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ABSTRACT

Mental health issues among higher education students are drastically increasing. Many researchers have been and
are currently working on the problem of mental stress, such as anxiety and depression, among students by using
different approaches and machine learning algorithms. Only a few studies focus on the impact of mental stress on
psychomotor activity using EEG brainwave signals. The purpose of this paper is to examine the various methods used to
detect mental stress, such as self-reported questionnaires, physiological measurements, and electroencephalography
for monitoring brain activity during stress. The paper emphasizes the limitations of traditional assessment
methodologies, which are subjective and influenced by external factors. It also demonstrated that EEG-based
methods, particularly those utilizing power spectrum features like beta and alpha power, are effective in detecting
stress. It improves the accuracy and reliability of the stress recognition with the incorporation of machine
learning models. In addition, this paper also compared the various machine learning approaches such as SVM,
ANN, and KNN for EEG signal classification, as well as identifying challenges in implementation. The purpose of this
review paper is to provide insights in the most effective stress detection methods and contribute to the development of
a more robust mental health support system for students.
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INTRODUCTION there are mental health awareness held in school, most
students are too shy to seek for help when they faced issues.

Danowitz & Beddoes (2022) has investigated the
mental health of engineering students at eight institutions
across the United States. They discovered that the chances
of an engineering student having mental health problems
were higher than those study in other disciplines. Moreover,
women in engineering disciplines are more likely than men
to have anxiety-related or major depression due to the

Mental stress is a common highlighted issue in the society
recently. Anxiety and depression types of mental health
cases are having a significant increase in reported cases in
higher education). Some studies have shown that
engineering students experience the highest prevalence of
depression and anxiety compared to the general population
of students (Danowitz 2020; Soares Passons 2020). Even
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engineering culture and campus life that tend to be more
burdensome for women.

In Malaysia, numerous studies have been conducted
on mental stress among students (Ching, S. M. et al. 2023;
Eltanahy, M. A. E. et al. 2023; Salam, A. et al. 2013).
However, less than ten research studies are relating to the
issue of mental health problems as well as the possible
solutions have been conducted in Malaysia (Akhtari-
Zavare, M. etal. 2023; M. F. Lee and W. M. H. Wan Adam
2016; Vitasari, P. et al. 2011).

Likewise, in University of Wollongong Malaysia, it
has been reported of five instances of academic deferment
due to mental health from 2021 to 2023. It is a notable
increase compared to the previous years when there were
only one or two cases that happened in a few years.

Assessment of stress with physical examination and
clinical diagnosis is challenging because this method is
objective and it is time-consuming as doctor need to make
sure their diagnosis is accurate (Mazlan, M. R. B et al.
2023). Besides, it is very subjective upon individual’s
understanding, interpretation and influenced by different
challenging factors such as environment, biology or
psychology components (Mir et al. 2023).

Some researchers have identified few measurements
based on stress indicators such as heart rate variability
(HRV), electrodermal activity (EDA), electromyogram
(EMG), pupil diameter, salivary cortisol etc. However,
these markers depend on many factors (Katmah, R. et al.
2021).

Another alternative method to identify stress is by
quantifying the brain signals such as Electroencephalograph
(EEG), Electrocardiography (ECG), Galvanic Skin
Response (GSR), skin temperature etc. EEG based stress
recognition is the most commonly use technique (Jun, G.
& Smitha, K. G. 2016). The EEG power spectrum features
such as beta power and alpha power which correlated with
stress levels were used in stress classification.

This paper reviews the past research in mental stress
assessment and classification using machine learning.
Additionally, this paper summarizes the advantages and
disadvantages of different assessment models and
comparison of various machine learning approaches.

STRESS DETECTION METHODS

Stress detection is a research area that uses various signals
to measure the mental state of a person. Questionnaires,
ECG and GSR, EEG, keyboard and screen time, and
wearable sensor signals are the few techniques for mental
stress detection. Each method has its associated advantages
and limitations.

Questionnaires are usually employed in stress
detection. It relies on the self-reported answer to set
questions, usually eliciting information about the
psychological state of the subject. They can be constructed
based on standardized scales or tests, such as the Holmes-
Rahe scale, the Perceived Stress Scale test, or even the
Stroop colour test. Questionnaires are straightforward and
easy to carry out. However, it is very subjective as the
responses depend on the participants’ self-perception
(Sherly Maria 2022).

