrained ICA (cICA) algorithm, which is a type
of traditional ICA, can be used for the source separation
applications in which any prior information about the source
of interest is known. The purpose of the cICA algorithm
is to obtain an output that is statistically independent
from other sources and closest to the predefined reference
signal. There are also studies of the source separation of
biomedical signals that use the cICA algorithm.!"

Offline Operation

Determining
ST > Reference sEMG
signal

) " 1
sEMG Signal From Test
Electrode 2{Mixed

Signall)
i) r—+
(VI=(W]*[x]
Gl ——%
Real Time
Operation

In this study, a constrained ICA solution is proposed
for the displacement problem of electrodes, and the
classification of six hand gestures (hand open-close,
wrist flexion-extension, radial, and ulnar movement) was
conducted offline with high accuracy using the estimated
sEMG signals. The classification results of the cICA
applied and unapplied SEMG signals were compared.
The study shows that the proposed method also increases
the classification performances of the ANN classifier. As
an additional application, a robotic arm was controlled
in real-time using sSEMG signals. A simple task, which
was gripping a cube and moving it to another place, was
performed using hand gestures.

Materials and Methods

There is no need for ethics committee approval. In
this section, robotic arm gestures for robotic arm
control, electrode placement, data acquisition, signal
processing methods, and the classification algorithms are
discussed. The block diagram in Figure 1 illustrates the
main steps in the study. The study can be divided
into two sections. The first section is generating a
demixing matrix, which is separating mixed sEMG
signals in an offline operation.”” The second section
controlling the robotic arm in real time. While
controlling the robotic arm, the demixing matrix is
used first, which is obtained in the first step, and then
the obtained estimated sEMG signals’ features are
extracted and classified to control the robotic arm.

Robotic arm and gestures for robotic arm control

In this study, the AX-12A Smart Robotic Arm
(Crustcrawler, Inc., California) was chosen because its
motion capability is similar to the commercially available
prosthesis. It has five degrees of freedom. Six different
hand gestures were used to control three degrees of the
robotic arm.®) These hand gestures were hand open-close,
wrist flexion extension, and radial and ulnar deviations. In

Reference 7
sEMG
Signal

e

cICA Algorithm

(Generation of
Demixing Matrix)

i '

-

2 +—
sEMG Signal From Test
Electrode 4(Mixed
Signal)

[W](Demixing Matrix)

Feature
Extraction

[U}{Estimated

Source Signals) + (Classification

Figure 1: The block diagram of the clICA-based solution for the displacement problem of electrodes and the control of a robotic arm. cICA: Constrained

independent component analysis
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the controlling of the axis according to the gestures are
shown.

Electrode placement and data acquisition

Electrode placement plays a vital role in sEMG-based
systems. In this study, we used six electrodes. Two of
them were cICA reference electrodes, and the other
four electrodes were test electrodes. The cICA reference
electrodes were placed along the longitudinal axes of the
Brachioradialis and the Flexor Carpi Radialis muscles,
respectively, and the other four electrodes were placed
in parallel positions (25 mm away) to the ICA reference
electrodes. The placements of the electrodes are shown
in Figure 3. The bipolar passive disposable Ag/AgCL
electrodes (Myotronics Inc., WA), which were 1 mm
in diameter and 22 mm in interelectrode distance, were
chosen for this study.

The analog sEMG signals were amplified using a
homemade sEMG amplifier, and these amplified signals
were converted to digital signals using the IOtech Personel
Dag/3000 (I0Tech, MA) series data acquisition system at
16 bits resolution with a 1 kHz sampling frequency.!'! The
amplified SEMG signals were filtered using a band-pass
filter, which allows for passing the signal between 20 Hz
and 500 Hz.

Independent component analysis and constrained

independent component analysis algorithm

ICA is a statistical method in which the goal is to
decompose given multivariate data into a linear sum of
statistically independent components. Recently, ICA has
been used in the biomedical signals for removing artifacts,
data reduction, and source separation.'? The general ICA
equation can be stated as in Eq 1 where S defines the source
signal, 4 defines the unknown mixing matrix, X defines the
mixture of source signals, W defines the unmixing matrix,
and U defines the estimated source signals. The goal of ICA
is to find a linear transformation W of the sensor signals
X that makes the outputs U as independent as possible.['*!
There are several algorithms to find the unmixing matrix W,
and one algorithm is the Constrained ICA (cICA) algorithm.

