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ABSTRACT

Stress in the mind and body is a reaction to perceived difficulties or dangers. It
can have significant impacts on mental and physical health, affecting cognitive
abilities, emotional stability, and physical well-being. To control stress and avoid
its long-term impacts, it is essential to comprehend these effects. Mental stress can
be detected in many ways and Electroencephalogram (EEG) is one of them. EEG
is the graphical representation of Brain's electrical activity. Regular mental stress
gives rise to many mental disorders and it may cause various physiological and
psychological diseases. As a result, early-stage detection of stress is very
important. In this research, brain activity was recorded through EEG headset
during inducing different levels of stress from audio-visual stimulus. To better
evaluate visual and auditory stress, an automated system is designed to
differentiate among various audio and visual evoked potentials. This may further
help for designing different assistive devices for the people having visual and
hearing disability. Again, many researchers worked on different level of stress
detection, but four level stress detection is still unchecked. In this thesis, mental
arithmetic tasks were used as both audio and visual stimuli. Here, a framework
was proposed to classify different levels of stress in response to audio and visual
stimuli and classification was done between these two stimuli by analyzing EEG
signals. A proper pre-processing pipeline selection is essential to the effectiveness
of EEG-based mental stress detection systems, as noisy EEG data are unlikely to
produce improved findings. An ideal EEG pre-processing pipeline was suggested
in this work and compared it to the conventional approach now in use. Using the
two pre-processing pipelines, raw EEG data was pre-processed which was
collected at lab environment. By extracting robust features from the denoised
audio and visual data, binary and multi-level stress were classified. Four machine
learning (ML) classification models were used for this purpose. On top of that, the
audio and visual stimuli was classified with highest 98.37% accuracy using SVM.
When the suggested pipeline for pre-processing EEG data was put into practice,
a noticeable increase was found in classification accuracy over the traditional
approach. With SVM, the best accuracy of 97.14%, 89.01%, 89.59% were achieved
for two, three and four level stress detection using visual stimulation. By contrast,
the conventional pipeline produced results of 85%, 77.67% and 66.6%. Again, for
auditory stimulation, the highest accuracy of 94.51%, 87.7% and 82.63% was found
for two, three and four level stress detection using SVM. On the other hand, the
traditional pipeline produced results of 90%, 77.46% and 71.69% respectively.
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1 Introduction

Mental stress detection and audio-visual stimuli classification is an emerging brain-
computer interface (BCI) research field that aims to detect early stage stress level induced
during solving mathematical problems of different difficulty levels and classify between
two kinds of stimuli. It provides valuable insights for the doctors, psychologists, and
researchers in this field to get a clear idea regarding different stress level and design
assistive device for the eyesight and hearing disability problem. However, the status of
Electroencephalography (EEG)-based multi-level stress detection specially the four-level
stress detection during mental arithmetic problem solving is not explored yet and its
classification accuracy is still below optimal. This chapter gives a brief review of mental
stress. Thereafter the techniques adopted for classifying stress levels are depicted. Also,
the problem statement of this thesis is shared. This chapter outlines the background in
Section 1.1, the present state of the problem in Section 1.2 and specific objectives in
Section 1.3. describes the significance of this research. Finally, Section 1.4 includes an
outline of the remaining chapters of the thesis.

1.1 BACKGROUND

Mental stress is an inevitable problem that has an impact on people all over the
world. Numerous elements of everyday life, including job, habit, and restless
times, can cause mental stress. Again, climate change, lacking of security in
society, study pressure, different social and family issues induce stress severely
[1]. It has an impact on both a country’s economy and the efficiency of each
person’s daily tasks. Mental stress may deteriorate both mental and physical
health. Excessive stress may weaken the immune system. It can also create sleep
disorder named insomnia and indigestion problem [2]. Mental stress has a direct
impact on operators’ emotions, conduct, and performance; it can even result in
operational mishaps. It may ultimately decrease the quality of life and
concentration level also [3]. Sometimes deep depression and suicidal tendency
may also be induced from stress if it cannot be handled in a proper way. As a
result, early stage stress detection is very important. Mental stress can be detected

in many ways and Electroencephalography (EEG) is one of them. EEG is a
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method of recording electrical activity along a person's scalp that allows us to
measure mental activity related to many types of subjective abilities [4]. It may
effectively depict the physiological and pathological conditions of humans. The
brain network has drawn a lot of interest and made significant advancements in
the study of brain mechanisms because of the intricate relationships that exist
between various anatomical and functional brain areas [5]. Again, for better
interaction between humans and machines, it is essential to analyze the power
spectrum of the brain in response to different audio and visual stimulus. To better
evaluate visual and auditory stimuli, an automated system is designed to
differentiate among various audio and visual evoked potentials. This may further
help for designing different assistive devices for the community having visual

and hearing disability.

1.2 PRESENT STATE OF THE PROBLEM

Psychosocial stress has been linked to poor quality of life by impacting people’s
emotional behavior, ability to function at work, and mental and physical health
[6]. The sympathetic nervous system (SNS) and the hypothalamus-pituitary-
adrenocortical (HPA) axis are both activated during stress [7]. The adrenal cortex
releases glucocorticoids, or cortisol, in response to stimulation of the HPA axis.
Cortisol is a key player in the control of several physiological processes, including
blood pressure, glucose levels, and carbohydrate metabolism. Many physical,
immunological, and psychological health issues, such as anxiety, sadness, and
post-traumatic stress disorder (PTSD), heart attacks, strokes, and immunological
illnesses, are brought on by chronic SNS dysfunction [7]. Stress also modifies the
anatomy and physiology of the brain. Stress levels may be assessed in a variety
of ways. The most often utilized technique for determining a person’s degree of
mental stress is standard questionnaire-based self-reporting [1],[2],[7],[8].
Ditferent facial units can also be used for stress detection purpose [9]. Since

emotions and affective states are linked to facial expressions, researchers are
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always searching for accurate methods to interpret the presence or combination
of these states on a human face. Furthermore, it is debatable whether or not facial
action unit intensity may be approximated and how precisely and consistently
they can be measured [9]. Additionally, physical, and physiological
measurements have also been used as impartial techniques to evaluate stress. A
few physiological characteristics that are responsive to stress include voice, eye
focus, pupil dilation, blink rate, and facial emotions[7]. Face landmarks and
images are also successfully used for stress detection purpose because facial
landmarks make it easier to comprehend movements of the lips, eyes, and head,
they are more effective at helping you perceive stress [10].

Some physiological biomarkers such as electroencephalography (EEG),
electrocardiography (ECG), functional magnetic resonance imaging (fMRI),
magnetoencephalography (MEG), galvanic skin response (GSR), positron
emission topography (PET), and cortisol are also can be used for stress level
detection [1],[3],[6],[7]. Sometimes, combination of two physiological signals
were used for stress detection. For instance, multi-level stress was detected from
the combination of EMG and ECG features using machine learning models [11].
The combination of skin potential response, SPR signal and ECG signal was used
to detect multi-level stress during driving a car [12]. Again, a wireless sensor
system having two ECG channels and two electrodermal activity (EDA) channels
was used for multi-level stress classification. Here, EDA data helps to remove the
heart rate variability [13]. MEG signals are also used for detecting post-traumatic
stress disorder [14]. Sometimes bioimages were also used for stress classification
and fMRI image biomarkers are one of them [15],[16].

Out of all these methods, EEG is chosen due to its many benefits, including its
excellent temporal precision at millisecond scale, ease of use, inexpensive setup costs,
comfortable and non-invasive data gathering in both clinical and workplace
environments. [7]. Due to wireless nature, EEG signal is fully compatible with the

real-world set-up. As EEG measures the brain’s electrical activity directly, the signal
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change for mental stress variability is extremely high. EEG has emerged as the most
extensively utilized neurophysiological signal in this industry because of all these
benefits. Furthermore, EEG signal alterations are a more accurate, objective indicator
of emotions since they are not subject to conscious manipulation [17]. The EEG data
from the pre-frontal channel locations are highly sensitive to stress classification. EEG
offers comprehensive data on several frequency bands (alpha, beta, theta, and delta,
for example) that may be examined to learn more about different facets of stress levels
and brain function. The development of complex algorithms for stress detection is
made possible by this wealth of data. As a result, EEG is better than any other
methods for mental stress detection.

Now a days, brain computer interfacing (BCI) is very popular because it can create a
direct interaction between human brain and any external output device. One of the
most important fields of BCI is audio, visual stimuli classification. In this case, the
system can identify whether the stimuli are visual or auditory accurately. This system
may further help the community who have vision or hearing disability.

In this field of mental stress detection and audio-visual stimuli classification, different
kinds of audio, visual stimuli were used, and mental arithmetic problems are one of
them to induce stress. However, none of the previous works employed math
problems as auditory stimuli before and using this stimuli, three level stress was

classified successfully but four level stress classification is still unchecked.

1.3 SPECIFIC OBJECTIVES

This research work aims to address the above-mentioned issues by designing
various combinations of audio-visual stimuli and collecting real-time data from
normal hearing, and normally sighted subjects, making a private dataset,
building an optimal EEG pre-processing pipeline and compare the output with
the traditional one, developing a system that will utilize EEG data to detect multi-
level stress using machine learning, extracting the features from EEG data and

classifying the auditory, visual which can further help us to implement hearing
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aid or assistive device or detect any device. Therefore, the specific objectives of
this research are stated below:
1) To design and implement a data collection scheme for collecting EEG
data of different Audio and Visual Stimulation.
2) To investigate the effects of the pre-processing pipeline in detecting
different level stress and audio-visual stimuli classification.
3) To differentiate audio-visual stimuli responses from EEG data
4) To classify binary and multi-level stress using different Machine

Learning algorithms.

1.4 SIGNIFICANCE OF THE WORK

Brain-Computer Interface (BCI) is an augmentative communication that permits a
person to control an electronic device using brain waves. The results of this research
specially the audio, visual stimuli classification is very significant for the BCI
applications. As the whole system performed satisfactorily for the normal hearing and
sighted people, this research’s results can also be used for the blind and deaf people
for classifying audio visual stimuli. Blind people can use this system for detecting
visual stimuli and deaf people can be able to use this system for detecting audio
stimuli. In traditional hearing and eyesight testing, the test decision is completely
relied on subject’s response and feedback how much they can hear or see any English
alphabet. However, children and aged people sometimes give wrong feedback and as
a result, the test result may also be wrong consequently. In this scenario, the audio
visual stimuli classification system can be used for testing hearing and sighting
condition for children and aged people and also the results can be compared with the

traditional hearing and sight testing for better clarification of the test results.

Again, advanced pre-processing pipeline which proposed in this research,
eliminates noise from the raw EEG data while preserving crucial information.

Binary and multi-level stress including three and four level stress was classified
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successfully in this research which can help to diagnose the stress level at very
early stage. Consequently, quality of life will be enhanced and mental health
disorder like fatigue, irritability, and sleep disturbances will be reduced by taking

proper steps.

1.5 THESIS OUTLINE

The thesis presents the EEG data collection process and design of a system which
can detect both binary and multi-level stress. Another important part of this
thesis is to classify audio visual stimuli.

The first chapter describes the background of mental stress detection and audio-
visual stimuli classification. The present state of the problem, specific objectives,
and the significance of the thesis outcomes are also discussed in this chapter.
Chapter 2 shows a background study of the previous works in mental stress
classification. The current research trend in this field including BCI application
and EEG acquisition systems were explained. Additionally, particular emphasis
has been paid to the active brain areas associated with both calm and stressed
states. Different types of stress-inducing stimuli that other researchers have
employed, and the pre-processing and analysis methods utilized for EEG-based
mental stress detection were also elaborately discussed in this section. Chapter 3
illustrates literature review section where relevant articles were reviewed
carefully and summary of the recent progress in the field of mental stress
detection purpose was discussed. Also, previous studies were mentioned in this
section. Chapter 4 exhibits the data collection scheme and discusses the data
collection process of this work in detail. Chapter 5 displays the methodology
section and discusses the whole procedure of doing this work elaborately.
Chapter 6 highlights performance evaluation where all the results and findings
are explained in detail. Chapter 7 draws the conclusions of the study, specifies
the key findings and contributions of the works, and discusses the future

possibilities in this field.
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2 Background Study

This section will explore various EEG signal acquisition techniques, current mental
stress research trends, types of stimuli should be used to elicit the different level of stress,
available public datasets for mental stress detection, pre-processing techniques, features
and machine learning techniques used for EEG-based mental stress detection and audio
visual stimuli classification.

2.1 EEG SIGNAL AND IT’S DIFFERENT BANDS

Electroencephalogram (EEG) comprises up the time series data of evoked
potentials originating from the brain's regular neuronal activity. Electrodes are
applied to the scalp to capture human EEG data, which are then plotted as
voltage magnitude against time. The amplitude of the EEG signal is correlated
with its voltage. The scalp EEG's typical voltage range is 10-100 uV, with the
range of 10-50 uV being more common in adults [18]. The frequency range can
be broadly divided into many frequency components, such as alpha rhythm (8-
13 Hz), beta rhythm (13-30 Hz), theta rhythm (4-8 Hz), and delta rhythm (0.5—4
Hz) [19].

Although the majority of EEG waves fall between 0.5 and 500 Hz, the following
four frequency ranges are important for therapeutic purposes: Alpha, beta, theta,
and delta.

Delta Waves: The frequency of delta waves is up to 3 Hz. With the biggest
amplitude, it is the slowest wave. Adults in deep sleep and infants up to one year
old are dominated by it [18].

Theta Waves: With a frequency range of 4 Hz to 7 Hz, it is a slow wave. When
you relax and close your eyes, it comes out. Both adults and young children

typically exhibit it [18].
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Alpha waves: Alpha waves have frequencies between 7 and 12 Hz. There is
rhythmic alpha activity on both sides of the head. When anybody close their eyes
(in a relaxed condition), an alpha wave appears; when open them or experience
stress, it goes away regularly. The waveform is regarded as normal [18], [19].

Beta waves: These waves have a tiny amplitude and are rapid. The range of its
frequencies is 14 Hz to 30 Hz. It is more prevalent in individuals who are awake,
nervous, or have their eyes open. Beta waves are most noticeable in the frontal

direction and are often symmetrically distributed on both sides [18].

2.2 VARIOUS EEG ACQUISITION METHODS

Standardized electrodes positioned at the scalp are used to gather the brain's
spiking activity for Electroencephalogram (EEG) information. These chaotic
cumulative brain signals change according on the physical and/or mental
activities that are being engaged in now [20].

Brain electrical activity is measured and recorded using EEG acquisition
equipment, commonly referred to as EEG headsets or EEG caps. There are many
kinds of EEG equipment available, from consumer-grade headsets to systems
suitable for research. Several well-liked EEG acquisition tools consist of:

2.2.1. Research Grade EEG device:

Active Two by Biosemi:

EEG system with a high density and up to 256 channels. Active electrodes to record
at low noise levels. It is extensively employed in clinical trials and research [21].
E-textile headband:

Brain Computer Interfacing (BCI) is now a days attracting many researchers where
they need to acquire long term continuous EEG data. There are many kinds of EEG
signal acquisition methods. Some researchers contributed for making the
conventional EEG device more comfortable so that EEG signal can be acquired for

long time data collection for various BCI application like wheelchairs, prosthetic
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implants, and home appliances. A wearable e- textile is such a device which
integrates multiple flexible electrodes and other electrical connections. All the
electrodes and interconnects are placed on the two opposite sides of the textile [22].
2.1.2. Consumer Grade EEG device:

Muse Headband:

Muse is an activity sensing headband that uses four electroencephalography (EEG)
sensors to measure brain activity. An accompanying mobile app transforms the
EEG signal into audio feedback, which is fed to the user through headphones [23].
It has been shown that Muse can be used for ERP research, with the benefit of being
inexpensive and easy to set up. Specifically, it can quantify N200, P300, and reward
positivity. In addition, it is widely used for a wide range of other applications, from
health and wellbeing to scientific and medical research.