According to (Karthikeson P.S & Nithya Jagannathan,
2016) from Saveetha University, questionnaire survey was
conducted among 300 students from various professions,
including Engineering, Medicine, Dentistry, Law, and
MBA, to assess stress levels, family situations, eating
habits, types of stress, and stress-relief measures. The
participants included 60% males and 40% females. It was
found that Bachelor of Medicine (MBBS) and Bachelor of
Dental Surgery (BDS) students experience high level stress
(refer to Figure 1). Anxiety is observed in MBA students
and depression is prevalent in medical and dental students.
Most engineering students able to cope with stress by
spending time on the Internet. Most of the stress was due
to academic and fear about the future (refer to Figure 2).
The study concluded that stress is not permanent and
therefore a stress management protocol should be
developed to create a balanced emotional environment for
the students which will improve their performance and
interest levels.
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FIGURE 1. Level of stress among students of various
professions (Karthikeson P.S & Nithya Jagannathan, 2016)
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FIGURE 2. Factors leading to stress among students
(Karthikeson P.S & Nithya Jagannathan, 2016)



ECG and GSR are physiological techniques that
measure the electrical activity of the heart and skin
conductance, respectively. Physiological readings reflect
changes in heart rate and sweating as a result of the
autonomic nervous system’s response to stress. ECG and
GSR can be extracted using non-invasive devices and fed
into classifiers for identifying the level of stress. However,
they may also be affected by other factors such as physical
activity, temperature, or noise (Maria et al. 2022).

According to (Cho et al. 2019), a novel end-to-end
model is introduced for stress detection using raw ECG
signals. The proposed model has overcome the conventional
methods on two different datasets: driving data collected
in areal-world environment setting and data collected from
mental arithmetic under a laboratory setting. A convolutional
neural network trained on raw ECG signals is classified
into the levels of stress in the data collection process. The
accuracy of stress classification using the suggested model
was 90.19%. However, with respect to sensor dependency
and data availability, the results do have some limitations.
Near to future, the researcher has recommended that studies
should attempt to validate their model with more diversified
types of stress and ECG sensors and further explore ways
of augmenting physiological data for training.

(Zhang et al. 2021) suggested a deep learning model
using an attention mechanism for the detection of three
emotional stresses by using ECG signals. The computing
tasks load and the time allocated determined the stress
phases. A stress test has conducted among a total of thirty-
four subjects between the ages of 21-35 years with the
setup corresponding to Figure 3. Several attention
mechanisms have been introduced to a CNN-BiLSTM
network for classifying the stress signals. Such mechanisms
are to be used in guiding the network to focus on and
highlight the effective features through adjustable weights
on the hidden variables of the network. However, this did
not consider the motion noise in ECG signals, which may
have affected the accuracy of the method.
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FIGURE 3. The experimental program (Zhang et al. 2021)

ECG acquisition

Stress induction

4077

According to (Arsalan et al. 2019), the experiment
involved twenty-eight participants who had no mental
illness and were students or instructors at a university. The
participants need to sign a consent form to understand and
agree to participate in the experiment. Then, they will fill
in a questionnaire to understand their stress perception
before the experiment. A 3-minute EEG recording was
taken before the activity start. Next, they gave a presentation
on a topic that they are not familiar in front of the
spectators, which is followed by another 3-minute EEG
session. The EEG data will be used to classify the stress.
Three different classification methods were used: Support
Vector Machine, Naive Bayes, and Multilayer Perceptron.
Results were obtained with an accuracy of 92.85% and
64.28% for two-class and three-class Multilayer Perceptron
(MLP) classifier respectively.

EEG is a widely available, inexpensive and non-
invasive method to measure electrical brain activity by
using electrodes that are attached to the scalp. A fluctuation
in the voltage by the neurons in different brain regions will
output the EEG signals. In the EEG, the signals will be
focused on five spectral bands: Alpha (8—12 Hz), Beta
(13-30 Hz), Gamma (30 Hz and above), Delta (0.5-4 Hz)
and Theta (4-8 Hz). EEG will be able to capture the brain
dynamics at a high temporal resolution and detect different
brain disorders related to stress, for example, epilepsy,
sleep disorders, coma, or Parkinson’s disease. EEG is
reliable and non-invasive, but it may require expert
interpretation and filtering of noise and artifacts (Maria et
al. 2022).

EEG can provide biomarkers that can help with
diagnosing and predicting the type of mental disorders,
such as event-related potentials, spectral power, coherence,
asymmetry, complexity and entropy. Deep learning
algorithms allow more efficient and accurate analysis of
EEG data compared to methods such as questionnaires or
finding the patterns within EEG manually, which may be
time-consuming and prone to human error.