[X] = [4] * [S]

(U] =[] * [X]
Constrained ICA is an algorithm that searches statistically
independent sources in mixed signals environments

according to the predefined reference signal.'¥ It is not
necessary that this reference signal be the exact signal of
interest. This knowledge is important because obtaining
the perfect match for a reference signal is impossible in
most cases. In studies that searched for a signal source
in mixed environments, cICA is very useful because the
conventional ICA finds sources in different orders, so it is
difficult to determine whether or not the source of interest
has been identified. So you cannot be sure it is the source

that you are interested. The disadvantage of cICA is that
the user must know the nature of the signal of interest to
select the proper reference signal. In our study, the sSEMG
recordings of two electrodes were reduced to one sEMG
signal according to a reference sEMG signal. The cICA
model used in this study is depicted in Figure 4.

Reference surface electromyography selection

The success of the cICA algorithm completely depends on
the selection of the reference signal.l'! The cICA algorithm
cannot find the source signal of interest without obtaining
the correct reference signal. In this study, the control of

(b} Hand Close
(Close Gripper
or Stop
movement)

(d) Ulnar

(c) Radial
Deviation(up)  Deviation(Dowa)

-

(f) Wrist Extension
(Rotate Right)

1 f]&otate i.efﬂ .

Figure 2: Hand gestures that were chosen for the control of the robotic arm
and axis directions according to the gestures

Test Electrode 3 ¢ICA Reference “ ‘
{TE3) Electrode 1 (Refl)

Test Electrode 2
clCA Reference (TE2)

Electrode 2 (Ref2)

e

g
Test Electrode 4
(TE4)

Figure 3: The placement of cICA reference electrodes and test electrodes.
clICA: Constrained independent component analysis

Test Electrode 1
(TE1)

sEMG Signal From Test
Electrode 2{Mixed
Signall)

Estimated
& * 4 — cicA Sju‘roe
Algorithm
| WA YO
SEMG Signal From Test f
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o Reference
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Figure 4: The constrained ICA model. ICA: Independent component analysis
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the robot arm was performed using six-hand gestures, so
twelve reference signals had to be determined for the six
gestures recorded for the two muscles.

In order to determine the reference signals, the signals
of the gestures were recorded first, while the subject was
asked to perform six gestures and repeat the same gestures
ten times. Second, the recorded sEMG signals’ features
were extracted.l'" Third, using these features, an ANN
(12 neurons at the input layer, 20 neurons at the hidden layer,
and 6 neurons at the output layer) was trained. Following
the training session, the gestures with the minimum
classification errors were recorded. The training process was
repeated ten times, and the minimum misclassified gestures’
signals were selected as reference signals.

Generating a demixing matrix

The cICA algorithm generates a demixing matrix using a
reference signal in order to easily generate six demixing
matrices for each gesture on one muscle and to use it for
classification. The problem in this study was that we had
to classify six gestures, but we did not know which gesture
was detected before the real-time classification, which
means that we could only use one demixing matrix for
each muscle.'” Our solution was to generate six demixing
matrices using preselected reference signals and to calculate
the medians of these six demixing matrices (demixing
matrices are the same size) to get one common demixing
matrix for one muscle. We used Brachioradialis and Flexor
Carpi Radialis muscles to generate one demixing matrix for
each muscle.

Feature extraction

The feature-extracting process is one of the most important
parameters in classifying sEMG signals because it
directly affects the classification performance. There are
several feature-extracting methods for sEMG signals,
but they are generally categorized as time and frequency
domain features. In real-time systems, the frequency
domain features are not preferred because of the extra
time consumed in comparison with the time domain
features. In this study, six-time domain features were used.

These feature vectors are variance (Var), zero crossing,
wavelength, Willison amplitude (WAmp), mean absolute
value, and slope sign change.'*!”] Previous studies were
considered in choosing the feature vectors.

Classification

The (ANN) is one of the most commonly used
classification algorithms.?”) There are studies of the
classification capability of ANN in sEMG signals.?"] The
feedforward backpropagation ANN network type, which
has one hidden layer with 20 neurons and one output
layer with 6 neurons, is used in the study. The selected
ANN has tansig and purelin activation functions at the
hidden and output layers, respectively. While training
the ANN, the Levenberg—Marquardt training algorithm
and the mean squared error performance function were
used. The classes of gestures were determined according
to the majority voting result. When the gesture was
detected, 1000 samples were recorded. The recorded
gesture data were divided into five equal segments
using a windowing technique as shown in Figure 5.
Nonoverlapping windowing was used so that each
window had 200 samples. For each segment, an ANN was
trained so that means decisions were given according to
the five ANNs. The results of the ANNs were evaluated
using a majority voting algorithm, and the gesture with
the highest vote was accepted as the winning gesture. The
classifier model is depicted in Figure 6.