Emotiv epoch flex:

The data collected from the clinical amplifiers and the data obtained with this
headset are of very different quality. The primary purpose of the tests was to
examine how different sounds, or auditory stimuli, affected people's ability to
focus when completing a variety of visually stimulating activities [24]. Since the
Emotiv headsets often pre-process the recorded data, some information is
removed from the collected signal, making the data used for this study unique.

A data collection scheme using this device is shown in Fig. 2.1.

Video Stimuli Music Stimuli
. EmotivPRO

EmotivFlex
Visual Task

Fig. 2.1. Emotiv epoch flex EEG acquisition headset [24]
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NeuroSky Mindwave:
Using cheap dry sensors, NeuroSky technology enables low-cost EEG-linked

research and goods; previous EEGs need conductive gel applied between the
sensors and the head. The systems additionally use embedded (chip level)
solutions for signal processing and output, as well as hardware and software for
electrical "noise" reduction.

OpenBCl:
For biosensing applications, OpenBClI is an incredibly versatile open-source

hardware choice [25]. The board supports electrocardiography and
electromyography (EMG), and it can process EEG data. The EEG channels have
the option to be set up in bipolar or monopolar mode, and they can accept three
analog and up to five external digital inputs. Through a Wi-Fi interface, data flow
can also be accessed by the Transmission Control Protocol (TCP). There are two
primary ways to connect to a computer using OpenBCI. By using a USB adapter
that makes use of the exclusive RFDuino interface, the computer detects the
board as a serial device in the default serial connection [26]. It contains a protocol

adapted from Bluetooth with the goal of achieving fast data transmission rates.

2.3 EEG APPLICATIONS

Electroencephalogram is related to brain electrical activity of human brain in
response to various daily activities and diseases. As, human brain is major organ
of central nervous system, the recording of brain electrical activity will be
changed/modified with any neural disorder and diseases. So, many diseases can
be detected from EEG signal.

Many severe progressively worsening neurodegenerative and fatal illness of
brain cells like Alzheimer’s Disease, Parkinson, epilepsy can be detected from
EEG signal at very early stage from specifying different biomarkers [27]. Due to
increasingly aging country populations, the number of persons with dementia
globally is presently around 55 million, and by 2030, that number is expected to

rise to 78 million. Alzheimer's disease (AD) is responsible for 60 to 70 percent of
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dementia cases, making dementia the sixth most common cause of death
worldwide (WHO Accessed on 7 Feb 2022) [28]. Alzheimer's disease (AD) is a
crippling neurological illness that results in cognitive decline and memory loss,
personality changes because of brain cell death and atrophy [28]. Daily activity
evaluation is used to identify AD. Rather than focusing just on localized brain
involvement, the theory of AD as a disconnection syndrome postulates a
functional or anatomical separation of broader brain regions [29]. There are four
phases in the development of AD. "MCL" or mild cognitive impairment, is the
term used to describe the initial stage. It typically causes some memory loss. Their
skills in other cognitive domains and functional tasks are retained. Six to 25% of
MCI patients go on to get AD [30], [31], [32]. The subsequent phase is
distinguished by an increasing cognitive deficiency. The terms "mild AD" and
"moderate AD" refer to the second and third stages, respectively, and "severe AD"
to the last stage [30], [32]; Again, seizures of epilepsy, a chronic neurological
condition, are characterized by abrupt, undesired disruptions and erratic patient
behavior. Epilepsies are a spectrum of brain illnesses ranging from life-
threatening to severely incapacitating [33] and EEG is a valuable tool for
diagnosing epilepsy and detecting epileptic seizures because it provides vital
physiological data that may be used to mimic the functioning of the human brain
[34]. After Alzheimer's disease, Parkinson's disease (PD) is the second most
prevalent neurological illness. Patients with Parkinson's disease (PD) who are
deficient in the neurotransmitter dopamine are first treated with oral levodopa
supplementation, which is a precursor to dopamine, to address motor symptoms
such bradykinesia (slowness of movement), stiffness, or tremor [35], [36]. The
dynamical characteristics were used to the analysis and categorization of EEG-
based brain activity as EEG data contain chaotic features. In motor areas of the
brain, the chaotic behavior is changed by PD-related 3 synchronization [20].

Various sleep stage can also be classified through EEG signal data. As a normal

physiological habit, sleep is an essential component of human existence that
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affects not only physical and physiological recovery but also mental, emotional,
and overall health. As a result, good sleep monitoring, which forms the basis for
the diagnosis and treatment of sleep disorders, has drawn more and more
attention [37]. The AASM sleep stage classification standard combines the deep
sleep of S3 and 54 into SWS stage, while the R&K standards categorize the entire
sleep process into six categories: Wake, S1, S2, S3, 5S4, and REM sleep phases [38].
Since manual sleep staging by qualified sleep specialists is laborious, subjective,
and time-consuming, several automated techniques have been created for
precise, effective, and objective sleep staging. Deep learning techniques have
recently been effectively developed for EEG based sleep staging, showing
encouraging outcomes [39]. Due to its simplicity of use, single-channel EEG has
lately gained popularity for sleep monitoring [40]. Phase-locked value (PLV) was
used to construct the functional connectivity network and analyze the brain
interaction during sleep stages for different frequency bands in order to
investigate the EEG based brain mechanisms of sleep stages through functional
connectivity, particularly from different frequency bands [40]. When sleep
quality is not good enough, it will hamper the daily activities and active working
hours also reduced consequently. As a result, it will further produce different
mental disorder like Major Depressive Disorder (MDD) and deep depression.
Because they significantly affect people's social and economic well-being and are
a major contribution to the global illness burden, mental diseases pose serious
challenges to public health. According to World Health Organization predictions,
mental illnesses will account for the majority of disabilities globally by 2020 [41].
When MDD strikes, it can have a significant impact on a patient's life. Anhedonia
altered appetite and bodily changes, poor sleep quality, sluggish thinking, lack
of willpower activity, easy exhaustion, excessive self-blame, and other symptoms
are frequently experienced by patients with major depressive disorder (MDD).
Professional depression rating instruments such as the 17-item Hamilton rating

scale (HAMD17) are the mainstay of clinical practice when it comes to diagnosing
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major depressive disorder (MDD) [42]. Again, records show that the number of
persons with depression has increased by 18% over the past ten years, with a
much larger proportion of female patients than male patients [43]. It is an illness
with mild, moderate, or severe symptoms. Individuals experiencing depression
may feel guilty, have depressed moods, difficulty concentrating, lose interest in

routine tasks, have low self-esteem, and even consider suicide [43].

24 CURRENT TRENDS IN BRAIN COMPUTER INTERFACING (BCI)
APPLICATIONS

Typically, a BCI system records brain activity and converts it into commands or
messages that an application can comprehend and use to carry out a certain job
[44]. Industry 4.0 is a quickly developing field that uses digital tools and cyber-
physical systems to reorganize conventional techniques. To boost industrial
performance, BCl-based solutions are garnering increased attention in this
industry. These solutions optimize industrial operators' cognitive load, facilitate
human-robot interactions, and increase the security of operations under critical
situations [45]. An application of the BCI system might be something like a
system that allows the user to move a cube on a computer screen left or right just
by visualizing the left- or right-hand movement. The field of brain-computer
interface has come a long way in recent years, not only in helping people with
disabilities, but also in developing new applications such as controlling home
appliances with just your mind or playing video games without the need for
physical controls [44], [46]. The benefits of this sector are also being utilized by
several industries, including entertainment, automation, security, and education.
Medical application:

BCI allows us to monitor an individual's mental state as well as identify and even
forecast health problems like tumors, sleep disorders, etc. People with disabilities
can utilize prosthetic limbs with brain-computer interfaces (BCI) to partially

restore their movement and do some household tasks [44], [47].
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Home automation:

BClIis applicable to home automation. The signals produced by human brain may
be used to operate a variety of gadgets in homes. This has a profound effect on
how people interact with surroundings [44], [48].

Marketing, advertisement, and entertainment:

Using EEG, several studies have examined the degree of memory of various
advertising, offering a means of assessing advertisements. There are many games
that may be created that engage players' minds [44], [49].

Education:

Neurofeedback measures the degree of clarity of studied material by using
electrical impulses from the brain. The feedback —which could be particular to a
learner —is used to create individualized engagement [44], [50].

Security:

It is possible to create security systems that employ brain signals from the user
for authentication, such as cognitive biometrics or electrophysiology, which are
more secure than passwords, biometrics, or other techniques. Because cognitive
biometrics and electrophysiology rely on brain impulses that are imperceptible
to outside observers, they are considered more secure than other biometric

techniques [44], [46].

2.5 MENTAL STRESS DETECTION

When a person feels that a situation is too difficult for them to handle, it causes
physical and mental reactions and these reactions are called mental stress.
Everybody experiences stress daily, to varied degrees. Stress is becoming more and
more common in today's culture as a result of things like personal obligations,
social pressures, financial worries, and work pressure. Individual coping strategies
and resilience have an impact on how stress affects each person. While some
people may have physical illnesses, weariness, or cognitive challenges, others may

have emotional symptoms like anger and frustration. Numerous disorders,
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including depression, stroke, cardiovascular disease, cognitive decline, and speech
impairments, have been linked to mental stress [51]. Stress is usually caused by an
individual's emotional, mental, or physical resistance to novel challenges or
stresses [52]. Individuals without a pre-existing mental illness can manage stress
in a natural way, while those with autism or intellectual disabilities may find it
more difficult to communicate sensitively and empathize with others. Meanwhile,
the coronavirus (COVID-19) has changed society by forcing people to stay at home
and negatively influencing their behavior. The nationwide lockdown, job loss, and
overall misery all contribute to stress and mental instability [53]. Stress analysis
based on brain signals may be a more effective way to help those who struggle
with conventional communication abilities.

Traditional psychological tests of stress have given way to data-driven techniques
that use physiological signals as a result of advances in artificial intelligence and
machine learning. One physiological indicator that is often used to identify mental
stress is heart rate variability, or HRV. The autonomic nervous system (ANS)
regulates the fluctuation in the time intervals between successive heartbeats, which
is known as HRV. Reduced HRYV results from a shift in the balance between the
parasympathetic nervous system (PNS) and the sympathetic nervous system (SNS)
when a person is under stress [54]. But Because HRV is readily impacted by bodily
movements, it can be challenging to differentiate between alterations brought on
by exercise or posture adjustments and those resulting from stress. Though it is not
exclusive to stress, HRV is a reflection of autonomic nervous system activity and is
also impacted by emotions, weariness, and general health [55].

Another indicator is Galvanic Skin Response (GSR), also known as Electrodermal
Activity (EDA). The autonomic nervous system (ANS) regulates sweat gland
activity, which affects the electrical conductivity of the skin, which is measured by
GSR [56]. The sympathetic nervous system is triggered when someone is under
stress, which causes them to perspire more and, as a result, increase their skin

conductivity. But sometimes GSR spikes can be caused by abrupt external stimuli
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(such as bright light or loud noise), which might result in erroneous stress
readings. Again, GSR measurements rely on the location of the sensor (e.g., fingers,
palms, wrists), shifting electrodes might produce contradictory findings [57].
Furthermore, behavioral markers like speech patterns, facial expressions, and
typing habits, in addition to textual information from written correspondence
and social media, offer important insights on an individual's stress levels.

Stress analysis using EEG data can have a significant influence on the field of Barin
Computer Interfacing (BCI) research, as mental tension produces variance in EEG
signals [58]. For mental stress classification, EEG signal data is recorded when stress
is induced by showing or listening different visual or audio stimuli to the subjects. In
order to determine stress levels based on cerebral activity, EEG analyzes brainwave
patterns. With electrodes applied to the scalp, EEG records changes in frequency
bands including alpha, beta, theta, and gamma to monitor electrical activity in the
brain. Increased beta waves and reduced alpha waves are frequently linked to stress,
suggesting a higher emotional and cognitive burden [59]. Using EEG data, machine
learning and signal processing techniques are frequently used to categorize stress
levels. This non-invasive method is useful for workplace stress management, mental

health monitoring, and tailored treatments to enhance wellbeing.

2.6 AVAILABLE PUBLIC DATASETS ON MENTAL STRESS

There are few public datasets on mental stress. Some of the important datasets

are discussed below:

2.6.1 DEAP dataset:

This mental stress categorization challenge uses EEG signals from the Emotion
Analysis using Physiological Signals (DEAP) dataset [60],[61]. This dataset
includes the feelings that music videos evoked. To create this dataset, 32 people
in the 19-37 age range underwent testing. Every participant viewed forty videos
of music. EEG data were obtained using the 10-to-20 electrode placement

technique for one minute while the observer watched. A unique experiment ID
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is assigned to every music video. Signals from 40 distinct channels were captured
for each experiment ID. Eight of these 40 channels are peripherals, while 32 are
EEG channels. The particulars pertaining to these channel descriptions are
thoroughly recorded in [61]. The primary goal of this research is to use EEG
signal analysis to determine if a subject is in a relaxed or stressed condition. This
dataset is used by many researchers for mental stress classification purpose [62],
[63], [64], [65], [66], [67]. Hamatta et al.[63] used this public dataset for the
purpose of detecting mental stress utilizing EEG, PPG, and GSR devices in order
to gather the various sorts of physiological signals using these sensors.

Another available public dataset is used by A. Islam et al. [68]. The occipital O2
EEG data files used in this research are provided in physionet ATM's EDF
(European Data Format) format, at the recommendation of two national
institutions: NIBIB and NIGMS. These institutes are part of NIH award number

2R01GM104987-09 [69].

2.6.2 SEED dataset:

The SJTU Emotion EEG Dataset (SEED) [62], a publicly available emotion dataset,
has 15 participants (seven males and eight females) with mean + standard
deviation of 23.27 + 2.37 years who underwent an emotion-inducing experiment.
Each participant had to watch 15 carefully chosen video clips, each lasting four
minutes, that included positive, neutral, and negative stimuli to elicit the
appropriate emotional state. There were three data collection sessions, with
fifteen trials or movies in each session. Each participant's 62 EEG channels were
sampled at a rate of 1000 to record the data. The worldwide 10-20 approach was
used to select where to deploy the 62 EEG channels [62], [70].

2.6.3 EDPMSC Dataset:
The SJTU Emotion EEG Dataset (SEED) [71], a publicly available emotion dataset,
has 15 participants (seven males and eight females) with mean + standard

deviation of 23.27 + 2.37 years who underwent an emotion-inducing experiment.
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Each participant had to watch 15 carefully chosen video clips, each lasting four
minutes, that included positive, neutral, and negative stimuli to elicit the
appropriate emotional state. There were three data collection sessions, with
tifteen trials or movies in each session. Each participant's 62 EEG channels were
sampled at a rate of 1000 to record the data. The worldwide 10-20 approach was
used to select where to deploy the 62 EEG channels. After comparing the pre-
active and post-active phases, the dataset's author concluded that the pre-active
phase is better at recognizing stress. Therefore, in this work, they utilized the

precative phase to create the suggested model [62], [71].