Dimensionality, variability, and noise in EEG data will
subsequently be handled by deep learning that is capable
of learning from a large amount of data without previous
knowledge and assumptions. Therefore, using EEG and
deep learning can offer a promising approach for advancing
the field of mental health (Pavlov et al. 2021).

EEG and cognitive neural markers were used in the
research carried out by (Kato et al. 2022) to distinguish
between healthy individuals and mild to moderate self-
reported symptoms including hyperactivity, depression,
anxiety and inattention. Half of the participants were
university staff or students. All the participants were first
completed subjective mental health self-report. By looking
into the EEG signals in different frequency bands and brain
regions (theta, alpha, and beta), the neural patterns that are
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associated with mental health symptoms can be identified.
Five cognitive tasks —

Emotion interference, visuospatial working memory,
Flanker interference processing, selective attention and
response inhibition. For assessing connectivity hub, flanker
interference was the most useful task for processing. This
task aimed to evaluate an individual’s focus on a central
target while ignoring distracting information surrounding
it. Performance on Flanker tasks provide mental health
professionals with insight into cognitive processes involved
in a number of mental health concerns from which
individuals may suffer, such as ADHD, anxiety, and
depression, and data necessary to guide interventions.
Hence, EEG can be one useful method to investigate neural
correlates of mental health and make possible personalized
interventions with respect to the cognitive profile of
individuals.

Keyboard and screen time are behavioural methods
that monitor the usage of computers or smartphones by the
user. These methods assume that stress affects the typing
speed, accuracy, frequency, and duration of the user’s
interaction with the device. Keyboard and screen time can
be easily collected and analysed, but they may not able to
capture the emotional or cognitive aspects of stress (Maria
et al. 2022).

Wearable sensor signals are other human physiological
signals acquired using skin-conductance sensors and
accelerometers. Wearable sensor signals might be

convenient, unobtrusive, but with challenges such as
battery life, data quality, or privacy (Maria et al. 2022).

Among the different methods for stress detection, EEG
is the most suitable one for studying mental health. Because
it measures the electrical activity of the brain and can reflect
the changes in mood, attention, and cognitive load that are
associated with stress. It also captures psychomotor activity
and mental stress related to various tasks like arithmetic,
memory, or decision making. Therefore, EEG can provide
acomplete, as well as an objective assessment of the user’s
state of mind and the level of stress.

Most of the researchers also using questionnaires,
ECG, and GSR methods. Some researchers involve
keyboard and screen time and signals of wearable sensors.
They also have their own limitations and some
complications. For instance, questionnaires are subjective
and rely on the honesty and self-awareness of the user with
his or her feelings. Methods involved ECG and GSR are
basically measurements of physiological responses of the
heart or skin, respectively, as affected by stress, temperature,
humidity, physical activity, or medication. The keyboard
and screen time can only monitor what the user does and
how they do it but not their state of mind or cognition.
Wearable sensor signals can be noisy and unreliable,
particularly under a lot of movement and in interaction
with other devices. Table 1 shows the summary of each
stress detection method.

TABLE 1. Stress assessment models

Model type Description Advantages and Disadvantages
Questionnaires Self-report measures that ask the user ~ Advantages
(Maria et to rate their perceived stress level or Using reliable and standard psychological questionnaires to gather
al. 2022; symptoms on a scale. data from many participants showing their self-reported stress,
Karthikeson anxiety and depression levels.
P.S & Nithya Disadvantages
Jagannathan, This method might be bias as the participants may not be honest or
2016) might be influenced by environmental factors.
ECG and GSR ECG and GSR are physiological Advantages
(Maria et al. signals that measure the heart rate ECG and GSR can capture real-time, non-invasive physiological

2022); Zhang et
al. 2021; Cho et
al. 2019)

EEG

(Maria et al.
2022; Kato et al.
2022; Pavlov et
al. 2021)

and the electrical conductivity of the
skin, respectively. These signals reflect
the activity of the autonomic nervous
system, which is responsible for the
fight-or-flight response to stress.

Electroencephalogram (EEG) is a
physiological signal that measures the
electrical activity of the brain using
electrodes attached to the scalp. EEG
can capture the neural correlates of
stress, such as changes in brain waves,
asymmetry, or connectivity.

stress response and improve the detection suing voice and facial
analysis.

Disadvantages

The result obtained might be affected by external factors such as
noise. Specialized devices and sensors are needed in getting the

signal, the quality of these signals can be varied.