Results

This section is divided into two subsections: offline
classification results and real-time control of the robotic
arm.

Offline classification results

In this section, the results were compared according to the
classification performances of cICA applied and unapplied
sEMG signals, which were recorded in the vicinity of
the reference points and evaluated based on the aspect of
the classification of six-hand gestures using one and two
muscles.?

mewwwm L T R
;El ::; : Fili'st Second Third Fourth Fifth :
. - Segment Segment - Segment s | Segment < Segment 5
-0.3F i

Sample Number(Fs=1000 Hz)

Figure 5: The segmentation of the recorded sEMG signal. sEMG: Surface electromyography
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The ANN training process had random parameters to obtain
more accurate classification results. Ten different ANNs
with the same size were trained, and the classification
results were recorded. In Table 1, the maximum, the
minimum, and the calculated average values of the recorded
classification results are shown.

First, we attempted to determine what would happen if
we placed electrodes (TE1, TE2, TE3, and TE4) in the

Table 1: Classification results
Electrodes and cICA applied

Classification results

electrodes (percentage)
Maximum Minimum Average

Refl-Ref2 100 86.66 93
Refl 90 76.66 83
Ref2 96.66 90 92.66
TE1 86.66 70 78.33
TE2 86.66 70 78.66
TE3 86.66 73.33 83
TE4 96.66 73.33 84
TE1-TE2-TE3-TE4 100 80 92.66
TE1-TE2 90 73.33 83
TE1-TE4 96.66 76.66 86.66
TE3-TE2 93.33 76.66 86.33
TE3-TE4 100 90 92.66
ESS1 (cICA applied to TE1-TE3)  93.33 76.66 89
ESS2 (cICA applied to TE2-TE4)  96.66 83.33 87.66
ESS1-ESS2 100 93.33 96.66

cICA: Constrained independent component analysis

Inputs

Hidden
Layer

smessssssssssssssssssd = = P> O M

Z2r»r0m

Figure 6: The ANN Classifier Model. ANN: Artificial neural network

vicinity of the reference points (Ref 1 and Ref 2), as
shown in Figure 3. The results show that the classification
results declined up to 8% as expected. In other words, the
reference points were chosen correctly.

Second, the classification effects of the cICA algorithm
were investigated on the muscles Brachioradialis and
Flexor Carpi Radialis, respectively. The TEl and TE3
electrodes were placed in the vicinity of the Refl point
on the Brachioradialis muscle, and the TE2 and TE4
electrodes were placed in the vicinity of the Ref2 point
on the flexor carpi radialis muscle. The TEI-TE3 and
TE2-TE4 signals were introduced to the cICA algorithm
to obtain the ESS1 and ESS2 signals, respectively. The
obtained ESS1 and ESS2 signals’ effects on the average
classification performances were calculated as 89% and
87.66%, respectively. These rates show a minimum increase
of between 3% and 6% in classification performances when
compared with the other electrodes, except the Refl and
Ref2 electrodes.

Another evaluation was conducted regarding the cICA
effect on the classification of six gestures when both
of the muscles were included. When we generated the
binary combination of the TEl, TE2, TE3, and TE4
electrodes on the two muscles, we obtained the TE1-TE2,
TE1-TE4, TE3-TE2, and TE3-TE4 combinations. When
we compared the effects of these generated binary
combinations and ESS1-ESS2 with the classification
results, an increase between 4% and 13% was observed. In

Winner
MAJORITY Gesture

VOTING

EoANN: Evaluator of ANN
results
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addition [Figure 7], the comparison between ESS1-ESS2,
Refl-Ref2, and all electrodes (TE1-TE2-TE3-TE4) was
made. The results indicate that when features of the
ESS1-ESS2 signals are applied to the ANN classifier, the
average success of the classifier increased to 96.66%, while
the success rates of Refl-Ref2 and TEI1-TE2-TE3-TE4
were 93% and 92.66%, respectively.

Real-time control of the robotic arm

For real-time classification, four electrodes (TEl,
TE2, TE3, and TE4) were used to estimate the SEMG
signals (ESS1 and ESS2), as mentioned in the previous
sections. The generation of reference signals, the demixing
matrix calculation, and the training of the ANN were
conducted offline, and the obtained demixing matrix, the
network bias, and the layer weights were used in real-time
classification. MATLAB software (version R2019a)
was used for the calculation of the demixing matrix, the
training of ANN, and the control of the robotic arm.!
The communication and the control of the robot arm was
carried out by the help of a PC, which has an AMD
processor (2.80 Ghz) and 4.0 GB RAM, on a serial port.
The classification duration of a gesture takes about 0.7 s
after the motion is detected.