2.6.4 CLAS Dataset:

The CLAS dataset is a source of labelled physiological recordings that include
synchronized ECG, PPG, and EDA signals that were taken while test participants
were engaged in an interactive or perceptual activity that was specifically created
for them [72]. The interactive activities are specifically intended to assess several
components of the individual's cognitive ability, level of attention and focus, or
brief cognitive load. The test taker is given a series of deliberately constructed
logical and mathematical tasks with a fixed deadline for timely responses to
acquire both a quantitative and qualitative assessment of these features. The test
subjects are exposed to a sequence of carefully chosen stimuli intended to induce
emotions in the perceptual tasks. The test takers in the perceptual tasks are
usually instructed to only view the visuals or to follow the video clips. The CLAS
dataset uses each person's unique physiological signal fluctuations to record the
emotional states and mental states produced during the numerous interactive
and perceptual activities. Both person-specific and person-independent

modelling are possible according to the dataset's architecture.

2.7 DIFFERENT STIMULI USED FOR MENTAL STRESS INDUCTION

Different stimuli are used to create mental stress in clinical and research settings;

each one focuses on a different facet of the human stress response. The cognitive,

2 Background Study 18



emotional, social, physiological, and environmental stressors are the major
categories into which these stimuli may be divided. Which kinds of stressor

should be selected depends on application, research objectives and goals.

2.7.1 Cognitive stressor:
Tasks that test a person's capacity for mental processing are known as cognitive
stressors, and they frequently result in elevated stress and cognitive load. Typical

instances consist of:

1. Mental Arithmetic activities (MAT): These activities, which include
serial subtraction, demand participants to complete intricate arithmetic

operations within time limits [59].

2. Stroop Test: In the Stroop Task, participants are given color words
printed in incongruent ink colors (for example, "RED" printed in blue ink).
They must identify the ink color while preventing their automatic reading

of the word [73].

2.7.2 Emotional Stressor:
Affective cues are used by emotional stressors to trigger stress reactions. One

example is Negative Pictures and videos.

Negative Pictures and Videos: A standardized collection of pictures provided
by the International Affective Picture System (IAPS) has been utilized to elicit

emotional reactions in participants.

2.7.3 Psychological Stressor:
These stressors include situations that create stress by means of psychological
pressure or social assessment. One example is Trier Social Stress Test (TSST). The

Trier Social Stress Test (TSST) creates a sense of social evaluative stress by having
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participants execute mental math and give an impromptu speech in front of an

inattentive audience [74].

2.7.4 Physiological Stressors:
Direct physical difficulties that trigger the body's stress response systems are

known as physiological stressors. One example is Cold Pressor Test.

Cold Pressor Test: To induce a physiological stress response, participants

submerge their hand in ice-cold water for a predetermined amount of time [59].

2.7.5 Environmental Stressors:

Stress may be created by manipulating the environment. One example is Noise
stressor.

Noise Stress: Being around loud or erratic noises might make you feel more

stressed.

2.8 MENTAL ARITHMETIC TASKS FOR STIMULATING MENTAL
STRESS

Mental arithmetic tasks (MAT) are very popular for inducing stress level and
classify different level of stress. Many authors used MAT for inducing stress
[6],[7],[75-79]. Saidatul et al. [80] employed MAT where the process starts with
calm picture, moves through easy, moderate, and difficult stages, and concludes
with calm image . A minute will pass between each step. There will be 12
questions in total for each level of the mental math assignment, with an average
response time of 5 seconds. Three sets of mathematical operations are included
at each step, such as four addition problems, four subtraction problems, and four
multiplication problems.

Likun Xia et al. [81] used a paradigm based on MIST [78] which is a computer-
based instrument that is frequently used to explicitly analyze reactions under
stress and control settings. It causes modest psychological stress in terms of

physiology and brain activity [82], [83]. The four consecutive blocks that made
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up each session were recuperation, mental math, rest, and habituation. The
primary component of the trial design was the mental arithmetic task block. In
distinct sessions, the work was carried out in a different way under both stress
and control circumstances. The math exercises were same for both cases. In level
1, addition and subtraction were limited to two numbers; in level 2, addition and
subtraction were limited to three numbers; in level 3, addition and subtraction
were limited to four numbers; and in level 4, any four operations involving four

numbers were included.

Omneya Attallah [64] employed MAT as a stressor where two conditions data
were recorded. In the non-stressful condition, the tasks are counting; in the
stressed state, they involve serial subtraction of two integers. The first step in
each serial subtraction attempt is to vocally subtract four integers from two.
Psychosocial stress is defined as serial subtraction for 15 minutes [84], and it was
employed in [85]. Thus, the design of the data collecting process in [85]
necessitated a high level of cognitive effort from the participants. When a person
puts in more effort to complete activities, the emotional background changes
because of this demanding mental load.

R. Deshai et al. [86] used MAT for inducing different levels of stress which is
shown in Fig. 2.2. During data collection procedure, the participant is requested
to remain quiet for two minutes in the first stage and his calm data is captured in
this time interval. The topic is required to answer several arithmetic problems in
the second phase. Based on the degree of difficulty, the questions are given to the
subjects in three categories. The participant is instructed to provide accurate
answers to all questions and refrain from speculating. To achieve a high-quality,
noise-free signal, the participant is told to limit hand movements and do mental
computations. Subjects are directed to respond to the questions as soon as they
show up on the screen. The patient is answering the question while EEG data is

being recorded in parallel.
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Relaxation 20 Easy Level Break 20 Medium Level Break 20 Difficult Level

Arithmetic Questions Arithmetic Questions Arithmetic Questions
H_/ N\ ~ J H_J N ~ J H_J N ~ J
2 Minutes 6 Minutes 2 Minutes 6 Minutes 2 Minutes 6 Minutes

Fig. 2.2. R. Deshai et al. proposed experimental protocol for mental stress study [86]

Avirath Sundaresan et al. [87] also used MAT where a preliminary 120-second
EEG baseline recording (referred to as "Baseline"), participants engaged in a 25-
minute session that included four primary blocks of stress induction and breath
modulation exercises. A stressor with an enhanced arithmetic number challenge
was presented at the start of each block shown in Fig. 2.3. Timed mental
arithmetic has been used extensively to produce stress [76], [77]. To reduce the
risk of overstimulating participants with ASD, a commonly used mental

arithmetic task was simplified for specific mental stress induction paradigm.

3

How anxioyg

i How anxioyg
40 you fee]

do yoy fee
(1_5)? ) tee]

(1-5)2

: >

m
Stressor Surve Rest Breathing Surve Rest
(90 Sec) Y | 30sec) | (200 Sec) Y | (30 Sec)

Fig. 2.3. A. Sundaresan et al. proposed experimental design for mental stress study [87]

After the mental stress induction, there was a 200-second breathing time.
Participants were given the option to breathe at their own pace (unguided
breathing) during the first and third breathing periods. However, during the
second and fourth breathing periods, they were given access to a custom-
generated breathing entrainment system that guided breath airflow in and out of

the lungs at a relaxing pace of approximately 6 brpm [78], [79]. The system
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included both visual (a growing/shrinking circle that indicated the target
respiration speed) and auditory (musical patterns that mimicked the sounds of

inhalation and exhalation) guides.

Two tests were utilized by ]J. W. Ahn et al. [77] to induce stress: the Stroop color
word test and a mental arithmetic test. A viable and dependable technique for
producing medium levels of stress is the Stroop color word test [88], [89] The goal
of this test is to have the subject select the colors in which the names of colors
appear when they are displayed in a color other than the color that corresponds to
their name. There were fifty-six test stimuli in all, and each one was shown for one
second at random. The individuals were instructed to consider the appropriate
color, and the response was shown on the screen at the conclusion of each stimulus,
as speaking might impact the HRV. The participants view three- or four-digit
numbers on a screen, and the digits are put together until the final number is one.
Lastly, the subject inputs whether the outcome is an odd or even number using a
keyboard. The screen indicates whether the subject's input was correct or incorrect
for each stimulus, and 5 seconds were counted for each stimulus before going on

to the next to increase the participants' level of stress [77].

2.9 ACTIVE BRAIN REGION FOR EEG BASED MENTAL STRESS
DETECTION

Several brain areas are frequently the focus of EEG-based mental stress detection.

The following are the main areas of interest:

1. Prefrontal Cortex (PFC): Plays a role in decision-making, personality
expression, sophisticated cognitive behavior, and social behavior regulation. It is

an important area for controlling emotions and managing stress.

2. The Anterior Cingulate Cortex (ACC) is involved in impulse control, decision-
making, and emotion regulation. It is frequently linked to the psychological side

of stress.
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3. Parietal Lobes: Associated with direction in space and processing of sensory
information. This area is important because stress can change how the senses are

processed.

4. Temporal Lobes: Essential for storing memory and processing auditory

information. Stress can affect how well your memory works.

5. Insular cortex, or the Insula, is a region of the brain that is involved in
awareness and performs a variety of tasks that are typically related to emotion or

homeostasis management.

6. The hippocampal area is important for memory and stress reaction, even
though it cannot be tested directly with an EEG. It influences other regions that

can.

Many researchers worked on the number of channels optimization for mental
stress detection from EEG signal. Ala Hag et al. [62] successfully optimized the
EEG channels number to eight and those channels locations are “AF3’, ‘FC5’, ‘F§’,
‘Fpl’, ‘AF4’, 'P7’, ‘Fp2’, "F7’. The activation function led to a significant reduction
in the number of EEG channels. Specifically, the suggested CCHP chooses EEG
channels for each subject that have a strong correlation with their mental state
class and a less correlation with other channels in the same class. Accurate
performance was improved by choosing pertinent channels that have a strong
correlation with the class (stress/calm). In a similar vein, the low channel-
channel-based correlation from the same class was used to eliminate the
redundant channels. Each participant was therefore given access to many key
channels that are most effective in differentiating mental stress activities. They
rated the important channels according to the modal frequency of those channels,
with the high occurrence channels being placed highest, and so on, to identify a
common channel among all subjects. They evaluated several sets of ranking

channels, 1,5, 8,9, 15, 19, and 32 EEG channels, to see which collection of channels
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delivers an acceptable accuracy [62]. They also discovered that just 8 EEG
channels can substantially categorize the mental stress level without
considerably impairing performance. Omneya Attallah [64] also tried to find out
the most significant channels for stress detection from EEG signal. Their research
work looks at the bare minimum of electrodes needed at the location, which has
a bigger influence on stress assessment and detection. The findings are contrasted
with other feature extraction techniques presented in the literature to evaluate
the efficacy of the suggested approach. They are also contrasted with cutting-
edge methods that have been documented for stress identification.

Ali et al. [90] tried to differentiate between two conditions- relaxed and focused
by analyzing EEG signal. The focused sample was captured by the authors as the
individual was working through an arithmetic test while keeping their eyes open.
A signal cut of points between -120 and 120 uV was chosen [90].

The EEG signal captured at a calm condition in a quiet environment while the
participant was listening to a slow music track without blinking or other artifacts.
The voltage values of the signal depicted in the time domain range from -28 to 41
uV, with an average of 20.23 uV [90]. Both samples had different characteristics,
such as the focused sample having a larger maximum amplitude than the relaxed
sample and the focused sample having a higher spectrum power than the relaxed

state sample.

Likun Xia et al. [81] tried to detect stress at very early stage and found nineteen
channels- Fpl, Fp2, F3, F4, F7, F8, C3, C4, T3, T4, T5, T6, PP3, P4, O1, O2, Fz, Cz,
and Pz most significant for stress detection purpose. On the other hand, O.
AlShorman et al. [58] found the frontal region more significant for mental stress
detection after comparing with the other region of the brain during stress

induction by putting the dominant hand under the ice water for 60 seconds.
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2.10 AUDIO VISUAL STIMULI CLASSIFICATION

Many researchers worked on classification among different types of stimuli.
However, these works are not focused on stress detection. G. S. Mouni et al. [91]
classified among three types of stimuli named- audio, visual and cognitive
stimuli. They found best accuracy for the visual stimuli. Audio, visual, and
audio-visual stimuli multi class classification was done by Y. Dasdimir et al. [92].
But in this case, they found the best accuracy for the audio-visual stimuli. J. Leoni
et al. [93] employed several types of stimuli but they found best accuracy for the
picture and non-picture (audio-video) based stimuli. T. Agarwal et al. [94]
employed LSTM method for classifying audio and visual stimuli. Dr. E. G. M.
Kanaga et al. [95] did multi class classification among for auditory,
somatosensory, and cognitive events and found the highest accuracy for
somatosensory stimuli. These findings not only help neuroscientists identify
ERPs more quickly and accurately, but they also open the door for BCIs to
potentially offer users more features by utilizing the variety of stimuli that the
system can identify. Since most BCI systems on the market today rely on visual
cues or visual input, they might not be suitable for severely incapacitated patients
who have lost their capacity to see or regulate their eye movements. D. Kim et al.
[96] developed the first online ASSR-based BCI system, proving that a

completely vision-free BCI system could be realized.

2.11 FEATURE EXTRACTION TECHNIQUES USED FOR MENTAL
STRESS DETECTION

A crucial stage in the classification of EEG data is feature extraction, which has
several benefits such as dimensionality reduction, noise reduction, better
classification performance, improved interpretability, and real-time processing
ease. Retaining just the most pertinent data for the classification job is the aim of
feature extraction, which enhances computing efficiency and lowers the chance

of overfitting.
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Relative Gamma:

As part of the affective-state (Stressed vs. Relaxed) classification task, the
following measures of relative gamma (RG) [97], [98] activity were calculated.
For each of the four-second windows, the power spectral distribution was
calculated using the z-transformed EEG. Averaging this distribution over all
electrodes was done. The power ratio between the gamma and other rhythms
(such as gamma/delta, gamma/theta, gamma/alphal, gamma/alpha2,
gamma/alpha3, and gamma/beta) was used to calculate the RG. It was also
computed to get the inverse of each frequency band, which are 1/delta, 1/theta,
1/alphal, 1/alpha2, 1/alpha3, 1/beta, and 1/gamma.

Power Spectra of EEG Sub-bands:

A signal's power in terms of frequency may be determined using its power
spectrum [80], [98]. In research on neuromarketing, this attribute is most
frequently utilized. The Discrete Fourier Transform (DFT) of the EEG signal
sequence x(n) is first calculated using the Fast Fourier Transform (FFT) method
to get the power spectra of the EEG sub-bands, as indicated by Equation (1). A
signal's original time domain can be converted to its frequency domain using this
kind of Fourier analysis. The signal sequence x(n) is broken down into its

component frequencies using the DFT.

N-1 i2mwkn
X, = z Xpe" N (1)
n=0

where N is the data size, bn is the input value at index n, and Xk denotes the
frequency component at index k. The power spectral density (PSD) of various
EEG sub-bands has then been calculated using various periodogram approaches,

such as Welch's Periodogram [126], as indicated by Equation (2).

Pr= ()2 @)
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where, upon windowing, Prdisplays the PSD of Xn (k) corresponding to the nth
segment and the kth frequency point. This method is widely used to determine
the relative strength of several EEG frequency bands, such as o (0.5-4 Hz), 0 (4-
8 Hz), a (8-13 Hz), B (13-30 Hz), and vy (30 ~ Hz), which are then utilized as
characteristics in neuromarketing applications. In some research, the
spatiotemporal standard deviation of activity for every EEG time point was
obtained using Global Field Power (GFP).

Power Spectral Density (PSD):
In signal processing, spectral analysis is often employed to track signals of

interest, particularly for biomedical data [99], [100]. Power spectral density (PSD)
is a characteristic that may be able to differentiate between the electrical activity
of the brain under various psychological settings [101]. It may also be used to
measure stress levels. PSD illustrates how the patients' varying stress levels affect
the power of the beta, alpha, and theta frequency bands of the EEG. Numerous
techniques, including the greatest entropy approach and the Fourier Transform
method, can be used to determine PSD. Welch's power spectral density estimate
[102], which is based on the Fourier Transform, was employed in this
investigation.