Advantages

EEG provides real-time, objective and detailed insights of brain
activity by analysing various brain wave frequencies such as alpha,
beta, theta brain wave. Huge dataset collected can be analysed and
classified using machine learning.

Disadvantages

There is a limited ability to localize the source of brain waves
precisely. EEG signals might be affected by various artifacts such
as eye movement, muscle activity and external electrical interface.

continue ...
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Wearable sensor ~ Physiological signals that can be

signals collected using devices such as skin
(Maria et al. conductance sensors or accelerometers.
2022).

Advantages

Real-time and natural physiological responses can be recorded,
revealing users’ emotional, cognitive and physical states.
Disadvantages

It may suffer from low battery and data quality issue as frequent
calibration needed.

EEG ANALYSIS METHOD AND FEATURES IN
MENTAL HEALTH ASSESSMENT

EEG is among the most available and extended methods
in cognitive neuroscience, allowing one to study functions
and dysfunctions of the brain in real-time. (Pavlov et al.
2021) It has the capabilities to diagnose and further monitor
neurological disturbances, including epilepsy, stroke, brain
injury, dementia, and sleep disorders. EEG can also
measure brain-computer interfaces, neurofeedback, and
brain stimulation (Yen et al. 2023).

EEG signals waves can be recorded in the form of
time domain signal. Then, the signals are converted from
time domain to frequency domain (refer to Figure 4).
Various brain waves such as alpha, beta, theta, and gamma
have various frequency ranges (Mateos et al. 2022).

EEG signal in time domain

EEG signal in frequency domain

FIGURE 4. Brain Waves Data Acquisition

In frequency domain, the amplitude of each frequency
is generally referred to as power. In EEG analysis, power
refers to the amplitude of each frequency. Power can be
calculated for each electrode, frequency band, and time
window, then compare the brain’s activity across different
conditions, activity or groups. Attention means the average
power value across electrodes, frequency bands, or time
windows and can be used to summarize the global level of
activity in the brain (Ho et al. 2022).

The power spectrum depicts a graph of how power is
distributed over the frequency bands. It can hence be used
in visualizing dominant frequency components from the

EEG signals and later on identifying the changes in
frequency composition over time.

Power spectrum will be used to compare the
distribution of power over different regions of the brain
and to show the correlations between the power values
from different frequency bands (Zhang et al. 2023).

CONNECTIVITY METHODS

EEG connectivity analysis has become extremely popular
in recent times and lies at the center of studying the
interactions of different regions of the brain. According to
(Zhang et al. 2023), there are several connectivity analyses
within this context: signal morphology-based, signal phase-
based, and statistics-based analyses in signal morphology-
based analysis, waveform signals of different brain regions
are compared. This paper is interested in the amplitude and
frequency of waveform oscillations. The study of the phase
synchronization of the signal phase over time between the
two EEGs (Maria et al. 2023). Statistics-based analysis
includes mean and variance of EEG power, measurements
in different frequency bands like alpha, beta, theta, and
delta, to classify different mental states (Haloi et al. 2023).

Results will vary based on the type of autocorrelation
analysis. Since they have different features and working
principle which will change the result. The proper selection
of the connectivity analysis method is very important in
the case of brain network research. Different types of EEG
signal analysis methods have been applied previously in
analyzing degrees related to obstructive sleep apnea,
assessing synchrony in Alzheimer’s disease, studying the
EEG channel correlation for emotion recognition, etc.
(Zhang et al. 2023).

POWER SPECTRAL

Power spectral is an accepted analytical technique for EEG
analysis, primarily for quantifying changes in energy over
different frequency components of EEG signals, including
delta, theta, alpha, beta, or gamma. This becomes very
useful in brain science and neurological conditions where
state changes like sleep stages, seizure, or even emotional
changes are accompanied by EEG energy shifts. There are
various techniques in power analysis with distinct features
and usage constraints such as Fast Fourier Transform,
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Welch, and autoregressive models (Zhang et al. 2023). For
mental stress condition only, it has found that AR could
show a high classification accuracy rate up to 91.17% based
on researcher (Saidatul et al. 2011).

TIME DOMAIN TECHNIQUES

Since EEG itself fluctuates during the course of reading,
time-frequency analysis is quite suitable for its study. The
standard techniques for time-frequency analysis include
Wigner-Ville distribution, wavelet transform, empirical
mode decomposition, and STFT. Various studies were
carried out using different approaches to EEG signal
analysis, classifying epileptic seizures by rational discrete
STFT with deep learning; another combined method for
the classification of alcohol and control EEG signals;
another in connectivity analysis in autism disorders using
STFT and connectivity values obtained by coherence;
another in automatic sleep stage classification by time-
frequency images for drowsiness detection; and another
on smoothed pseudo WVD for deception detection (Zhang
etal. 2023). Time domain analysis can achieve a maximum
classification accuracy of 81.4% for mental stress (Hag et
al. 2021).