The sEMG signal was filtered with only a bandpass filter,
which has the cut-off frequencies 20-500 Hz. There was
no complex filtering technique applied to the raw data.
The onset of sEMG signal activity was detected using
the double-threshold method of et al.?*! This method
operates on the raw myoelectric signal and does not
require any envelope detection, so it is suitable for real
time applications. A simple task was performed using an
AX-12 robot arm. A small cube was placed on a desk,
and the subject was asked to carry the cube to a target
place using hand gestures. The subject moved the cube
to the target place successfully. The photos taken during
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Figure 7: Performance comparison of sEMG signals recorded from
reference points, cICA applied and unapplied electrodes. sEMG: Surface
electromyography, clCA: Constrained independent component analysis

the real-time control of the robotic arm are shown in
Figure 8.

Discussion

This study shows that the cICA algorithm increases the
classification accuracy while reducing the dimension and
offers a solution to the problem of placing electrodes at the
same reference point in real-time applications.

Dimension reduction offers an extra advantage, such as
decreasing the computational load of the classifier, because
it deals with fewer signals instead of all records. Unlike
other techniques, the dimension reduction is as simple as
multiplying input signals using a demixing matrix.

In addition, the classification of six gestures was realized
in this study. The number of gestures can be increased to
control the unused axis of the robotic arm, but placing
extra electrodes on the related muscles may be necessary.

In the real-time experiments, we did not focus on the
duration of the classification. Thus, 0.7 s seems long, but
the duration can be minimized by using the optimization
on the algorithm and running the algorithm on a specific
embedded system, such as Field Programmable Gate
Arrays.

The results of this study can be applied to other complex
biomedical signals, such as EEG, in order to increase its
classification in HCI applications and in the diagnosis of
disorders.

Conclusions

The success of the cICA algorithm was tested both in the
offline classification of hand gestures and in controlling
a robot arm using six different hand gestures. The offline
classification results show that cICA increased the
classification performances to 96.6% while providing
data reduction. In the second application, the robot arm
was controlled with high accuracy. This study shows
that the cICA algorithm can be applied as a solution
to the displacement problem of electrodes in real-time
applications.

Figure 8: Real-time control of a robotic arm using hand gestures
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NeuroPsychophysiological Investigation of ASMR Advertising Experience

Abstract

Aim: The framework of this research is to examine the effects of autonomous sensory meridian
responses (ASMRs) sensory/impulse circularity, psychological infrastructure, and the effects of
brand advertisements using this technique on consumer behaviors and physiological outcomes such
as product attitude, purchase intention, advertisement taste, and perceived visual advertisement
esthetics. Materials and Methods: Mixed research method was used in the study, which consisted
of consumers with high depressive mood and anxiety level (experimental group) and consumers with
low depressive mood and anxiety level (control group). Electrodermal activity measurement and
facial reading (facial coding) analysis are two specific neuromarketing research techniques utilized
in this research. In addition, consumer attitude scales and psychological scales were employed.
Results: According to the results obtained from the findings of the study, the physiological and
attitudinal effects of ASMR advertisements do not show significant differences between the
experimental and control groups. This is due to the fact that ASMR varies from person to person
and has an atypical physiological pattern. Conclusion: The fact that ASMR is an ambiguous and
contradictory experience with different physiological profiles due to factors such as causality,
connectivity and relativity is consistent with the findings of this research.

Keywords: Autonomous sensory meridian response, consumer neuroscience, consumer psychology,

electrodermal activity, facial coding

Introduction

Autonomous sensory meridian
response (ASMR) is a sensory Internet
phenomenon that arouses a certain sensation
or feeling in its audience with audiovisual
stimuli and has spread rapidly in recent
years.I'? Scientifically, it is characterized
by the progression of electrostatic-like
tingling starting in the head-and-neck
regions throughout the body from the spine
line.?4Y Many of the most popular ASMR
videos feature, interpersonal triggers such
as whispering and personal attention (e.g.,
haircuts) and nonperson-centered triggers
such as crispy sounds and focused tasks
(e.g., towel folding).”