PSD explains the signal's power distribution throughout a specific frequency.
PSD was computed with a 50% overlap using the Welch technique [103]. The
characteristics from this group were the mean and variance of the PSD for each
band in each channel. This feature group yielded forty values in total from four
channels and five bands, denoted as FG1 =[ {5(1,8) f0 (1,8) f(1,8) f3(1,8) fy (1,8)]
[67], [75], [80], [86], [98], [104].

Discrete Wavelet Transform (DWT):

Numerous research that employed the DWT approach to extract wavelet
coefficients as EEG characteristics corresponding to various EEG frequency
bands can be found in the literature [62], [68], [86]. DWT is applied in the

biological signals time-frequency analysis. This DWT's non-stationary properties
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make it very helpful for analyzing EEG signals. By employing long time frames
for low frequencies and short time frames for higher frequencies, this transform
generates an accurate time-frequency assessment. Through repeated application
of the low-pass and high-pass filters to the input signal, DWT circumvents the
limitations of the Fast Fourier Transform (FFT). In each step, it divides the signal
into detailed coefficients (high pass) and approximation coefficients (low pass).
It only breaks down low-frequency components following a signal's initial
degree of breakdown. At every stage of the signal's breakdown in the wavelet
packet decomposition scenario, filtering operations are performed in both

approximate and detailed coefficients [105].

Wavelet coefficients are produced by the DWT by the convolution operation,
which is a two-function multiplication procedure. Every wavelet's inner product
with the input signal yields a different coefficient. Equation 3 can be used to

express the DWT numerically.
M-1
D)= ). x(m).gjm) ©
n=

where @i,j*(n) is the scaling wavelet function and x(n) is a signal of length n. A
filter bank made up of several high- and low-pass filters is employed in DWT
decomposition. Wavelet detail coefficients are produced by high-pass filters,
whereas approximation coefficients are produced by low-pass filters. The
number of wavelet decomposition levels and the choice of wavelet method
determine the accuracy of the DWT analysis.

Katz Fractal Dimension:

A metric called Katz's Fractal Dimension (KFD) is used to express how
complicated or rough a signal or form is. Because it preserves the nuances of the
waveform, it is very helpful for studying time-series data, like EEG signals. KFD

is one of numerous techniques used to determine the fractal dimension, which
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provides information about the data's non-linear characteristics [62], [106], [107].

KFD is computed with the following formula:

_ log1o(L)
KFD = 10g10(d)+ logio(a) )

Where:

The time series' overall length is denoted by L.

The Euclidean distance, or d, separates the time series' starting and ending points.
The average distance between consecutive locations is denoted by a.

Katz's Fractal Dimension is a useful tool for measuring signal complexity in the
study of EEG and other time-series data. It is a helpful characteristic in many
signal processing and machine learning applications because of its applicability
in EEG data categorization, which may aid in comprehending and interpreting
the underlying brain dynamics [59], [108].

Relative Power:

The power in a particular frequency band divided by the overall power is how
the relative power is calculated from the absolute power of the frequency bands.
One characteristic that is frequently employed in EEG-based stress detection is
relative power. It offers information on how the power is distributed over the
different frequency bands of the EEG signal, which can represent a range of

mental conditions and cognitive functions, including stress.

The power in a particular frequency band divided by the total power across all
frequency bands is known as relative power. By comparing the contributions of
various frequency bands to the total EEG activity, this normalization facilitates
comparison and offers a more insightful indicator of the signal's properties [62],

[81], [106]. From a mathematical perspective, it is represented as Eq.

Relative Power = owernband 100% (5)

Total Power
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Coherence:

For each of the four frequency bands, the coherence is calculated between 64
electrode pairs of homologous and intrahemispheric sites for each participant at each
stage of the experiment. It is a metric for connectivity that characterizes the strength
of the relationship between two brain regions. It can be defined as the product of the
auto-spectra of two signals (|Hul |Hv ) and the ratio of cross-spectra (|Huv | 2). The
Pearson correlation coefficient for the frequency domain variables is interpreted as

follows [81]. From a mathematical perspective, it is represented as Eq. 6.

| Hyo |2

Coherence = ——
[Hy || Hyl

(6)

Phase Difference:

The phase angle difference between two EEG signals or components at a specific
frequency is referred to as the phase difference in EEG signal processing.
Understanding the synchronization and connection between distinct brain areas
is crucial since it can shed light on a variety of neurological and cognitive
processes. A brain connectivity metric called phase difference, or lag, quantifies
the interval of time between two EEG signals that are occurring at separate
places. It is calculated for every band at every level for 64 pairs of homologous

and intrahemispheric sites [81].

Energy of Wavelet Decomposition Coefficients:

A metric used to characterize the distribution of signal power across various scales
or frequency bands is the energy of wavelet decomposition coefficients. It can assist
in determining which frequency bands are more active or contain more information
in the context of EEG signal processing [76],[86].

The wavelet coefficients' energy sheds light on the activity in various frequency
ranges. Higher energy in the beta band, on the other hand, may be linked to tension
or active thought, whereas higher energy in the alpha band may imply relaxation.

In machine learning models for EEG classification, energy levels are frequently
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included as features to aid in the differentiation of various mental states or
situations [76], [86].

Higuchi Fractal Dimension (HFD):

A technique called Higuchi Fractal Dimension (HFD) may be used to estimate a
time series' fractal dimension, which gives an indication of how complicated it is.
It is very helpful for deciphering EEG signals as it can depict the complexity and
irregularity of patterns of brain activity.

HFD analyzes a time series' structure at several scales to determine how
complicated it is. Its foundation is the idea of fractal dimension, which explains
how a pattern's level of detail varies depending on the size at which it is
measured [67], [86]. A approach for quantifying signal complexity that may not
be properly captured by linear methods is provided by HFD. HFD is more noise-
resistant than other fractal dimension measures, which makes it appropriate for
EEG data, which frequently include a variety of artifacts.

The Higuchi Fractal Dimension is a useful tool for deciphering the complicated
dynamics of brain activity from the complexity of EEG data. Its versatility and
efficacy in recording the subtleties of cerebral processes are highlighted by its

application for mental stress detection.

Petrosian Fractal Dimension (PFD)

PFD is intended to offer a rapid and computationally efficient way to estimate
the fractal dimension of a time series. The number of sign changes in a signal's
derivative, or the number of times the signal's trajectory changes direction, is
used to determine how complex a signal is. PFD measures the intricacy of EEG
signals, allowing it to differentiate between various cognitive and affective states.
PFD is one of the most significant features for mental stress detection [86]. The

equation of PSD is given below:

PFD = og0®___ @
logyo(L)+ 10910<m)
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Alpha and Beta Asymmetries:

A connection metric called asymmetry shows how differently stimulated two different
parts of the brain are from one another. The difference in the amplitudes of the signals

that are normalized to the sum of their amplitudes is used to calculate it.

The term "alpha and beta asymmetries" describes the variations in alpha and beta

frequency band activity or power between the brain's left and right hemispheres.

The usual range of the alpha band is 8-13 Hz. It is most noticeable when the
eyelids are closed and is linked to a calm wakeful state. The difference in alpha
strength between the brain's left and right hemispheres is known as alpha
asymmetry. Positive numbers imply a relative increase in left hemisphere
activation as they show more alpha power in the right hemisphere than the left.
Negative numbers indicate a proportional increase in right hemisphere
activation and stronger alpha power in the left hemisphere [81], [98].

Usually, the beta band spans between 13 and 30 Hz. It is linked to mental states
that are focused, attentive, and active. As with alpha asymmetry, the difference
in beta power between the left and right hemispheres is used to compute beta

asymmetry [81], [98].

2.12 SUMMARY AND IMPLICATIONS

In this research, EEG data was collected using both audio and visual stimuli.
Mathematical word problems having three difficulty levels were shown before
participants. Advanced pre-processing pipeline was used for removing noise
from the raw EEG data. Binary and multi-level stress was detected from both
audio and visual stimuli was done in this work. Moreover, binary classification
was performed of EEG data for audio and visual stimuli having significant
improvement of accuracy. In the next consequent sections, detailed
methodology, results, and discussions and finally conclusion of the proposed

work will be discussed.
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3 Literature Review

This section will explore extensive literature review on current mental stress research
trends, types of stimuli should be used to elicit the different level of stress, pre-processing
techniques, features and machine learning techniques used for EEG-based mental stress
detection and audio visual stimuli classification.

3.1 STRESS DETECTION USING EEG

Stress levels may be assessed in a variety of ways. The most often utilized
technique for determining a person's degree of mental stress is standard
questionnaire-based self-reporting [1],[2],[7],[17]. Additionally, physical, and
physiological measurements have also been used as impartial techniques to
evaluate stress. A few physiological characteristics that are responsive to stress
include voice, eye focus, pupil dilation, blink rate, and facial emotions [17]. Some
physiological  biomarkers such as electroencephalography (EEG),
electrocardiography (ECG), functional magnetic resonance imaging (fMRI),
magnetoencephalography (MEG), galvanic skin response (GSR), positron
emission topography (PET), and cortisol are also can be used for stress level
detection [1],[3],[6],[7],[109]. H. Costin et al. [54] classified two level stress from
heart rate variability and morphological variability. They found morphologic
variability more effective for mental stress detection [54]. Again, B. Sunarfri
Hantono et al. [55] classified stress level from heart rate variability where they
collected data using photoplethysmography (PPG). Out of all these methods,
EEG is chosen due to its many benefits, including its excellent temporal precision
at millisecond scale, ease of use, inexpensive setup costs, and non-invasive data
gathering [7]. EEG has emerged as the most extensively utilized

neurophysiological signal in this industry because of all these benefits.
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Furthermore, EEG signal alterations are a more accurate, objective indicator of

emotions since they are not subject to conscious manipulation [17].

The majority of investigations focused on classifying stress based on visual
inputs. Several of them focused on multi-level stress detection or binary stress
detection. A few of them dealt with multi-level and binary stress. When it came
to binary stress categorization using visual stimuli, G. Jun [55] and H. Altaf [56]
showed that 96% and 95% of the time, respectively, was the greatest accuracy.
However, using solely visual stimuli, A. Akella [57], Q. Yao [3], and F. Al-shargie
[7] were able to accurately classify multi-level stress with the maximum
accuracy —91%, 89.88%, and 94.79%, respectively. Visual stimuli were used by E.
Perez Valero [1] and A. R. Subhani [6] in their investigation, although both binary
and multi-level stress were accurately identified. Auditory stimulation—the
process by which people become emotionally invested in listening to different
problems—is another significant stressor in daily life. One study examined the
effects of different music tracks as auditory cues on binary and multiclass stress
[58]. Nevertheless, no researcher classified mental stress using both aural and

visual inputs.

3.2 STATE-OF-THE-ART WORKS ON DIFFERENT STIMULI

A challenging or stimulating stimulus that induces stress is called a stressor
(sometimes called a stress factor). Different kinds of stimuli were used to evoke
stress. Montreal imaging Stress task (MIST) was used by Eduardo et al. [1] which is
one of the most validated stress inducers. A modified version of the Trier Social
Stress Test (TSST) was used by A. Akella [69] and his fellow researchers to generate
a controlled stress response. A construction workers” EEG data was collected while
they worked in the real construction sites and occupational stress was classified by
H. Jebilli et al. [70]. A simulated drone piloting training session was used to evoke
stress by Qunli Yao et al. [3]. Different virtual reality environment based stroop test

was also used to induce mental stress [71]. Instead of using only visual stimuli, some
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authors designed auditory stimuli such as music tracks to evoke stress [12], [72], [73].
Sometimes combination of both audio and visual stimuli such as movie clips were
used to give rise to mental stress [74]. The PSS-10 questionnaire was used by S.M.U.
Saeed et al. [75] where the questionnaire was given to the participants, and they then
had an interview with the psychology specialist. The interview lasted 25 minutes on
average. The psychology expert placed each participant in either the stress or the
control group based on their PSS scores and interview results. N. Phutela et al. [74]
used indian movie clips for inducing stressed and amusement like condition. Four
movie snippets were screened to the participants. The suggested study draws
inspiration for the use of stress elicitation material from the work of authors in, who
evaluate stress during video watching using EEG, arousal, and valence dimensions.
These authors have employed the circumplex model of affect, which links stress to
high arousal and low valence. Stress raises arousal since it activates the mind, but it
is an unpleasant activation, thus the valence is poor. Because the subjects could
better relate to these movies, they were specially selected from Indian cinema
snippets. To relieve the participant from the effects of the stressful and non-stressed
movies, a 2-minute gap was included after each clip [74]. On the other hand, A.
Arsalan et al. [67] collected EEG data for mental stress detection during the
participants prepared for giving a talk upon an unknown topic. Following another
period of relaxation, the participants were brought to a different room to make their
presentation in front of an actual audience. There were perhaps fifteen to twenty-
five persons in the audience, including staff and students. Although recorded
during the presentation (activity phase), the EEG data were not used in this
investigation. Following the talk, the participants were brought back to the

recording room, where three minutes of post-activity EEG data were collected [67].

3.3 AUDIO VISUAL STIMULI CLASSIFICATION

Many researchers worked on classification among different types of stimuli.

However, these works are not focused on stress detection. G. S. Mouni et al. [91]
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classified among three types of stimuli named- audio, visual and cognitive
stimuli. They found best accuracy for the visual stimuli. Audio, visual, and
audio-visual stimuli multi class classification was done by Y. Dasdimir et al. [92].
But in this case, they found the best accuracy for the audio-visual stimuli. J. Leoni
et al. [93] employed several types of stimuli but they found best accuracy for the
picture and non-picture (audio-video) based stimuli. T. Agarwal et al. [94]
employed LSTM method for classifying audio and visual stimuli. Dr. E. G. M.
Kanaga et al. [95] did multi class classification among for auditory,
somatosensory, and cognitive events and found the highest accuracy for
somatosensory stimuli. These findings not only help neuroscientists identify
ERPs more quickly and accurately, but they also open the door for BCIs to
potentially offer users more features by utilizing the variety of stimuli that the
system can identify. Since most BCI systems on the market today rely on visual
cues or visual input, they might not be suitable for severely incapacitated patients
who have lost their capacity to see or regulate their eye movements. D. Kim et al.
[96] developed the first online ASSR-based BCI system, proving that a completely

vision-free BCI system could be realized

3.4 PRE-PROCESSING TECHNIQUES

EEG signals are highly sensitive to noises such as power line interference (50/60
Hz) caused by power line frequency, movement artifacts generated by muscle
contractions (Electromyogram, or EMG), visual signals produced by eye
movements (Electrooculogram, or ECG), and cardiac signals (Electrocardiogram,
or ECG). These sounds are eliminated during the pre-processing step, which also
gets the signal ready for additional processing inside the targeted frequency
range. It is essential to properly pre-process the raw EEG data since noisy EEG
data will probably not produce improved findings. EEGLAB is very famous pre-

processing tool used for noise removal by many authors [110]. Some authors also
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used other software like Neuroguide [111], NIC [112], Brain Vision analyzer [113]
for data cleaning purpose.