STATISTICAL FEATURES

Stress levels have been measured using statistical features
on EEG signal analysis. These methods are basic,
straightforward to apply, and frequently complement one
another nicely. The mean, skewness, kurtosis, standard
deviation, form factor, first and second difference, root
mean square, and impulse factor are a few of the most often
used features for EEG data analysis (Katmah et al. 2021).
The disadvantage of this stress estimating technique is that

it may take longer to process. Additionally, as a conventional
and statistical technique for locating samples in the high
dimensionality of EEG data, some investigations employed
principal component analysis (PCA). To obtain the fewest
orthogonal dimensions, this is accomplished by applying
Eigen vectors of features on feature dimensions.

Additionally, principal component analysis (PCA)
provides information on how groupings associated with
stress and non-stress circumstances can be divided into
principal components (PCs) space (Katmah et al. 2021).
Based on the study did by (Shon et al. 2018) on mental
stress, PCA was less accurate (65.30%) than genetic
algorithms (71.76%) in feature selection. The potential for
data processing errors while working with complicated
manifolds is a limitation of PCA.

The findings above can be concluded that there are
various methods and features to be used to analyse EEG
signals and estimate mental stress levels. It is necessary to
consider the specific goals and requirements of each
application and evaluate the performance and validity of
each method and feature accordingly.

EEG SIGNAL FOR MENTAL STRESS

EEG does the recording of the electrical activity from the
brain, with electrodes placed on the scalp. This is used in
BCI applications for detecting and controlling changes in
brain state (ALMofleh et al. 2023).

Alpha waves are the type of brain waves existing
during a relaxed and alert brain; beta waves exist during
active thinking and concentrating. Gamma waves are
associated with high-level cognitive functions such as
perception, attention, and memory (Noushad et al. 2021).
EEG signal classification is shown in Table 2.

TABLE 2. EEG signal classification (Abhang et al. 2016)

Frequency Characteristics Image
Delta (0) Deep sleep, unconsciousness,
(0.54 Hz) and slow-wave activity. L
.5 A
~_ L
Theta (0) Drowsiness, meditation, and
(4 -8 Hz) hypnosis. ]
e — 1
S VAVAVAS e
PPN NN AN NN,
Alpha () Realaxed wakefulness, closed
(8-12 Hz) eyes, and reduced mental ~~ [o TR e, TR e

activity.

A WA AP Y
Joreb st e A A0

continue ...
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... cont.
Beta (5) Alertness, concentration, and
(13-30 Hz) active thinking
Gamma () High-level cognitive processes,

(30 Hz and above) such as perception, memory,

and attention.

It’s a complex phenomenon involving physiological,
psychological, and behavioural responses to challenging
or threatening situations. The way it influences brain
activity and performance is determined by different types
of stress and their magnitude and duration. Ordinarily,
stress will increase beta waves and decrease alpha waves,
an indication of a higher degree of arousal and anxiety.
Stress can also impair the cognitive functions that rely on
the prefrontal cortex, such as working memory, executive
control, and emotional regulation (Noushad et al. 2021).

EEG SIGNAL CLASSIFICATION

Support vector machines (SVM), Artificial neural networks
(ANN) and k-nearest neighbors (KNN), are examples of
machine learning (ML) techniques that are quickly
expanding in the categorization process. The most popular
techniques for analyzing EEG data are supervised
algorithms, which are among the various standard
classification algorithms (Saeidi et al. 2021).

SUPPORT VECTOR MACHINE (SVM)

According to (Bilucaglia et al. 2021), the most used
classifier is the SVM. LDA, SVM and KNN was
implemented in the study of neuronal activity measurement
to classify the anticipatory emotion-related EEG signals.
Classification using SVM has outperformed the other ML
with 63.8% accuracy.

The strengths of an SVM lie in its efficiency in the
processing of high-dimensional data; it can separate
different classes and work well when there are more
features than samples in the data According to (Bansal et
al. 2022; Wang & Wang, 2021; Karamizadeh et al. 2014).
However, SVM also has some drawbacks, such as not
suitable for large datasets classification, prone to errors
when the data is noisy or verlapping and perform poorly
when the feature values are much larger than the training
data.