In addition to the physical tingling
sensation, researches and anecdotal texts
in the field report that ASMR can be used
as a therapeutic tool to help relax, struggle
insomnia, feel calm, and relieve chronic

This is an open access journal, and articles are
distributed under the terms of the Creative Commons
Attribution-NonCommercial-ShareAlike 4.0 License, which allows
others to remix, tweak, and build upon the work non-commercially,
as long as appropriate credit is given and the new creations are
licensed under the identical terms.
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pain and anxiety.'!! In this context,
ASMR videos are “self-prescribed” by
those who experience them as a method of
regulating emotions and promoting sleep
and healing.['”

In the first academic study of the ASMR
concept, it was stated that a significant
portion of individuals with moderate and
severe depression used ASMR videos
to alleviate their depression or anxiety
symptoms.®”!  Another study examining
whether ASMR is associated with
differences in personality traits reports that
individuals sensitive to ASMR score higher
on empathic anxiety, daydreaming, and
openness to experience than individuals
who do not experience ASMR.['¥!

Neuroscientific research on ASMR videos
reports that individuals experiencing ASMR
triggers show significant activation in brain
regions associated with reward nucleus
accumbens, sensory arousal dorsal anterior
cingulate cortex, and social and emotional
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behavior (insula). Researchers, who observed significant
brain activation in the region of the brain’s medial
prefrontal cortex associated with social behavior including
self-awareness, social cognition, and care during ASMR,
suggest that ASMR videos activate the brain similar
to real social interaction.' In another study using the
electroencephalography (EEG) technique, increased alpha
activity was detected in the frontal and parietal regions
of individuals with ASMR sensitivity compared to the
control group.!' Based on the fact that changes in alpha
wave activity are generally associated with meditative
processes;!'% the increased alpha wave activity detected by
Fredborg et al. suggests that the ASMR experience creates
a flow-like state, as in some forms of meditation.[”!

Other studies to test the physiological relevance of ASMR
found statistically significant increases in pupil diameter
with lower heart rate and increased skin conductance level
measurements in participants.'*'”7 The results of studies
performed in the field show that ASMR is a contradictory
experience with a different physiological profile, a mixed
emotional structure, and a social component.[!”

The psychological infrastructure and sensory dimension
of ASMR marketing which is expressed as “white noise”
and “silent marketing,” requires it to be examined in a
whole with the fields of consumer psychology, consumer
neuroscience, and consumer behavior. From this point
of view, the attitudes and physiological reactions of
consumers with high depressive mood and anxiety levels
to advertising stimuli using the ASMR technique, which is
stated to be calming and alleviate negative moods?*'! are
the focus of this research.

Materials and Methods

The study protocol was approved by the Uskiidar University
Non Interventional Ethics Committee on February 25,
2022, with the number 61351342/2022 77.

Research design

In the study, the physiological effect of the independent
variables (sensory stimuli included in ASMR-based
advertisements) on the mediators (experimental and
control groups) and their relationship with other dependent
variables (advertising liking, product attitude, and purchase
intention) are investigated. In this context, a mixed method
consisting of two stages was designed. Research processes
are given in Figures 1-3.

Expreimental
Group

Online
Questionnaire

Control Group

Figure 1: Mediators

Psychological measurements

In the first stage of the study, an online questionnaire is
applied with the convenience sampling method. The
questionnaire was built with Google Forms and designed
in Turkish. The consent of the participants was obtained for
the use of the data in the survey within the scope of the
research. In the questionnaire, Beck Depression Inventory-II
and Beck Anxiety Inventory-II were applied. Turkish
validity and reliability of both inventories consisting
of 21 items were made." As a result of the online
questionnaire, the participants are divided into two groups
as high depressive mood/anxiety level (experimental group)
and low depressive mood/anxiety level (control group).

Inclusion and exclusion criteria

Individuals (n = 173) who met the criteria for the 18—
35 years age range (n = 162) were included in the online
survey. Psychosomatic drug use was determined as the
exclusion criterion (rn = 151) to include individuals with
high depressive mood and high anxiety levels in the study.
Among the sampling group participating in the online
survey, those residing outside of Istanbul (n = 131) were
not included in the study as they could not participate in the
experimental process conducted in the Uskiidar University
Neuromarketing Laboratory.

Physiological measurements

The second stage of the study was started with the
participants (n = 40) who declared that they would
voluntarily participate in the research carried out at
the Uskiidar University Neuromarketing Laboratory.
Appointments were established within 10 days of the
administration of the psychological scales.