EEG signal is affected by low-frequency disturbances from a variety of sources,
including skin-electrode drift, head, facial muscle and body movements,
electrode wires, deep and irregular breathing, perspiration on the scalp,
temperature variation, baseline wander and eye movements, can interfere with
EEG. The sluggish variations in the EEG signal over a few seconds are indicative
of low-frequency noise. Conversely, eye blinks (EOG) and muscular contractions
(EMG), in the ECG, power line interferences produce high-frequency noise.
Elevated-frequency noise appears as abrupt up- and down-swings in the EEG
output. Because the frequency spectrum of the EEG signal spans around 0.5 to
100 Hz, band pass filters (BPFs) are frequently used to exclude high- and low-
frequency noise [67], [78], [87], [97], [106], [112], [113], [114]. The signal that falls
between the two cutoff frequencies of the BPF- lower and higher- is permitted to
go through the filter. The cutoff frequencies, such as 4-45 Hz, are modified to fall
within the required EEG range. Saidatul et al.[115] introduced elliptic filter
because this filter has a lower order than other FIR filters like Butterworth, it was
employed. In this case, phase distortion was prevented by doing both forward
and backward filtering. Savitzky-Golay (S-Golay) filter was used by some
authors [116] because of its computational efficiency. The S-Golay filter can
analyze large EEG datasets without causing unnecessary computing overhead,
making it appropriate for real-time applications. It efficiently lowers high-
frequency interference without compromising the integrity of the low-frequency
components, which are frequently the major focus of EEG research. Moreover,
this filter maintains the original shape and characteristics of the signal, such as
peaks and troughs, in contrast to other smoothing filters that have the potential
to alter the signal's shape [116].

Low Pass Filter (LPF) [62], [117]and High Pass Filter (HPF) [62], [79], [117]were also

found to be used independently in certain investigations, with the HPF using just the
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higher cutoff frequency and the LPF using only the lower cutoff frequency. A notch
filter, which responds entirely different from a BPF, is frequently used to get rid of
power line interference (50/60 Hz) [62], [78], [79], [106], [118].

Re-referencing techniques used for EEG data pre-processing by some authors
[78]when a new reference point or set of reference points is used to recalculate
the recorded signals. By removing artifacts and noise from the EEG data, this
procedure can greatly improve its quality. Fast Fourier Transform (FFT) is used
by some authors [79].

One blind source separation method that is frequently utilized as a pre-processing
tool for mental stress detection [62], [106], [117] is Independent Component Analysis
(ICA). When analyzing EEG data, Independent Component Analysis (ICA) is a
potent statistical method that divides a multivariate signal into additive,
independent components. Rebuilding the cleaned EEG signal from the remaining
components aids in the removal or correction of the discovered artifact components.
From the EEG data, ICA can successfully extract a variety of artifacts, including eye
blinks, muscular activity (EMG), and cardiac signals (ECG). ICA can separate the
unique spatial and temporal patterns found in these artifacts. The EEG data's SNR
is improved by ICA by separating and eliminating artifacts, which facilitates the
detection and analysis of brain signals. In some research, Fast ICA [78] was used also
which was created to carry out ICA more rapidly and effectively. Its foundation is a
fixed-point iteration approach designed to optimize the statistical independence
metric known as non-Gaussianity. Principle Component Analysis (PCA) is used by
Qiang Wang et al. [67] for constructing feature space. By lowering dimensionality
and noise, PCA helps to simplify the handling and visualization of data [67]. ICA,
on the other hand, is very useful for cleaning EEG data and isolating brain activity
from artifacts since it is necessary for separating mixed signals into separate sources.
Depending on the objectives of the EEG analysis and the characteristics of the data,
PCA or ICA should be used. As a pre-processing method, segmentation is also

frequently used to split a signal into different epochs with the same statistical
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properties in terms of frequency and time [67], [97], [111], [116]. S.M.U. Saeed et al.
[119] used welch periodogram for segmentation purpose by using a 128-sample

window length with a 50% overlap.

The raw data for an EEG is captured from the subject's scalp surface using electric
impulses. The gathered raw data for different kinds of stimuli classification
purpose also includes noise from interference caused by the subject's eye or
muscle movements, as well as underlying electrical impulses from the subject's
brain. Band pass filter (BPF) following by notch filter is mostly used for removing
unnecessary portion of data [92], [95]. ICA is used for ocular, muscular and
motion artifact related noises by the most of the authors [91], [92]. In some cases,
PCA is also used by few authors [95]. The multiple artifact rejection method
(MARA), which is based on ICA, was used by Y. Dasdemir et al [92]. Only the
occurrences reported with a 90% confidence level or higher were eliminated, or
around one or two components for each participant in this research. Prior to
averaging, computerized artifact rejection was carried out by J. Leoni et al [93].
An amplitude more than 50 uV from peak to peak was required for the rejection
of artifacts. About 5% of cases were rejected because of this process. In stead of
using any pre-processing techniques D. Kim et al. used Fast Fourier Transform
(FFT) [96]. Using a sliding window that lasted one second and had a 50% overlap,
this technique was used to calculate the frequency spectrums of each epoch. For
every epoch, the estimated frequency spectrums were tallied and averaged across
time. In some cases, for classifying between two unbalanced data creates biased
results. Before processing the data further, this problem was resolved by

randomly under sampling the majority labels by Marianna Kocturova et al. [120].

3.5 FEATURE EXTRACTION TECHNIQUES

From the previous works, it is known which features were used to detect stress.
katz Fractal Dimension feature was used by R. Katmah et al. [59]. M. ]J. Hasan

used 40 features including mean, kurtosis, and hjorth parameters [60]. D. Shon et
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al. used 10 features including hjorth parameters, mean, standard deviation, and
frontal alpha asymmetry [110]. L.Shi used differential entropy and compared the
performance with other features [121]. R.Zhang used spectral entropy for inter
session performance prediction purpose [122]. Alpha and beta asymmetry was
used by S. M. U. Saeed et al. [98] for mental stress detection purpose. DWT was
used by several researchers [123] for determining the power spectra of EEG
signal.

High-dimensional time-series data, which make up EEG data, might need a lot
of processing power to handle. By reducing the dimensionality, feature
extraction helps to organize the data. By separating pertinent brain signals from
noise and artifacts, feature extraction can produce cleaner data that is more suited
for categorization.

The features used for audio visual stimuli classification is almost similar to
mental stress detection. Y. Dasdemir et al. [92] classified different affective states
from audio visual stimuli. He used Hjorth parameters, mean, variance, standard
deviation, and first/second differences as time domain features and did FFT and
welch periodogram to find out the frequency domain features [92]. G Sri Mouni
et al. [91] computed event-related potentials (ERPs), which are the brain's time-
locked electrical reactions to a particular stimulus or event for classifying audio
visual and cognitive stimuli. ERPs may be examined by comparing the
waveforms between various experimental conditions or groups and averaging
the EEG data across trials [91]. Besides of using some common features, M.
Kocturova et al. [120] added some special features like spectral flux and shannon
entropy to classify speech activity from EEG signal. Do-Won Kim et al. [96] used
FFT to find out the frequency domain features to classify attention level to

different auditory stimuli.
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3.6 MACHINE LEARNING (ML) MODELS FOR EEG CLASSIFICATION

Both supervised and unsupervised machine learning techniques were used in the
trials pertaining to mental stress. When using labeled data for supervised
learning, distinct stress levels are determined by the type of stress inducer. All
the EEG data are labeled since each stress level is quite distinct. These labels let
the classifier identify signals of different stress levels in the training datasets. A
label-free dataset is utilized to forecast the multi-level stress throughout the
testing phase. Conversely, prior experience with stress level labeling is not
required for unsupervised learning techniques. The most commonly employed
unsupervised machine learning technique is k-Nearest Neighbors (k-NN), while
the most often used supervised techniques are Support Vector Machine (SVM),
Neural Network (NN), Logistic Regression (LR), Naive Bais (NB), Random Forest
(RF), Regression, and Linear Discriminant Analysis (LDA).

A strong machine learning method called Support Vector Machine (SVM) is
frequently used to categorize EEG data, notably when detecting mental stress.
Rich information regarding brain activity may be found in EEG data. SVMs can
be very useful in differentiating between different mental states, such anxious vs
calm, by identifying the best feature space border across classes. Using a
hyperplane to divide several classes, SVM classifies data. New data is classified
using the hyperplane, which is dependent on the training set. The SVM is a
helpful technique for detecting mental stress because of its accuracy and ease of
calculation. This model is used by many authors [62], [71], [98], [107], [124] for
classifying various stress level. A. Hemakom et al. [124] combined ECG and EEG
data and employed six machine learning models where SVM outperformed than
the other models. For binary stress detection they found 79.81% accuracy for the

female participants and 73.77% accuracy for the male participants [124].

Several studies employed LDA contrasting with SVM classifier [64], [76], [123]. The

prominent statistical technique known as linear discriminant analysis (LDA) is
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used to identify mental stress in EEG data. When the objective is to identify a linear
feature combination that optimally divides two or more classes, LDA is especially
well-suited for such cases. The linear feature combination that optimizes the ratio
of between-class variation to within-class variance is found using LDA. The
discriminant function that best divides the classes is the outcome of this. It is
primarily employed in dimensionality reduction methods to convert 2D planes
into 1D planes. Next, it contains two criteria: minimizing variation inside the class
and maximizing the distance between the means of two classes [76].

K-NN, an unsupervised learning model, may be used as a tool for classification
and regression. The k-NN method predicts the test sample's category based on
the K training samples that are its nearest neighbors. In contrast to the
hyperplane of SVM, k-NN creates a decision boundary between many distinct
classes [125]. After SVM, it is the most frequently used models for mental stress
detection [62], [64], [98], [76], [87], [107]. Being a non-parametric technique, the
k-NN algorithm does not make any explicit assumptions on the distribution of
the underlying data. This makes it adaptable and simple to use for dividing EEG
signals into distinct mental states [62].

When analyzing EEG data, Random Forest is a potent ensemble learning
technique that works well for identifying mental stress. It works especially well
with complicated datasets that include a lot of features, such those produced
from EEG waves [124]. During training, Random Forest generates several
decision trees, from which it extracts the mean prediction (for regression tasks)
or the mode of the classes (for classification tasks) for each tree. Using subsets of
the data and characteristics, it constructs many decision trees, and then
aggregates the forecasts from each tree to arrive at the final prediction. Compared
to individual decision trees, this method enhances generalization and decreases
overfitting. Random Forest is applicable to jobs involving both regression and
classification [64]. Due to its versatility, robustness and interpretability, this

model is frequently used for mental stress detection purpose [62], [64], [124].
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Although traditional machine learning models achieved very significant
classification accuracy, neural network is also employed for mental stress
detection purpose. Most widely used neural network techniques are Recurrent
Neural Network (RNN) [87], Long Short-Term Memory Network (LSTM) [75],
[87] Convolutional Neural Network (CNN) [75] and Multi-layer Perceptron
(MLP) [71], [126]. They imitate the structure of the human brain by using neurons
or dispersed nodes layered in a framework. They create non-linear boundaries to
make judgments about large amounts of data. This adaptive strategy allows
computers to grow by learning from their mistakes. They are getting more and
more popular for interpreting data in mental stress detection, although they still
need a lot of attributes and data samples [125]. M. A. Hafeez et al. classified three
level stress using LSTM and CNN and found highest accuracy 70.67% and 90.46%
respectively [75]. CNN provides better result as CNN's advantages is its ability
to extract local features, or spatial insights from the data, which is useful for
learning hierarchical relationships from the data's local neighbourhoods. With an
overall accuracy of 93.27%, a multiclass two-layer LSTM RNN deep learning
classifier was used to identify mental stress from continuous EEG by A.
Sundaresan et al [87]. Their work offers promise for an EEG-based BCI for the
real-time assessment and mitigation of mental stress through a closed-loop
adaptation of respiration entrainment. They successfully apply an LSTM RNN
classifier for the first time to identify stress states from EEG in both ASD and

neurotypical adolescents [87].

The machine learning algorithm used for audio visual stimuli classification is
almost similar to mental stress detection. In some case the authors introduced
deep learning algorithm instead of traditional machine learning algorithm. Tejas
Agarwal et al. [94] used LSTM for classifying EEG signal generated for audio
visual stimuli. Boosted trees-based classification and Feed-forward neural

networks-based classification methods were proposed by Jessica Leoni et al. [93]
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for classifying different stimuli automatically from event related potential (ERP).
Again, shallow Feed-Forward Artificial Neural Network having 100 hidden
neurons was proposed by M. Kocturova et al.[120] On the other hand, some
authors worked on traditional ML algorithm. For instance, E. G. M. Kanaga et al.
[95] used KNN, RF and multi-layer perceptron (MLP) to classify auditory,
somatosensory, and cognitive stimuli. G Sri Mouni et al. [91] also used KNN,
SVM, LDA, LR, NB, RF and DT for classifying visual, audio and cognitive stimuli.
Again, KNN and SVM used by Y. Dasdemir et al. [92] for classifying audio, video

and audio-video stimuli.
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4 Data Collection

The datasets utilized in this investigation are covered in this chapter. For this study,
dataset was collected via experimentation which is covered in Section 3.1. In this section,
the whole data collection procedure will be described in detail. This section includes three

subsections having the dataset description, stimuli design and collection procedure.

4.1 DATASET DESCRIPTION

One dataset was used in this work. This dataset was made which includes EEG
data collected by the authors at lab set-up following all the ethical requirements
and data collection process was approved by the respective authority of
Chittagong University of Engineering and Technology, Bangladesh. The whole
data collection procedure followed the Helsinki protocol. To make this dataset,
some steps were followed. First, to build a proper comprehension of the EEG
signal for stress classification purpose, it was needed to design different audio
and visual stimuli by using EMOTIV Builder before starting data collection
process. Participants should fulfill all inclusion requirements, including not
having any physical, mental, or head injuries and abstaining from drug or

prescription use prior to the trial.

4.1.1 Stimuli Design

Obtaining EEG data while performing routine chores might provide a noisy
signal. Conversely, if multiple stimuli are applied over an extended period, each
stimulus may produce a strong peak, and the noise will be of average magnitude.
The term "event related potential” (ERP) describes this behavior. For this reason,
prior to collect data visual stimuli was designed where mathematical problems

having three difficulty levels were given to evoke stress to subjects.
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Different experimental stages of each stimulus were shown in Fig. 4.1. where the
stimulus starts with the calibration phase. In calibration phase five seconds eyes
close and five seconds eyes open data was collected followed by some general
instruction phase. Then in the stimuli stage, audio or visual stimuli were heard
or visualized by the subjects. Data was collected by using two kinds of stimuli-
visual stimuli and audio stimuli.

5s 55 No time limit No time limit No time limit

Math Math Math
Eyes Eyes Instructions| Problem Problem Problem
Open Closed (Easy) (Medium) (Hard)

Feedback

Calibration Stimuli (Audio/ Visual)

Fig. 4.1. Experimental stages for single stimulus

Three difficulty levels math problems were shown or heard separately following
a random order after finishing each difficulty level math. In the visual stimuli,
stress free data was taken where the subjects were remained relaxed with their
eyes closed for five seconds. Then the problem was shown to the subjects where
they could view the stimuli image as much time as they need to solve the math
problem. During calculating the math problem, the brain signal was recorded
which was labeled as stressed data. The duration of the visual stimuli was on
average 150 seconds in the audio stimuli, the five seconds eye closed data was
taken by following the same way as visual stimuli. But in this case, the
mathematical problem was heard by the subjects using an earphone where the
participants heard it only once and has no opportunity to repeat the audio. The
duration of the audio stimuli was almost 35-45 seconds. During this time, the
subjects need to listen the audio carefully and then solve the mathematical
problem mentally without using any pen and paper. During calculating the math
problem, the brain signal was recorded which was labeled as stressed data.
Finally, the difficulty levels the subjects faced during solving the math problem

was taken as feedback.
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4.1.2 Participants

In this study, total participants were thirty. All of them were either
undergraduate or graduate students. Among the participants, thirteen subjects
were female, and eighteen subjects were male. With an average age of 22.5 years,
the participants ranged in age from 19 to 25. None of them had any neurological
or psychological conditions, and their vision was either normal or corrected to
normal. All subjects gave written, informed permission before to the experiment
and accepted a little payment for their efforts. Neither alcohol nor any other

narcotic substance addiction affected any of the participants.