(Kobayashi et al. 2019) conducted an experiment to
test whether a self-check system that will be uses on heart
rate variability (HRV). It is able to differentiate between
healthy controls and patients with either depression or
somatoform disorder. The participants were instructed to
carry out two tasks: a mental task of generating random

numbers and a paced deep breathing task. The subjects
also used a single-lead electrocardiography device for the
measurement of HRV. An SVM model was trained for the
classification of the obtained HRV data, realizing 71.4%
sensitivity and 93.8% accuracy in psychiatric disorder
screening.

An experiment was carried out to on two machine
learning algorithms SVM and FCNN to compare the
performance among them (Dharma et al. 2021). Among
tech workers to predict the risk of mental illness. Open
Sourcing Mental Illness is the source of the data, which
collected information about the mental health status and
experiences of IT professionals. It contained the dataset
with 1235 samples, then split into 864 data training and
371 data tests, having a target variable indicating a mental
condition. In this respect, SVM performed slightly better
at 77.089%, compared to FCNN’s accuracy of 76.011%.
The research deduced that machine learning, and
specifically SVM, could be helpful in spreading awareness
for early intervention measures within the mental health
domain in the IT sector.

ARTIFICIAL NEURAL NETWORKS (ANN)

(M. Mijwil, 2021) have considered different advantages
and disadvantages of using ANN in the study. ANN can
process large quantities of complex data, work out with
incomplete or noisy information, and be robust against
errors and failures. Parallel information processing is
allowed by it, where it can process several EEG signal
features simultaneously, which leads to faster and more
accurate classification. However, ANN requires huge
training datasets for high accuracy, rely heavily on
hardware resources, require trial-and-error methods to find
the optimal network architecture, and are very time-
consuming in execution.

(Mohan et al. 2016) has suggested to use ANN model
in mental health to determine the depression condition
without questionnaires. EEG device were used to record
the electrical activity of brain wave, then, used a pattern
classification network with 10 hidden layers and the scaled
conjugate gradient algorithm to train the ANN on the raw
EEG data. 20 test samples were evaluated and 19 out of
the 20 subjects were identified correctly about the
depression condition, thus obtaining 95% accuracy. They
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therefore concluded that the EEG signals obtained in the
central region of the brain are more informative in detecting
depression compared to other regions. They recommended
that future studies should have more test subjects, and the
accuracy of the ANN must be improved to 100%.

(Rao etal. 2022) discussed to promote healthy growth
of preschool children using ANN for the children
psychological emotional recognition. ANN is used to
analyze the physiological signals of children aged 4-6
when they were exposed to three basic emotions: fear,
calm, and happiness. They found that 5 to 6 year-old
children were much better at emotion recognition and
theory-of-mind tasks compared with the younger children.
They suggested that their study could help educators and
parents guide children’s emotional development and mental
health.

K-NEAREST NEIGHBORS (KNN)

K-Nearest Neighbors, along with ANN, forms the other
machine learning algorithms that are most often used in
classification. KNN is much simpler to implement and
debug compared to ANN. It can handle data that does not
have a feature vector representation, as long as there is a
way to measure similarity. In this way, KNN makes itself
applicable in situations where other ML methods might be
a failure. It can also benefit from some noise reduction
techniques specific to this method that can increase its
accuracy. On the other hand, KNN can implement faster
mechanisms like Kd-Trees or Ball Trees, or approximate
Near Neighbour techniques that increase the speed of the
retrieve operation by sacrificing little accuracy. It also has
some disadvantages specifically in being slow at runtime
if the training set is large. This may also be driven by the
presence of irrelevant or redundant features, which will
then affect similarity, hence classification. This can be
avoided by careful feature filter or feature weighting.
Finally, KNN can have relatively poor performance on
very tough classification tasks compared to more advanced
techniques such as support vector machines or neural
networks (Cunningham & Delany, 2022).

(Elmunsyah et al. 2019) conducted the experiment to
test the effectiveness of feature selection using chi-square
and the KNN algorithm for classifying employees who
need mental health treatment. A dataset from Open
Sourcing Mental Illness (OSMI), which contains survey
responses from 1,259 people about their mental health
status and workplace environment was used. In this work,
some data preprocessing techniques have been applied to
the database, including data cleaning, feature selection,
and data transformation. Afterwards, the KNN algorithm
was applied with several values of k to classify it into one
of'the two classes: “requires treatment” or “does not require
treatment”.