In the laboratory, four ASMR advertisements from
the automotive, food, beverage, and fashion sectors
were watched and the neurophysiological reactions of
the advertising stimuli were measured in both groups.
Electrodermal activity (EDA) and face coding are two
specific neuromarketing research techniques used in this
research.

To measure the skin conductivity response, the iMotions
Shimmer 3 GSR device is used. The device unit consists
of an optical heart rate detection probe, optical heart rate
sensors, GSR + electrodes, biophysical cables, and wrist
strap. It has MSP430 microcontroller (24 MHz, MSP430

Expreimental Skin
Group Conductance

ASMR
Advertisings

Control Group

Facial Coding

Figure 2: Physiological variables. ASMR: Autonomous sensory meridian
response
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Experimental
Group

ASMR
Advertisings

Control Group

Purchase Intention

5

Product Attitude

Advertisement Liking

Perceived Visual Ad.
Aesthetics

Figure 3: Variables of consumer attitude. ASMR: Autonomous sensory meridian response

CPU), Bluetooth radio (RN-42) integrated 2GB micro SD
card, and 450 MAH installable lion battery. GSR level
measurement range is 10k—4.7MQ (0.2uS-100uS) +10%.
22k—680k€Q (1.5-45uS) +3%. During the experiment,
two electrodes (Ag and AgCl surface electrodes) were
placed on the second and third fingers of the participant’s
nondominant hand and the calibration was completed.
The data obtained from the EDA device were analyzed by
taking the peak point values.”?!

AFFDEX facial expression analysis module developed by
iMotions was used in the research. The iMotions facial
coding system identifies emotions by scanning facial
expressions, regardless of environmental, contextual,
or other factors.?? A full HD Logitech brand camera,
with 29 mm height, 94 mm width, and 24 mm depth,
autofocusing at 1080p/30 fps—720/30 fps resolution,
was used to obtain the correct face reading data of the
individuals.

The calibrations of the participants were completed by
sitting comfortably at a distance of 60 cm from the screen
and camera. From the module, the participants’ seven
basic mood values (happiness, surprise, anger, sadness,
humiliation, disgust, and fear) for each commercial film
were analyzed over time percentage values.**!

Consumer attitude

Consumer behavior in today’s practice has a psychological
background. When it comes to the process of examining
consumer behaviors and psychological states, it is
understood that examining the effects of depression, which
is widely seen today, on consumer behavior is an important
research topic.?Y As a matter of fact, in this study,
experimental and control groups are determined according
to depression and anxiety scales, and their attitudes that
occur when they are exposed to ASMR-based advertising
videos are investigated through consumer neuroscience
measurements.

To correlate the sensory perception of the participants with
the brand marketing performance indicators, they were

asked to answer the survey questions using the scales of
purchase intention, product attitude, advertisement liking,
and perceived visual advertisement esthetics for four
commercials.

The design of the study is shown in Table 1.
Results

The effects of stimulants on independent variables in
experimental and control group contrast were analyzed
using the Mann—Whitney U-Test.

Results of facial coding measurement

In the study, seven basic emotions, anger, sadness, disgust,
happiness, surprise, fear, and humiliation, were analyzed
based on four different commercials in contrast to the
experimental and control groups. The microexpressions
that occur while watching commercials in the food,
automotive, beverage, and fashion industries are given in
the tables [Tables 2-5].

As seen in Table 2, the scores of seven emotions obtained from
the face reading measurement of the food brand commercial
film did not show a statistically significant difference between
the experimental and control groups (P > 0.05).

As seen in Table 3, the scores of seven emotions obtained
from the face reading measurement of the automotive
brand commercial film did not show a statistically
significant difference between the experimental and control
groups (P > 0.05).

As seen in Table 4, the scores of seven emotions obtained
from the face reading measurement of the beverage
brand commercial film did not show a statistically
significant difference between the experimental and control
groups (P > 0.05).

As seen in Table 5, the scores of seven emotions obtained
from the face reading measurement of the fashion brand
commercial film did not show a statistically significant
difference between the experimental and control
groups (P > 0.05).
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Table 1: Research design

Mediators Type of influence
ASMR Physiological — Behavioral
Advertisings

Experimental group Condition 1 — Condition 2
Control group Condition 3 — Condition 4
ASMR: Autonomous sensory meridian response