4.1.3 EEG Channel Location Selection

The Emotiv EPOC Flex headset (Emotiv Inc., San Francisco, California, U.S.A.)
was utilized to record the EEG data. It features two reference electrodes, CMS
and DRL, at the left and right mastoids, respectively, and 32 Ag-AgCl electrodes
that are programmable in accordance with the worldwide 10/20 EEG standard.
Total 30 subjects' data was collected in this dataset. The sampling frequency was
128 Hz and data were transmitted through Bluetooth communication. The
number of channels were optimized, and data was collected from 16 channels
named: Cz, Fz, Fp1, F7, F3, C3, P3, O1, Pz, Oz, O2, P4, C4, F4, F8 and Fp2. Because
these channels are found very significant for mental stress classification in the

previous literature [68], [127], [128].
4.1.4 EEG Channel Location Selection

Data has been collected from thirty participants, ages nineteen to twenty-five.
Before providing any data, all participants were required to complete the
authorization form. There was no history of brain disorders or visual issues
among the patients. Alcohol or other narcotic substance addiction was absent in
all the individuals. They were all paid a little fee and gave their voluntary

participation. The institution's CHSR committee and the Directory of Research
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and Extension, DRE, gave their approval to this initiative. The subjects entered a
noise-free room and all the subjects were given necessary instruction before
collecting data. The lab set up was arranged for collecting EEG data. The room
was organized with low lighting and electrical shielding, where participants
were seated around 50 cm away from the computer display. A mouse and
keyboard were provided to the participants so that the studies could continue. A
mouse and keyboard were provided to the participants so that the studies could

continue.

poc Flex Controllen

=

32 Channel EEG Headse

Stimuli on monito
Receiver Dongle

Fig. 4.2. Real-time data collection scheme using 32-channel EEG

Visual and audio stimuli was used to collect data. There was almost three weeks
gap between audio and visual data collection. Three kinds of mathematical word
problems having three difficulty levels- easy, medium, and hard were used to
design the stimuli. In both the case of visual and audio stimuli, two phase data
were collected- 5 seconds control data and stress induced data. After completing
the whole experiment, the participants were given their feedback regarding how
much difficulties they felt during solve the problem on scale 1 to 5 (very easy to

very hard). Each subject need to solve total six problems (three problems as visual
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stimuli and three problems as audio stimuli) and relaxed data was also separated
from the raw data. As a result, there are total 12 files for each participant in the
dataset. Finally, there are total 360 (30*12) recording files in the dataset. In Fig.
4.2, real time EEG acquisition was shown in the lab setup. Sample of

mathematical problem was shown in Fig. 4.3.

Do the math and write down the answer on paper

Siyan is 8 years older than Rifat. In four years Siyan will be
twice as old as Rifat. How old is Siyan now?

Fig. 4.3. Mathematical Word problem used as stimuli

Raw EEG signal collected from 16 channels was shown in Fig. 4.4. In this Fig. 4.4,
X axis scale was 20 milliseconds and Y axis scale was 300 microvolts. Out of all
these 16 channels, F3, F4, F7, F8, FP1, FP2 were very significant for multi-level

stress detection and audio-visual stimuli classification.
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Fig. 4.4. Raw EEG data from 16 channels before pre-processing
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5 Methodology

Research methodology used in this thesis are discussed in this section. Framework of the
proposed research work was discussed in subsection 5.1. Two types of pre-processing
pipeline and their effects were shown in subsection 5.2. EEG feature extraction and
machine learning model deployment process for both mental stress detection and audio-

visual stimuli classification were shown in subsection 5.3 and 5.4 respectively.

51 FRAMEWORK

EEG data was collected from 30 subjects in two different session for audio and
visual stress inducing stimulation. An optimal pre-processing pipeline was used
in this work for removing noise from the raw EEG data. After noise removal,
necessary time domain and frequency domain features were extracted from the
data. Finally, in this research work, binary and multi-level stress were classified
from both audio and visual data with necessary analysis. Again, binary
classification between audio and visual stimuli was also done in this research

work. The framework of the proposed research work is shown in Fig. 5.1.

EEG Data
Collection

|

Audio-Visual Stimuli Design H

Stress Detection

Pre-processing through
l l Optimal Pipeline
Audio Visual

¥ ¥ ¥ ¥ ¥
Binary|Multi-level| (Binary|Multi-level

Audio-visual Stimuli Classification h

Feature Extraction

Fig. 5.1. Framework of the proposed research work
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5.2 PRE-PROCESSING

EEG signals are highly sensitive to external noise and some physical noise like
electromyogram (EMG) signals caused by muscle contractions,
electrocardiogram (ECG) signals from the heart, and power line interference
(50/60 Hz) signals resulting from power line frequency. To eliminate any
undesirable signals included with the biosignals, pre-processing is required. In
this experiment, two distinct pre-processing pipelines were used: the suggested

pre-processing pipeline and the traditional pre-processing pipeline.

5.2.1 Raw EEG data

The two pre-processing methods were compared using the EEG dataset that was
gathered, which was covered in the previous chapter. To compare the two pre-
processing pipelines, only the EEG data was used that was both relaxed and
extremely stressed. Advantage of the information gathered from aural and visual
inputs was taken. As a result, the final dataset had 360 (30*12) recordings total —
that is, twelve recordings for per individual. For better visibility, raw EEG data

from two channels of a specific individual is shown in Fig. 5.2.

Original EEG Data of Stressed State

EEG Data of F3 Channel
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Fig. 5.2. Raw EEG data of stressed state before pre-processing
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5.2.2 Traditional Pre-processing pipeline

This pipeline was one of the widely used techniques for de-noising EEG data [68],
[128]. Here, power line interference was eliminated by utilizing a notch filter after
the raw data had been filtered using a band pass filter (BPF) inside the EEG range.
Then came Independent Component Analysis (ICA), and lastly the export of the pre-

processed data. The traditional pre-processing pipeline was displayed in Fig. 5.3.

Band Pass
Import Raw e Notch
mp Filteringin | o
EEG Data EEG range Fllteing
Pre-processed - ICA
Data Export Decomposition

Fig. 5.3. Traditional pre-processing pipeline

EEG Data of Stressed State for Conventional Pipeline
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Fig. 5.4. EEG data of stressed state after traditional pre-processing

The raw EEG data was displayed in Fig. 5.2. prior to pre-processing. For
enhanced visualization, two data channels (F3, F4) were shown. ICA was done
following the completion of many stages in the conventional pre-processing
pipeline. Infomax ICA was ran, and 16 components were discovered. By

choosing a threshold value (0.9) for the eye and muscle data, it was possible to
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identify any component that had eye blink or muscle data more than 90%.
Following ICA, motion artifacts were eliminated from the eye blink and muscle
data, and clean data was retained. The clean data after traditional pre-processing
was shown in Fig.5.4. This is seen in Fig. 5.3. for the conventional pre-processing
pathway. The conventional approach can only filter out single data points that
include excessive noise; it cannot function on a channel. It cannot concentrate on

a particular section of the channel because it operates over the whole thing.

A novel pre-processing pipeline was suggested in 2023, per [129] and [130]. Since
the prior approach was unable to eliminate noise completely from EEG data, this
one was employed. With this innovative technique, they eliminated channel
correlation and cleaned the raw data using Artifact Subspace Reconstruction
(ASR) rejection before using ICA to break down the components. Lastly, before
exporting the clean data, any eliminated channels were interpolated. But in this
way, the original channel information was lost. For this reason, in this work, a
unique pre-processing pipeline is proposed that will guarantee an improvement

in data quality without sacrificing any meaningful channel information.
5.2.3 Optimal Pre-processing pipeline

In this research work, a new pre-processing pipeline was used which was
proposed in two of the previous works [8], [131] to ensure the improvement in
data quality without losing any significant channel information and compared
the results with the traditional one. As automated pre-processing pipeline loss a
significant amount of information although the process is bit quicker. For this
reason, manual method instead of the automated one was used. The proposed

pre-processing pipeline is shown in Fig. 5.5.
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Fig. 5.5. Optimal pre-processing pipeline

According to the proposed method, notch filtering using clean line function was
used after band pass filtering the raw data with 0.5 to 45 Hz cut off frequency.
The EEG data may contain some sinusoidal power line interference after
bandpass filtering. It is a must to make sure that the power line interference is
eliminated as band pass filtering is not precise. Clean line function from EEGLAB
2022 in (MATLAB 2023a) adaptively assesses and removes sinusoidal noise (e.g.,
power line interference) from the ICA components or scalp channels using multi-
tapering and a Thompson F-statistic [132]. Following that, a common average
reference to re-reference the data was used. In addition, any noisy bad channels
were identified and interpolated that were not essential to the application of
interest. For EEG-based stress detection, any noisy poor channel —aside from the
frontal ones—can be interpolated. Then, by examining the data, Artifact
Subspace Reconstruction (ASR) rejection and/or manual rejection was done. ASR
is a component-based method that requires little computation and may be used
automatically [133]. Using the remaining components, the signal is rebuilt in this
manner, eliminating the components with high variances. Using a reference data
set devoid of artifacts, the ASR approach establishes criteria for choosing which
components to reject. When the ASR rejection identified a sizable portion of the

data that needed to be removed, manual rejection was done by simply removing
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the considerably noisy component of the data. Following that, I muscular and
ocular artifacts were eliminated using ICA. Then, the whole data was divided
into 4-second epochs with 10% overlapping. Total 2180 epochs were achieved for
visual stimuli and 1985 epochs for auditory stimuli. Clean data produced by the

recommended pre-processing pipeline was displayed in Fig. 5.6.
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Fig. 5.6. EEG data of stressed state after proposed pre-processing

It was evident from a comparison of these two figures, Fig. 5.4, and Fig. 5.6, that
the data obtained from the suggested pre-processing pipeline were more noise-
free and clean than those obtained from the conventional pre-processing

pipeline.

5.3 FEATURE EXTRACTION

Finding important and relevant information from EEG signals is the aim of
tfeature extraction, which aims to provide insightful information for additional
study. The previously processed EEG data was segmented into 10% overlapping
4-second epochs. From each channel of the data, four EEG frequency bands for
each epoch were isolated: theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and

gamma (above 30 Hz), as seen in Fig. 5.7.
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Fig. 5.7. Power spectral plot of alpha, beta, gamma, and theta after applying a bandpass

filter for one epoch

Several important EEG features are identified in previous literatures. For
example, ten characteristics were employed by D. Shon et al. [132] including
frontal alpha asymmetry, mean, standard deviation, and hjorth parameters for
mental stress detection. 40 characteristics, such as mean, kurtosis, and hjorth
parameters, were employed by M. J. Hasan [60] for various mental stress state
detection. In the research, it was taken into account every attribute from each
band and retrieved 11 statistical features [60], [121], [122], [131] because these
features are very significant for mental stress detection. Again, as traditional
machine learning models were employed here, easily understandable features
were selected by using trial and error method. The equations of all the features

used in this research work is represented in Table 5.1.
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Table 5.1. Mathematical formulation of time domain and frequency domain

features used in this work

Feature Equation
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In Table 5.1, X is the EEG signal, N is total number of samples, P(f) and p(f) are
the power spectral density (PSD) and normalized power spectral density of EEG
signal using Welch’s method, a(F3), a(F4),F(F3) and f(F4) are average
powers of Alpha and Beta bands of F3 and F4 channels respectively and B™(r) is
calculated from the time series of EEG signal.

Some explanation regarding these features are given below:

Standard Deviation: The standard deviation measures how widely distributed
the data are in relation to the mean. When it comes to standard deviation, data
with little or low standard deviations are centred around the mean, whereas high
or great standard deviations are widely distributed.

Variance: It means the statistical measurement of spreading of data with respect
to the average value in a specific dataset.

Kurtosis: This statistical feature is used to measure how tailed a distribution is.
The frequency of outliers is known as tailness. Excess kurtosis is the tailiness of
the distribution relative to a normal distribution.

Skewness: The skewness of a distribution indicates how asymmetrical it is. A
distribution is considered asymmetric when its left and right sides are not mirror
reflections

One method for expressing a signal's statistical properties in the time domain is
the Hjorth parameter, which contains three different types of parameters-
Activity, Mobility, and Complexity. They provide details on the signal's
amplitude variability, temporal dynamics variability, and spectral bandwidth
variability [134].

Activity: The variance of the time function, or the activity parameter, may be used
to determine the frequency domain power spectrum surface. In other words, if
there are many or few high frequency components in the signal, the value of
activity yields a big or small number [62], [134], [135].

Complexity: The complexity parameter shows how a signal's form resembles that

of a pure sine wave [62], [134]. As the signal's structure becomes closer to that of
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a pure sine wave, the complexity value converges to 1. These three factors aid in
time domain signal analysis in addition to providing information about a signal's
frequency spectrum. Additionally, by using them, a lower computational
complexity can be attained [134], [135].

Mobility: The square root of the ratio between the signal's first derivative's
variance and its own is the mobility parameter. This parameter has a power
spectrum standard deviation percentage [62], [134].

Sample Entropy: Sample entropy is the idea that a value from a series in an
ordered system would be a suitable way to define it. It may be thought of as a
measure of degree of randomness or regularity [136]. If there are more complex
or non-ordered sequences in a series, the entropy will be higher, and vice versa.
It lessened the bias brought on by self-matching [136].

Spectral Entropy: The spectrum complexity of a time series is measured by
spectral entropy, which is derived from Shannon entropy. based on the
inconsistent data buried in the EEG spectrum in the resting state [122].
Differential Entropy: Differential entropy, which is the entropy of a continuous
random variable, is used to quantify the complexity of a continuous random variable.
Minimum description length is also connected to differential entropy [121].

To determine each band's frequency domain component, a Welch periodogram
was used. Three characteristics were retrieved from the frequency domain:
average power, frontal alpha asymmetry, and valence [137].

Valence: Asymmetrical frontal hemisphere activity was linked to mental stress as
valence [137]. Positive and negative valence levels are associated with activation of the
left and right prefrontal areas, respectively. The idea that frontal EEG asymmetry might
serve as an index of valence is supported by a substantial body of research [137].
Frontal Alpha Asymmetry: The frontal lobes of the right hemisphere in the
cerebral hemisphere are asymmetrical in the left hemisphere as opposed to the
right. In EEG electrodes, Fp1 and Fp2 are utilized to detect frontal lobe differences.

The pre-frontal cortex of the brain is referred to as Fp [132], [137]. Each electrode
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yields the alpha wave band's power, which is then taken and subtracted from the
absolute value and the log.
Average Power: The average band power, which is calculated as a single value

that represents the frequency band's contribution to the signal's total power [138].

54 CLASSIFICATION AND DETECTION

Here, deep learning models are not employed as dataset was small and if deep
learning was used, those models might be overfitted. After extracted all the
features, several machine learning models are employed for mental stress
detection and audio-visual stimuli classification. Out of all the models, four models
performed better than the others. Those four models were- Support Vector
Machine (SVM), k-Nearest Neighbor (KNN), Decision Tree (DT) and Linear
Discriminant. A short description of these four models and their effectiveness for

mental stress detection and audio-visual stimuli classification are given below:

SVM: This model performed better for mental stress detection and audio-visual
stimuli classification because of the high dimensional data available in EEG data,
having the capability of handling non-linearity, high noise tolerance and well
performance for small datasets. A regularization parameter (C) in SVM regulates
the trade-off between minimizing classification errors and maximizing margin.
This lessens the likelihood of overfitting, which is crucial for classifying mental
stress and audio-visual stimuli because the data may be noisy and have a small
sample size. By converting the input space into a higher-dimensional feature space

using kernel functions, SVMs can handle non-linear data with efficiency [64].