Confusion matrix was use to evaluate the performance
of the algorithm, to measure the true positives, false
positives, true negatives, and false negatives of the
classification. The algorithm precision, recall and accuracy
were calculated. The results obtain were 87.27% accuracy,
84.21% precision, and 66.7% recall. It was compared
against previous research using naive Bayesian and SVM
algorithms with k=5, which turned out to be the best
performer of the results. Their method had accuracy that
was higher by 2.27%. This thus concluded that this method
is more effective for the classification of the OSMI dataset.

The effectiveness of KNN classification were tested
by (Islam et al. 2018) for detecting depression from
Facebook comments. Data processing was done with the
aid of a tool called Linguistic Inquiry and Word Count
2015 for extracting features like emotional, temporal, and
linguistic features from comments. A total of 7145
comments were collected where 58% of the comments
showed signs of depression and 42% of the comments did
not show signs of depression. The comments were
annotated as indicative of depression or otherwise based
on the opinions of two experts. Results showed model
accuracies ranging from 60% to 70% depending on the
features and metrics used. Table 3 shows the summary of
machine learning models for EEG signal classifications.

TABLE 3. Summary of EEG signal classification models

Method

Description

Support Vector Machine (SVM)
(Bansal et al. 2022; Dharma et
al. 2021; Kobayashi et al. 2019;
Karamizadeh et al. 2014)

Advantage:

Disadvantage:

SVM is the most used classifier. It has the ability in handling high-dimensional data
efficiently, and separate different classes effectively. It has a good performance even when
the number of features exceeds the number of samples.

It is not suitable for large datasets. It will prone to errors with noisy or overlapping data. It
has poor performance when feature values are much larger than the training data.

continue ...
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Artificial Neural Network (ANN)
(M. Mijwil, 2021; Rao et al. 2022;
Mohan et al. 2016)

Advantage:

ANN can handle large datasets with complex tasks, process incomplete or noisy
information, and is robust to errors and failures. It allows parallel processing of multiple

EEG signal features, leading to faster and more accurate classification.

Disadvantage:

ANN requires a large training dataset for high accuracy. It relies heavily on hardware
resources. It involves trial-and-error methods to find the optimal network architecture. It is
time-consuming in execution.

K-Nearest Neighbors (KNN)
(Cunningham & Delany, 2022;
Elmunsyah et al. 2019; Islam et al.
2018)

Advantage:

KNN is a simple and intuitive to implement and understand. It does not require heavy
training or parameter tuning which saves time and computational resources. It is also
performed well on noisy and heterogeneous data, as it relies on the majority vote or the

weighted distance of the neighbours.

Disadvantage:

KNN can be slow at runtime with large datasets. It is sensitive to irrelevant features, which
can affect its classification accuracy.

TABLE 4. Summary of EEG signal classification models performance

Method Description

Support Vector Machine (SVM)
(Bansal et al. 2022; Dharma et
al. 2021; Kobayashi et al. 2019;
Karamizadeh et al. 2014)

SVM have achive an accuracy of 63.8% for a study of neuronal activity measurement to
classify the anticipatory emotion-related EEG signals.

SVM was applied on heart rate variability (HRV) to achieve 71.4% sensitivity and 93.8%
accuracy in psychiatric disorder screening.

SVM was applied to predict the risk of mental illness among tech workers using sourcing
Mental Illness source data found that it has an accuracy of 77.089%.

Artificial Neural Network (ANN)
(M. Mijwil, 2021; Rao et al. 2022;
Mohan et al. 2016)

K-Nearest Neighbors (KNN)
(Cunningham & Delany, 2022;

Elmunsyah et al. 2019; Islam et al.
2018)

ANN model used to determine the depression condition using EEG device found an
accuracy of 95% from 20 subjects.

KNN used on Open Sourcing Mental Illness (OSMI) for mental health treatment
classification achieved an accuracy of 87.27%.

KNN used to detect depression from Facebook comments achieved an accuracy between
60-70% depending on the features and metrics used.

MENTAL STRESS DETECTION DATA
ACQUISITION PROCESS

(Tacke et al. 2022) has studied the effects of using reduced
number of electrodes in EEG monitoring. The reduced of
EEG clectrodes make the EEG setup faster and easier
making. It is indirectly reduce the risk of poor electrode
contact and the noise that might degrade the EEG signal.
It was found that the reduced of EEG electrodes from 21
to 8 has reduced the sensitivity from 0.76 to 0.65, while
the accuracy remained as 96%-97% (refer to Figure 5). It
was indicated by (Moctezuma et al. 2022) that the used of
8 to 10 channels in EEG monitoring could achieved high
or similar accuracy in emotion recognition compared to
the use of 32 EEG channels for lightweight wearable EEG
system.