Table 2: Food brand facial coding measurement

Facial Coding  Group n +SD VA P
Anger TP Control 20 0.00+0.00 - 1.000
Experiment 20  0.00+0.00
Sadness TP Control 20 0.00+0.00 - 1.000
Experiment 20  0.00+0.00
Disguss TP Control 20 0.00+0.00 - 1.000
Experiment 20  0.00+0.00
Joy TP Control 20  4.37+114 -0,344 0.731
Experiment 20 4.33+12.41
Surprise TP Control 20 0.00+0.00 - 1.000
Experiment 20  0.00+0.00
Fear TP Control 20 0.04+0.17 -1.000 0.317
Experiment 20  0.00+0.00
Contempt TP Cotrol 20 0.00+0.00 1.000

0.00+0.00
TP: Time Percentage, SD: Standard Deviation

Experiment 20

Table 3: Automotive brand facial coding measurement

Facial Coding Group n +SD VA P

Anger TP Control 20 0.03+0.12 -1.000 0.317
Experiment 20  0.00+0.00

Sadness TP Control 20 0.00+0.00 - 1.000
Experiment 20  0.00+0.00

Disguss TP Control 20  0.19+0.77 -1.065 0.287
Experiment 20  0.01+0.05

Joy TP Control 20 0.37+145 -1,432  0.152
Experiment 20  0.00+0.00

Surprise TP Control 20 0.02+0.07 -1.000 0.317
Experiment 20  0.00+0.00

Fear TP Control 20 0.28+0.72 -1.777 0.076
Experiment 20  0.00+0.00

Contempt TP Control 20 0.04+0.17 -1.000 0.317

Experiment 20  0.00+0.00
TP: Time Percentage, SD: Standard Deviation

Results of electrodermal activity measurement

By taking the peak point values from the EDA device,
the data of the control and experimental groups
were analyzed with the Mann—Whitney U-Test. The
table [Table 6] contains data on EDA and heart
rate measurement data according to the order of
advertisement viewing.

As seen in Table 6, the peak level and black page scores
obtained from the skin conductivity measurement of the
food, automotive, beverage, and fashion brands did not

show a statistically significant difference between the
experimental and control groups (P > 0.05).

Results of consumer attitude measurement

Evaluation of consumer attitude scales was carried out with
a 5-point Likert scale. There was no statistically significant
difference (P > 0.05) between the experimental (n = 20)
and control groups (n = 20) in the parameters of product
attitude, advertisement likes, perceived visual advertisement
esthetics, and purchase intention.

Discussion

The EDA and face coding analyses measured while
watching the commercials of the participants showed that
there was no statistically significant difference (P > 0.05)
between the experimental group (n = 20) and the control
group (n = 20).

In a study using an eye-tracking technique, the detection
of statistically significant increases in pupil diameter while
watching an ASMR video showed the stimulating aspect of
ASMR; in another ASMR study using the EEG technique,
the detection of increased alpha waves in the frontal and
parietal regions reveals that ASMR is associated with
mediative processes.!'! This suggests that the stimulating as
well as calming and physiological outcomes!'” of ASMR
may be atypical.

Moreover, it coincides with ASMRs “not for all-aspect”
claim.®! The fact that ASMR is an uncertain and
contradictory experience with different physiological
profiles due to factors such as causality, connectivity, and
relativity is consistent with the results of this research.!!2¢]

In addition, in group data of EDA, it is seen that there
are extreme individual value differences in our study.
In this situation, as stated above, the fact that ASMR
advertisements have an atypical physiological pattern
supports the view that ASMR can be stimulating as well as
pleasant and calming.!'”

In our research, consumer attitude parameters were
measured with a 5-point Likert evaluation, in the rating
between “1 = I strongly disagree” and “5 = I strongly
agree.” The hypothesis that the experimental group would
give a positive value compared to the control group based
on the depression and anxiety-relieving properties of
ASMR in the relevant parameters did not differ statistically
in the findings. This is consistent with the fact that Elgiin
et al. revealed that there is no significant cause—effect
relationship between depression and consumer styles.?

However, it was observed that the experimental and
control groups had an average of three points or more
in consumer attitude scales. The fact that the evaluation
average of the stimuli is above the scores of “1 = strongly
disagree” and “2 = disagree” can be explained by the
view that when sensory properties are added to the brand
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Table 4: Bevereage brand facial coding measurement

Facial Coding Group n +SD zZ P
Anger TP Control 20 0.12+0.55 -1.000 0.317
Experiment 20  0.00+0.00
Sadness TP Control 20 0.00+0.00 - 1.000
Experiment 20  0.00+0.00
Disguss TP Control 20 0.06+0.17 -1.432 0.152
Experiment 20  0.00+0.00
Joy TP Control 20 1.87£6.94 -0,827 0.408
Experiment 20 0.42+1.56
Surprise TP Control 20 0.00+0.00 - 1.000
Experiment 20  0.00+0.00
Fear TP Control 20 0.04+0.17 -1.000 0.317
Experiment 20  0.00+0.00
Contempt TP Control 20 0.00+0.00 - 1.000