KNN: One well-known and straightforward classifier that researchers frequently
employ is the KNN classifier. It is an effective method for classifying patterns in
nonparametric analysis. The training data (baseline data) and testing data have
been compared in this classifier. The data will be assigned depending on which

data appears about k more frequently after this classifier determines the value of
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k in the training data's neighbourhood. It performed better for classifying mental
stress and audio-visual stimuli classification because of its sensitivity to subtle
changes in the data, flexibility to various feature spaces, efficacy in low noise, and
capacity to spontaneously adjust to the properties of the data without the need
for intricate modelling [80].

Decision Tree: A supervised learning method that works well for regression and
classification applications is the decision tree. It is a classifier with a tree-structure
made up of internal, leaf, branch, and root nodes. Based on the characteristics of
the provided dataset, the choice or test is carried out. The primary benefit is
straightforward and helpful in resolving issues with decisions. Because of its
intrinsic feature selection process, versatility with various data kinds and
interactions, and capacity to handle non-linear correlations, decision trees
perform well for classifying mental stress and audio-visual stimuli classification
from EEG data. They are a sensible option for evaluating complicated EEG data
linked to mental stress and audio-visual stimuli classification because of their
interpretability, scalability, and resilience to noise and missing data [76].

Linear Discriminant Analysis: It is primarily employed in dimensionality
reduction methods to convert 2D planes into 1D planes. Next, it contains two
criteria: minimizing variation inside the class and maximizing the distance
between the means of two classes. When classes have an equal number of
samples, LDA performs effectively. LDA can efficiently identify between these
groups in EEG-based mental stress classification and audio-visual stimuli
classification. Because LDA can handle Gaussian-like distributions, minimize
class separability, reduce dimensionality, and prevent overfitting, it works well
for classifying mental stress from EEG data and audio-visual stimuli
classification. It is a good option for categorizing mental stress based on EEG
variables because of its interpretability, computational efficiency, and efficacy
with both small and big datasets, especially when the data is consistent with the

underlying assumptions of LDA [76] .
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6 Performance Evaluation

The overall results of this research were discussed in this section. Results using the
traditional pre-processing pipeline were discussed in subsection 6.1. Results using the
proposed pre-processing pipeline were shown in subsection 6.2. Comparative study

between these two pipelines were depicted in subsection 6.3.

6.1 RESULTS USING TRADITIONAL PRE-PROCESSING PIPELINE

In this subsection, results were shown for the traditional pre-processing
pipelines. Binary and multi-level (three and four level) stress were classified
successfully using traditional pre-processing pipeline following the similar way
like proposed pre-processing pipeline. In this study, binary stress classification
was performed on EEG data recorded during a relaxed state and on EEG data
collected while hard math problems were solved. Three levels of stress were
classified based on EEG data during the solving of math problems categorized as
easy, medium, and hard. Additionally, four stress levels were identified, which
included the relaxed state and the stress levels associated with solving easy,
medium, and hard math problems. Finally, binary classification between audio

and visual data using traditional pre-processing was also done.

The accuracy, precision, recall, and F1 scores for each machine learning model
were shown for binary stress classification in Tables 6.1. and 6.4. In Tables 6.2.
Table 6.3. Table 6.5 and Table 6.6, accuracy, macro F1 scores and weighted F1
scores for multi-level including both three level and four level stress classification

for visual and auditory stimuli were shown.

In Table 6.7, results were shown in a tabular format for audio and visual EEG data binary
classification. The study found that the best classification accuracy for visual stimuli was
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85.26% for binary stress classification, 76.77% accuracy for three level stress classification

and 67.46% accuracy for four level stress classification, while the best accuracy for

auditory stimuli was 85.26% accuracy for binary stress classification, 77.46% accuracy for

three level stress classification and 66.61% accuracy for four level stress classification.

Table 6.1. Binary stress classification from visual stimuli

Model Name Accuracy (%) | Precision (%) | Recall (%) | F1 Score (%)
Decision Tree 84 61 69 65
Linear Discriminant 75 59 59 51
KNN 83 57 89 69
SVM 85 72 63 60

Table 6.2. Three level stress classification from visual stimuli

Model Name Accuracy (%) | Macro F1 Score (%) | Weighted F1 Score (%)
Decision Tree 73.01 69 74
Linear
71.26 68 72
Discriminant
KNN 75.53 73 76
SVM 77.67 73 79

Table 6.3. Four level stress classification from visual stimuli

Model Name Accuracy (%) | Macro F1 Score (%) | Weighted F1 Score (%)
Decision Tree 50.17 46.45 53.03
Linear Discriminant 58.64 50.23 60.28
KNN 67.46 59.83 69.92
SVM 66.61 56.72 67.81
Table 6.4. Binary stress classification from auditory stimuli
Model Name Accuracy (%) | Precision (%) Recall (%) F1 Score (%)
Decision Tree 85 81 79 80
Linear Discriminant 78 34 50 41
KNN 90 59 68 63
SVM 90 67 50 57
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Table 6.5. Three level stress classification from auditory stimuli

Model Name Accuracy (%) | Macro F1 Score (%) | Weighted F1 Score (%)
Decision Tree 57.31 57.12 57.31
Linear Discriminant 68.59 67.98 68.68
KNN 69.78 69.41 69.91
SVM 77.46 76.91 77.48

Table 6.6. Four level stress classification from auditory stimuli

Model Name Accuracy (%) | Macro F1 Score (%) | Weighted F1 Score (%)
Decision Tree 55.51 57.62 56.20
Linear Discriminant 61.35 58.51 61.46
KNN 67.19 63.35 67.31
SVM 71.69 66.55 71.64

Table 6.7. Binary classification between visual and auditory stimuli

Model Name Accuracy (%) | Precision (%) Recall (%) F1 Score (%)
Decision Tree 90.88 97 92 94
Linear Discriminant 93.67 95 93 94
KNN 95.71 98 94 96
SVM 97.21 98 97 97

By analysing all the results in tabular format, it is known that out of four machine
learning models, SVM performed better in all cases of machine learning classification.
As the dataset was linear in nature that is why SVM worked better.

In Fig. 6.1 (a), the best result found for binary stress classification was shown where the
best accuracy was found 85.26% for SVM. Three level stress classification result was shown
in Fig. 6.1. (b) where three different level stress was classified. Best accuracy 77.67% was
found for SVM classifier. Again, for four level stress detection from visual stimuli, the best
accuracy was found for SVM and that was 66.61% which is shown in Fig. 6.1. (c).

In the second steps of the work, binary and multi-level stress was classified from auditory
stimuli. Here, mathematical word problem was heard by the participants instead of

viewing the problem in image format. The audio was played for only once and then they
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need to solve that maths mentally which induces stress. In Fig. 6.2. (a), the best result
found for binary stress classification was shown where the best accuracy was found
94.84% for SVM. Three level stress classification result was shown in Fig. 6.2. (b) where
three different level stress was classified. The best accuracy found was 77.46% for SVM
classifier. Finally, for four level stress detection from auditory stimuli, the best accuracy
was found for SVM and that was 71.69% which is shown in Fig. 6.2. (c).

Low 9.9% 2.33% | 4.46%
@©  Relaxed | 11.27% | 10.40% @
(o] (o]
@) O  Medium | 3.49% | 21.94% | 5.05%
Q o]
£ Stressed | 4.34% | 73.99% | F
High 4.07% | 2.91% | 45.83%
Relaxed Stressed
Predicted Class Low Medium High
Predicted Class
(a) (b)

Relaxed | 4.23% 6.44% 1.19% 0.85%

Low 6.78% 5.93% 1.19% 0.85%

True Class

Medium | 1.69% 1.19% 19.66% | 4.07%

High 3.39% 2.71% 3.05% | 36.78%

Relaxed Low Medium High
Predicted Class

(©)

Fig. 6.1. Confusion matrix for stress classification from visual stimuli
(a) binary (b) three level (c) four level
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Medium | 0.67% 1.57% | 24.72% | 3.59%

High 1.35% 6.29% 4.04% | 30.11%

Relaxed Low Medium High
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(©)

Fig. 6.2. Confusion matrix for stress classification from auditory stimuli
(a) binary (b) three level (c) four level

In the last stage of the research work, binary classification of EEG data between
audio and visual stimuli was done. In Fig. 6.3, Confusion matrix for binary
classification between visual and auditory stimuli was shown where best

accuracy was found 97.21% for SVM.
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Visual 53.54% 1.72%

True Class

Auditory 1.07% 43.67%

Visual Auditory

Predicted Class

Fig. 6.3. Confusion matrix for binary classification between visual and auditory stimuli
6.2 RESULTS USING PROPOSED PRE-PROCESSING PIPELINE

Insightful findings and all the results are described in this section. Total seven
datasets were made by combining all the features extracted from the data. In first
dataset only relaxed and stressed data features were combined for visual stimuli.
In second dataset, three level stressed data features were combined for the visual
stimuli. In third dataset, eye closed relaxed data and three level stressed data
features were assembled for four class stress classification for visual stimuli. On
the other hand, eye-closed and stressed data features for auditory stimuli were
combined in the fourth dataset and three level stressed data features for auditory
stimuli were combined in the fifth dataset. Again, eye closed relaxed data and
three level stressed data features were assembled for four class stress
classification for auditory stimuli in sixth dataset. Last but not the least, the
seventh dataset was based on both the combination of audio and visual stimuli
data features. Similarly, seven more datasets were made for the traditional pre-
processing pipelines following the same way. In each case, 80% data was taken
for training and 20% data was taken for testing purpose. Several machine
learning models were employed, and four models outperformed out of all the
models. Those four models were- Support Vector Machine (SVM), k-Nearest
Neighbor (kNN), Decision Tree (DT) and Linear Discriminant. The dataset was
imbalanced initially as eye closed relaxed data was taken for five seconds

whereas hard math problem solving involved higher time duration. Again, in
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multi-level stress detection dataset, three difficulty level math need different time
duration for solving. The time limit for math solving was not fixed because othe
target was to classify different levels of stress. If time limit was set for each level
math solving, it will create e mental pressure for each case. In that scenario,
different difficulties problems may exert same amount of stress. But the target
was to classify multi-level stress. Along with that, all the datasets balanced before
training ML models. SMOTE was used in this purpose to balance the dataset.

Table 6.8. Binary stress classification from visual stimuli

Model Name Accuracy (%) | Precision (%) | Recall (%) F1 Score (%)
Decision Tree 91.43 66 66 66
Linear Discriminant 93.93 73 83 77
KNN 97.12 94 83 88
SVM 97.14 94 86 90

Table 6.9. Three level stress classification from visual stimuli

Model Name Accuracy (%) Macro F1 Score | Weighted F1 Score
(%) (%)
Decision Tree 74.00 70 74
Linear Discriminant 73.15 71 74
KNN 84.35 83 85
SVM 89.01 87 89

Table 6.10. Four level stress classification from visual stimuli

Model Name Accuracy (%) Macro F1 Score Weighted F1 Score
(%) (%)
Decision Tree 74.46 71.11 74.46
Linear Discriminant 73.48 73.10 73.48
KNN 85.27 85.14 85.27
SVM 89.59 88.52 89.59
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Table 6.11. Binary stress classification from auditory stimuli

Model Name Accuracy (%) | Precision (%) Recall (%) F1 Score (%)
Decision Tree 90.11 57 57 57
Linear Discriminant 80.77 49 52 49
KNN 93.96 73 67 74
SVM 94.51 82 76 79

Table 6.12. Three level stress classification from auditory stimuli

Model Name Accuracy (%) Macro F1 Score | Weighted F1 Score
(%) (%)
Decision Tree 68.00 66.00 68.00
Linear Discriminant 73.00 72.00 73.00
KNN 86.00 86.00 86.00
SVM 88.00 87.00 88.00

Table 6.13. Four level stress classification from auditory stimuli

Model Name Accuracy (%) Macro F1 Score | Weighted F1 Score
(%) (%)
Decision Tree 63.68 61.94 63.68
Linear Discriminant 69.74 64.43 69.74
KNN 79.47 73.90 79.28
SVM 82.63 78.64 82.44

The accuracy, precision, recall, and F1 scores for each machine learning model
were shown for binary stress classification in Tables 6.8. and 6.11. In Tables 6.9.
Table 6.10. Table 6.12. and Table 6.13, accuracy, macro F1 scores and weighted F1
scores for multi-level including both three level and four level stress classification
were shown.

In Table 6.14, results were shown in a tabular format for audio and visual EEG
data binary classification. The study found that the best classification accuracy
for visual stimuli was 97.14% for binary stress classification, 89.01% accuracy for

three level stress classification and 89.59% accuracy for four level stress
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classification, while the best accuracy for auditory stimuli was 94.51% accuracy
for binary stress classification, 87.7% accuracy for three level stress classification
and 82.63% accuracy for four level stress classification. This indicates that
compared to auditory and visual evoked potentials, visual evoked potentials
were more accurate for both binary and multi-level stress classification.

Table 6.14. Binary classification between visual and auditory stimuli

Model Name Accuracy (%) | Precision (%) | Recall (%) F1 Score (%)
Decision Tree 95.43 66 66 66
Linear Discriminant 93.93 73 83 77
KNN 97.12 94 83 88
SVM 97.14 94 86 90

By analysing all the results in tabular format, it is known that out of four machine
learning models, SVM performed better in all cases of machine learning
classification. As the dataset was linear in nature that is why SVM worked better.
In Fig. 6.4 (a), the best result found for binary stress classification was shown
where the best accuracy was found 97.14% for SVM. Three level stress
classification result was shown in Fig. 6.4. (b) where three different level stress
was classified. The best accuracy was found 89.01% for SVM classifier. Again, for
four level stress detection from visual stimuli, the best accuracy was found for
SVM and that was 89.59% which is shown in Fig. 6.4. (c).

In the second steps of the work, binary and multi-level stress was classified from auditory
stimuli. Here, mathematical word problem was heard by the participants instead of
viewing the problem in image format. The audio was played for only once and then they
need to solve that maths mentally which induces stress. In Fig. 6.5. (a), the best result
found for binary stress classification was shown where the best accuracy was found
94.51% for SVM. Three level stress classification result was shown in Fig. 6.5. (b) where
three different level stress was classified. The best accuracy was found 87.70% for SVM
classifier. Finally, for four level stress detection from auditory stimuli, the best accuracy
was found for SVM and that was 82.63% which is shown in Fig. 6.5. (c).
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Fig. 6.4. Confusion matrix for stress classification from visual stimuli
(a) binary (b) three level (c) four level
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Fig. 6.5. Confusion matrix for stress classification from auditory stimuli
(a) binary (b) three level (c) four level

In Fig. 6.4. (a), (b) and 6.5. (b), (c), it is noticed that higher false values in multi-level
stress classification comparing with the binary stress classification results because in
binary classification, the highest stressed data and relaxed data was classified where
the boundary line was more clear. On the other hand, in case of multi-level stress
classification, three difficulty level math- easy, medium and hard problems were

given to the participants where in few cases, some participants found the medium
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problem as hard and some hard problem seems medium level difficulty to them. As,
difficulty level varies from participants to participants in very few cases, that is why
some false values was received during multi-level stress classification.

In the last stage of the research work, binary classification of EEG data between
audio and visual stimuli was done. In Fig. 6.6, Confusion matrix for binary
classification between visual and auditory stimuli was shown where best

accuracy was found 98.32% for SVM.

Visual 56.25% 0.6%

True Class

Auditory 1.08% 42.07%

Visual  Auditory

Predicted Class

Fig. 6.6. Confusion matrix for binary classification between visual and auditory stimuli

6.3 COMPARISON BETWEEN TRADITIONAL AND PROPOSED PRE-
PROCESSING PIPELINE

In this subsection, a comparison was shown between the two pre-processing pipelines.
From the Table 6.15. 6.16. 6.17. 6.18. 6.19. 6.20. and 6.21, it can be said that the proposed
pre-processing pipeline performed well than the traditional method. The proposed
method cleaned data more efficiently and retained more information simultaneously.