S

FIGURE 5. The electrodes used in the reduced setup of EEG
monitoring (Tacke M. et al. 2022).

According to researcher (Al-shargie et al. 2016),
twelve participants between the ages of 20-24 years from
University Teknologi PETRONAS used EEG signal to
quantify mental stress. Researcher used BrainMaster 24E
system with 8 channels on the surface scalp based on the
placement of 10 to 20 electrode. The participants were
briefed on the proposed tasks as follows before the
experiment.
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FIGURE 6. Experimental protocol of mental stress study (Al-shargie et al. 2016).

By referring to Figure 6, the levels of mental arithmetic
task are represented by the labels L1, L2 and L3 and mental
arithmetic stands for MA. Three control case and three
stress case recordings were performed. The mental stress
experiment conducted by the researchers consisted of four
stages. Participants were first attempted MA task for 15
minutes without time pressure as control phase. Then,
continue with stress phases by reducing the response times
by 10% with tasks ranged from simple, intermediate and
challenging. EEG were recoded with verification of
questionnaire results. The experimental results showed that
states of being under stress and at rest differed significantly
when arithmetic tasks were given. Researcher has
concluded the potential of EEG signals to identify mental
stress.

RESEARCH GAP

The existing stress detection literature is based mostly on
self-report questionnaires, which, although simple and
cheap, are vulnerable to biases like social desirability and
participant dishonesty. Such biases compromise the
reliability and validity of the results, which restricts the
accuracy of measuring stress. In order to overcome this
weakness, this research suggests a dual-modality method,
which integrates EEG data and surveys to provide a more
objective, reliable, and comprehensive approach to the
detection of stress. Another literature gap is the scanty
application of psychomotor tasks in EEG-based stress
detection researches, most studies have concentrated on
cognitive activities, including arithmetic tasks, to examine
stress-related neural activities. Cognitive tasks are useful
in activating brain processes associated with mental effort,
but they do not include the entire spectrum of stress
reactions. More holistic view of stress reactions is given
by psychomotor activities that involve cognitive,
emotional, and physical processes. This paper addresses

this gap by including psychomotor tasks, which will help
to include a wider range of stress responses and provide
more information on the neurophysiological correlates of
stress. Moreover, most EEG-related stress studies have
used a small sample size (usually between 10-20 subjects)
that constrains the applicability and statistical capabilities
of the findings. This study overcomes this weakness by
using a sample size of 50 respondents thereby improving
the strength and validity of the results. Lastly, although
machine learning methods have been at the heart of EEG-
based stress detection, it is not agreed on the most optimal
algorithms of detecting EEG-based stress-related signals.
The existing studies have examined a narrow scope of
classifiers with different degrees of effectiveness. The
research will contribute to the present research by
comparing some machine learning algorithms, such as
Artificial Neural Networks (ANN), K-Nearest Neighbors
(KNN), and Support Vector Machines (SVM) to determine
the most effective algorithms to use in stress detection.
These are the main gaps that should be filled by this
research to help gain a more precise and timely view on
stress and, therefore, more effective monitoring and
intervention strategies.

CONCLUSION

In conclusion, the growing rate of mental stress especially
among students highlights the urgent need for effective
stress detection and management systems. The paper has
examined the different methods of stress detection with
focus on EEG-based methods that give objective and real
time information on the brain activity related to stress. This
review highlights the weakness of traditional methods
including self-reported questionnaires and physiological
measurements by comparing them with each other, and
they tend to be subjective and prone to outside influence.
On the contrary, EEG offers a more precise and



comprehensive understanding of brain activity, which
makes it possible to classify the level of stress more
accurately. The use of machine learning models, such as
SVM, ANN, and KNN also increases the accuracy of stress
recognition.

Additionally, this paper discusses a number of gaps in
the current literature, such as the underutilization of
psychomotor activities in research on stress detection, as
well as the small size of the samples that are usually used
in EEG research. By incorporating psychomotor activities
and utilizing a larger sample size of 50 participants, this
research provides a more comprehensive and robust
analysis of stress-related neural activities. Additionally, the
comparative analysis of machine learning models can
provide important information about the most efficient
algorithms to be used in real-time stress monitoring.

Overall, the results of this paper contribute to a deeper
understanding of stress detection methods and provide a
foundation for the development of more reliable, scalable,
and practical monitoring systems. These developments can
result in more effective interventions and support systems
to students with improved accuracy and reliability of stress
detection, which will eventually result in improved mental
health and well-being in higher education settings.
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