Experiment 20  0.00+0.00
TP: Time Percentage, SD: Standard Deviation

Table 5: Fashion brand facial coding measurement

Facial Coding Grup n +SD VA4 P
Anger TP Control 20  0.01+0.02 -1.000 0.317
Experiment 20  0.00+0.00
Sadness TP Control 20 0.00+0.00 - 1.000
Experiment 20  0.00+0.00
Disgus TP Control 20 0.00+0.00 - 1.000
Experiment 20  0.00+0.00
Joy TP Control 20 0.11£0.5 -0,651 0.515
Experiment 20  0.86+2.84
Surprise TP Control 20 0.04+0.2 -1.000 0.317
Experiment 20  0.00+0.00
Fear TP Control 20 0.01£0.05 -1.000 0.317
Experiment 20  0.00+0.00
Contempt TP Control 20  0.05+0.22 -1.000 0.317

Experiment 20  0.00+0.00

TP: Time Percentage, SD: Standard Deviation

Table 6: Contrast of skin conductivity measurement

Skin Conductivity Group n +SD z P
Food Brand Peak ~ Control 20 1.55+£2.58 -0.291 0.771
Count Experiment 20 1.00+1.92

Food Brand Black  Control 20 0.05+0.22 -1.041 0.298
Page Experiment 20 0.15+0.37
Automotive Brand  Control 20 1.30+£2.11 0.125 0.995
Peak Count Experiment 20 1.85+3.13
Automotive Brand Control 20 0.05+£0.22 -1,066 0.287
Black Page Experiment 20 0.30+0.92
Beverage Brand Control 20 1.90+£2.94 -0.291 0.771
Peak Count Experiment 20 1.65+3.41
Beverage Brand Control 20 0.10+0.31 - 1.000
Black Page Experiment 20 0.10+0.31
Fashion Brand Control 20 1.85+£2.78 -0.489 0.625
Peak Count Experiment 20 2.45+3.65
Fashion Brand Control 20 0.10+£0.31 -0.472 0.637
Black Page Experiment 20 0.15+0.37

SD: Standard Deviation

stimulus, positive emotion is induced in the consumer
without requiring cognitive effort.?” In this context;
ASMR-based advertisements can have a positive effect
on individuals who experience differences in anxiety
level and depressive mood, regardless of the consumer
psychology factor.

Limitations

Due to the significant relationship between gender role
and psychological help-seeking,®® the male experimental
group’s participation in the study was limited and the
gender distribution in the study sample could not be kept
equal. For this reason, the study was carried out with
female participants, which constitutes one of the main
limitations of the study. The fact that the study consisted
of two periods and that the participants were invited to
the laboratory stage during the pandemic process was
restrictive, so it was followed by convenience sampling.
The research was carried out among Uskiidar University
undergraduate and graduate students.

The homogeneity of the sociodemographic structure
constitutes one of the limitations of the research since it
has a sample free from different effects. Heterogeneous
studies are important in terms of reflecting the elements in
the research universe to the sample.?”!

Future researches

In this study, no significant difference was found in
physiological reactions between the experimental and
control groups. Future studies may design detailed
multidisciplinary ~ studies in consumer neuroscience,
consumer psychology, and marketing.

Depending on the association of the ASMR concept with an
atypical physiological pattern and the results of our research
supporting this relationship, future studies can be fed from
additional physiological measurements to EDA and face
reading analyzes. To obtain different outputs in physiological
reactions to sensory stimuli, they can include especially
pupil and Photoplethysmogram (PPG) data in their research.

Considering the psychological dimension of the research,
adding personality inventories and attention awareness
scales to the research in addition to psychological
inventories, based on the connectivity between ASMR and
personality factors, will add significance to neuromarketing
research.

As far as is known, no research has been conducted
in the literature on ASMR marketing wusing the
neuropsychophysiological mixed method. In this context,
the results of the research can help future studies to
develop new methodologies for neuromarketing research
that takes into account psychological factors to meet the
needs and emotions of real consumers and to examine
ASMR marketing, which has a place in the field of sensory
marketing.
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Multidisciplinary studies investigating the specific forms
of consumers — especially benefiting from neuroscience
and psychology disciplines — will contribute to the
understanding of consumer behavior and literature.
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