Table 6.15. Comparison summary between the two pre-processing pipelines for binary

stress classification from visual stimuli

Model Name Traditional Pipeline Proposed Pipeline
Decision Tree 83.82 91.43
Linear Discriminant 75.43 93.93
KNN 82.95 97.12
SVM 85.26 97.14
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Table 6.16. Comparison summary between the two pre-processing pipelines for three

level stress classification from visual stimuli

Model Name Traditional Pipeline Proposed Pipeline
Decision Tree 73.01 74.00
Linear Discriminant 71.26 73.15
KNN 75.53 84.35
SVM 77.67 89.01

Table 6.17. Comparison summary between the two pre-processing pipelines for four

level stress classification from visual stimuli

Model Name Traditional Pipeline Proposed Pipeline
Decision Tree 50.17 74.46
Linear Discriminant 58.64 73.48
KNN 67.46 85.27
SVM 66.61 89.59

Table 6.18. Comparison summary between the two pre-processing pipelines for binary

stress classification from auditory stimuli

Model Name Traditional Pipeline Proposed Pipeline
Decision Tree 85.00 90.11
Linear Discriminant 78.00 80.77
KNN 90.00 93.96
SVM 90.00 94.51

Table 6.19. Comparison summary between the two pre-processing pipelines for three

level stress classification from auditory stimuli

Model Name Traditional Pipeline Proposed Pipeline
Decision Tree 57.31 68.00
Linear Discriminant 68.59 73.00
KNN 69.78 86.00
SVM 77.46 88.00
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Table 6.20. Comparison summary between the two pre-processing pipelines for four

level stress classification from auditory stimuli

Model Name Traditional Pipeline Proposed Pipeline
Decision Tree 55.51 63.68
Linear Discriminant 61.35 69.74
KNN 67.19 79.47
SVM 71.69 82.63

Table 6.21. Comparison summary between the two pre-processing pipelines for audio

visual stimuli binary classification

Model Name Traditional Pipeline Proposed Pipeline
Decision Tree 93.88 95.71
Linear Discriminant 93.67 95.07
KNN 95.71 97.48
SVM 97.21 98.32

In addition to cleaning the data more effectively, the pipeline kept the relevant
information in the data. As a result, it is advised for future studies to thoroughly
review and pre-process the EEG data. Despite the potential time commitment,
this method is worthwhile.

Table 6.22 summarizes different types of stimuli used in previous works. Most of the
authors used mental arithmetic task as visual stimuli but none of them used mental
arithmetic task as auditory stimuli for inducing stress. Besides that, none of the works
classified four level stress and it is still unchecked. In all the works, the researchers
employed traditional machine learning models and found satisfactory results. For
visual stimuli, the highest accuracy for binary stress detection was 96% whereas in the
research work 97.14% accuracy was found. Again, for three level stress detection,
greatest accuracy was found 94.79% for visual stimuli whereas highest 89.01% accuracy
was achieved. From audio stimuli, 87.7% highest accuracy was got for three level stress
classification. Four level stress was also classified successfully and found highest

accuracy 89.56% for visual stimuli and 82.63% for auditory stimuli.
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Table 6.22. Comparison study for two and three level stress classification

Reference| Stimuli/Stressor | No.of | No.of | No.of |Classificationl Method [Accuracy|
Used Channels| Subjects| Features Type
Altaf | Mental arithmetic 1 30 12 Two-level |[Naive Bayes| 95%
etal. [15] exercises stress
Perez- | Mental arithmetic 8 20 2 Three level | SVMwith | 81%
Valero task stress  |smooth filter
etal. [1] Two-level |Multi-layer| 94%
stress protection
without
filter
Islam |Mental arithmetic| 21 11 4 Two-level | Ensemble | 77.3%
et al. [24] task stress Subspace
KNN
Akella |Mental arithmetic| 32 80 3 Three level SVM 91%
et al. [8] task stress
Jun Mental arithmetic 14 10 - Three level 75%
et al. [14] task stress SVM
Two-level 96%
stress
Shargie | Mental arithmetic 7 18 18 | Three level | SVM with |94.79%
et al. [5] task stress ECOC
Hafeez |Montreal Imaging| 8 14 1 Three level| LSTM |70.67%
et al. [39] Stress stress
Task-based mental
arithmetic task
Chowdhury| Mental arithmetic 1 5 1 Two-level | Random | 86.9%
et al. [40] task stress Forest
Ahn | Mental arithmetic 2 14 4 Two-level SVM 77.9%
etal. [41] task stress
Rajendra | Mental arithmetic 8 25 12 Two-level SVM 95.83%
n task stress
et al. [42]
Saidatul | Mental arithmetic| 19 30 2 Three level KNN 84%
et al. [43] task stress
Mathematical Two level 97.14%
Word stress
Problem as visual Three level 89.01%
stimuli stress
Four level 89.59%
Proposed 16 30 14 stress SVM
Work Mathematical Two level 95.51%
Word stress
Problem as audio Three level 87.17%
stimuli stress
Four level 82.63%
stress
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7 Conclusions

This chapter presents the general methods and results of the investigation. It provides an
overview of the approach and outcomes section discussion. This chapter also includes the
study’s relevance, important findings, and limitations. Researchers that are interested in
this subject will find some ideas to work with under the paragraph on future research.

71 GENERAL SUMMARY

The goal of the developing field of brain-computer interface research on human
mental stress detection is to identify stress levels early on since they can lead to
more serious physical and psychological disorders. It offers psychologists and
doctors insightful information that they may use to alter the way they advise and
treat patients. Still, there is a lot to learn about the current state of EEG-based

mental stress detection and its classification accuracy.

Since noisy EEG data is unlikely to produce improved findings, the effectiveness
of an EEG-based preference prediction system mostly rests on the appropriate
selection of an appropriate EEG pre-processing pipeline. Most of the research
used a conventional EEG pre-processing pipeline, however more recently, the
literature has introduced an advanced automated EEG pre-processing pipeline.
A new EEG pre-processing pipeline was suggested in this study and have
contrasted it with the traditional approach. Using the two pre-processing
pipelines, the raw EEG data was pre-processed. After that, several machine-
learning classification models were used and retrieved several statistical and
frequency domain variables. The suggested pipeline for pre-processing EEG data
was put into practice, and a noticeable increase in classification accuracy was

observed.
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By examining EEG data, earlier research has employed several machine learning
models to forecast various stress levels. The majority of the works focused on
classifying stress into two and three levels. There are not many studies that
concentrate on the four-level stress categorization, and the accuracy was not good
either. Once more, the majority of literary works categorized stress levels based
on visual inputs. Only a small number of researchers employed auditory stimuli,
and none of them used mathematical arithmetic problems as auditory stimuli. In
this research, two, three and four levels of stress were classified from both visual
and auditory stimuli. Again, a pre-processing pipeline was proposed for noise
removal purpose and a significant improvement in accuracy was found

comparing with the traditional way of pre-processing.

Finally, the binary classification of audio and visual stimuli was done with good
accuracy. In conventional eye and hearing tests, the subject's respond to and
input regarding how much they can see or hear any English alphabet is what
determines the outcome of the test. But occasionally, elderly, and young people
provide inaccurate input, which can lead to incorrect test results as well. So, in
this study, audio and visual stimuli was classified successfully with higher
accuracy and children and older adults' hearing and sighting conditions can be
tested using this audio-visual stimulus categorization system. The test results can
also be compared to those of standard hearing and sight testing to provide a

clearer understanding of the findings.

7.2 KEY FINDINGS

The following summarizes the study's main conclusions:

e Auditory and visual stimuli was designed successfully. Real time EEG
data was collected from the subjects and created a private dataset. An
important finding of this research was that the medial-frontal brain

region is particularly relevant to mental stress classification.
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e An optimal EEG pre-processing pipeline was presented and compared
it with the conventional techniques. For each classifier, the suggested
pre-processing pipeline outperformed the traditional approach. With
SVM, the best accuracy was achieved. The highest accuracy was
97.14%, 89.01%, 89.59% for two, three and four level stress detection
using visual stimulation. By contrast, the conventional pipeline
produced results of 85%, 77.67% and 66.6%.

e In this research, two, three and four level stress were classified from
both visual and auditory stimuli. The highest accuracy for two, three
and four level stress classification were 97.14%, 89.01% and 89.59%
respectively from visual stimuli. On the other hand, 95.51%, 87.17%,
82.63% accuracy was found for two, three and four level stress
classification from auditory stimuli.

e The audio and visual stimuli was successfully classified with 98.32%
accuracy using the proposed pre-processing pipeline and 97.21%
accuracy using the traditional pre-processing pipeline. These findings can
create a great impact for eyesight and hearing test for children and

aged people.
7.3 SIGNIFICANCE OF THE WORK

Traditional methods often classify stress as either "present” or "absent," or into
only two levels (low/high). A four-level classification (e.g., no stress, mild stress,
moderate stress, and high stress) offers a more nuanced view of a person's mental
state. This enables early intervention, especially before stress becomes severe.
Mental stress is a precursor to anxiety, burnout, and depression. Continuous
monitoring using EEG with fine stress levels allows better tracking of changes in
emotional and cognitive health. Especially valuable in high-risk environments
for example: healthcare, military, aviation etc. Multi-class classification (four

levels) improves the richness of training data, allowing more robust and accurate
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Al models. Offers realistic feedback for biofeedback systems or adaptive
environments (like adjusting workload or lighting based on stress levels).
Personalized stress management systems (apps, wearables) can respond more
precisely to the user's current stress level. Supports tailored therapies, such as
cognitive behavioral therapy (CBT) or mindfulness programs, based on stress

level detected.

Researchers studying brain activity and human behavior can correlate specific
brainwave patterns with different stress intensities. Helps in understanding how

stress affects memory, focus, and decision-making under various conditions.

In workplaces and schools, detecting and responding to moderate vs. high stress
can help reduce errors and improve performance. Can be integrated into training
simulations or learning platforms to optimize timing and difficulty based on user

stress.
74 RECOMMENDATIONS FOR FURTHER STUDY

The categorization of mental stress based on electroencephalogram (EEG) is a
fast-developing topic with great potential for theoretical and practical
developments. One may help create stress detection systems that are more
precise, dependable, and easy to use. These systems may have a significant
impact on people's mental health and general well-being.

For automated feature extraction and categorization, one can investigate the use
of deep learning models, such as recurrent neural networks (RNNs) and
convolutional neural networks (CNNs). Again, more advanced time-frequency
analysis methods, including empirical mode decomposition (EMD) and wavelet
transform, might be investigated to identify transitory and non-stationary stress-
related characteristics in EEG data.

The robustness and accuracy of stress classification can be increased by

combining EEG data with additional physiological markers, such as pupil
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dilation, galvanic skin response (GSR), and heart rate variability (HRV). For
ongoing mental stress monitoring, real-time EEG processing and classification
systems can be investigated. These systems might be used during crucial

activities or in high-stress situations like the workplace.

There is a great opportunity to include cooperation with neuroscientists,
psychologists, and physicians in order to get a deeper comprehension of the
neurological foundations of stress and to validate the EEG characteristics and
models utilized for stress categorization. There is a chance to investigate the
integration of EEG-based stress detection into therapeutic treatments targeted at

stress reduction in collaboration with neurofeedback specialists.
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APPENDICES

APPENDIX A: DATA COLLECTION

One example of consent form used during data collection period:

I I B

i Audio-Visual Stimuli Subject Information

"

Md. Q‘{quu'q Gularn Mahi

Subject Name:

Student ID (If Applicable): 204400 S
Age: 23
Phone Number: 01780~ 9907
Vision Problem: Yes / 0
Brain Disease: Yes / N\o/

: v/
I;ieanng Problem: Yes / No

\’4 No.

Guidelines and instructions regarding data collection (Office use only):

!Signature of the subject

Date: 04, 0% 03

.Subject Number (Office use only): 45
-,-Signatu(rfnf the office personnel

-Date: ‘Laﬂﬂ-) 2.5_ 05. {3

Fig. A1 Consent paper collected from the subjects before data collection
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Stimuli used during data collection period:
Mathematical word problems having three difficulty levels were selected to

induce different level of stress.

Do the math and write down the answer on paper

Over a 3 days period, Susan ate 39 chocolates. Each day she ate
3 more than on the previous day. How many chocolates were
eaten on the last day?

Fig. A2 Medium Mathematical word problem

Do the math and write down the answer on paper

Nur’s present age is 20 years which is 6 years greater than his
brother’s age. After 5 years what would be both of their age?

Fig. A3 Easy Mathematical word problem

Do the math and write down the answer on paper

Siyan is 8 years older than Rifat. In four years Siyan will be
twice as old as Rifat. How old is Siyan now?

Fig. A4 Hard Mathematical word problem
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APPENDIX B: EMOTIV EPOC FLEX

EMOTIV is a neurotechnology company that builds hardware and software for
EEG (Electroencephalogram) acquisition, brain-computer interfaces (BCI), and
cognitive studies.
They create systems that make EEG more portable, affordable, and user-
friendly compared to traditional, lab-based EEG setups.
EMOTIV EEG Systems
They mainly offer:
o EPOC Series (EPOC+, EPOC X) — 14-channel, high-resolution EEG
headsets
o INSIGHT - 5-channel headset (more portable, quick setups)
« MNB8 Earbuds - EEG integrated into earphones
o Flex Cap - a customizable, research-grade cap with 32+ channels
Builder Machine isn’t the name of a headset; it often refers to their software
platform, but people sometimes call their "complete system" a builder machine.
Hardware Components (for EEG acquisition)
» Electrodes
o Saline-based or dry-contact depending on the model.
o Placement mostly follows the 10-20 International System for EEG.
o Amplifiers
o Amplify microvolt-level EEG signals to readable levels.
» ADC (Analog-to-Digital Converter)
o Converts raw EEG analog signals to digital form.
o Sampling rates:
» EPOC+/ X: 128 Hz (default) or 256 Hz (high-performance

mode).
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e Wireless transmission

o Data sent via Bluetooth or dedicated USB dongles to a computer.

Software Ecosystem (Builder Part)
« EMOTIVPRO
o Main EEG acquisition, visualization, and recording software.
o Real-time display of EEG signals.
o Event markers (triggers) can be placed during recordings.
« EMOTIVBCI
o For training machine learning models based on user EEG (brain
control).
e Emotiv App Store
o Hosts additional apps for signal analysis, games, meditation
tracking, and brain-training tools.
e Developer SDK
o Provides APIs (Cortex API) for:
» Real-time EEG data streaming
» Cognitive metric tracking (stress, focus, excitement)
= Brain command recognition (BCI)

Applications
o Neurofeedback training

o Brain-Computer Interface (BCI) development

o Cognitive load and emotional state research

o Meditation studies

o Sleep studies

o Clinical research (non-diagnostic)
Advantages of EMOTIV Systems

o Portable and lightweight

e Quick setup (no messy gels for some models)
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» Good balance of research-grade quality and user-friendliness
o Active support for MATLAB, Python, Unity, C++, and JavaScript via
SDKs.

Limitations
» Not as high-fidelity as medical-grade EEG (e.g., for epilepsy diagnosis)
» Saline electrodes need regular re-wetting for long recordings.

o Limited electrode density (compared to full 64/128-channel lab EEG).

Fig. B1 Emotiv headset during data collection period
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APPENDIX C: TURNITIN REPORT
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braininformatics.springeropen.com

Internet Source
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Internet Source
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Publication
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