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ABSTRACT

The rising prevalence of mental health challenges among engineering students highlights the necessity for
improved methods in recognising and managing stress. Conventional self-evaluation techniques seem to be
subject to interpretation when it comes to assessing stress levels. This research examines the identification
of electroencephalography (EEG) patterns that could serve as markers for mental stress, along with the
classification of stress and relaxation mental states using machine learning methods. Earlier studies applied machine
learning methods, particularly clustering algorithms, to analyse EEG data; nonetheless, a more targeted approach is
required for improved accuracy in stress detection. This study employs EEG data that has undergone processing
through feature extraction methods to develop a machine learning model aimed at distinguishing between states of
stress and relaxation in the brain. EEG signals were collected using OpenBCI software, and feature extraction was
conducted employing Fast Fourier Transform (FFT). Subsequently, four distinct machine learning algorithms were
employed to categorise the brainwave signals: K-Nearest Neighbour (KNN), Support Vector Machine (SVM), Wide
Neural Network (WNN), and Naive Bayes (NB). The WNN achieved an impressive accuracy rate of 90%, with a
Receiver Operating Characteristic (ROC) area analysis revealing a value of 0.88, which suggests favourable
outcomes in distinguishing between stress and relaxation states. The findings contribute to the domain of mental
health research by offering a dependable method for distinguishing and categorising stressed versus relaxed students,
possibly improving future evaluation instruments for mental well-being in engineering students.

Keywords:  Electroencephalography (EEG); OpenBClI; feature extraction, Fast Fourier Transform (FFT); K-
Nearest Neighbor (KNN); Support Vector Machine (SVM);, Wide Neural Network (WNN); Naive Bayes (NB),
mental stress; relaxation

the predominant mental health concern associated with
academic demands in universities (Muhammad Sohaib
Asghar, Minichiello and Ahmed, 2023). A recent
investigation by (Danowitz and Beddoes, 2022) revealed

INTRODUCTION

The issue of mental health is increasingly recognised as a
significant concern in modern day society, especially
among undergraduate engineering students who experience
stress from their discerning academic responsibilities. A
recent investigation into the mental health of undergraduate
engineering students in China has revealed that stress is

that the proportion of engineering students in the United
States facing mental stress has increased to 55.2%. A survey
carried out in Malaysia across five institutions by Fauzi et
al. (2021) indicated that, on average, 74.6% of undergraduate
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engineering students are facing mental stress attributed to
academic pressure.

The predominant identification of these mental health
issues relied on conventional approaches that mainly
employ self-evaluation, which can lead to subjective
interpretations and, consequently, may produce misleading
data and biases. Additionally, the understanding of each
healthcare provider may differ as well. Consequently,
recognising mental health challenges via technologies like
Electroencephalography (EEG) is essential for creating
support systems that leverage machine learning. Thus, there
is a need for more reliable and measurable methods, such
as EEG, to ensure accurate diagnosis and tailored
treatments (Noushad et al. 2021). By creating dependable
models that utilise machine learning and EEG data,
researchers can pinpoint individuals experiencing genuine

stress and tailor treatments to address their unique
requirements, ultimately enhancing mental health and
overall quality of life (Chaddad et al. 2023).

The technique of EEG involves recording the brain’s
electrical activity by positioning electrodes on the scalp.
The collected brainwave signals reveal distinct patterns
associated with various mental states, offering stress
indicators essential for categorisation (Shah et al. 2025).

Machine learning can identify stress by analysing the
features of signals associated with both stress and
relaxation. This study will analyse four machine learning
methods - K-Nearest Neighbours, Support Vector Machine,
Wide Neural Networks, and Naive Bayes to identify the
most precise model for creating a system that can
differentiate between stress and relaxation states based on
EEG signal patterns.

TABLE 1. Conventional Mental Health Detection Methods

No Reference Tools Findings
Do not consider other factors such
. - as environment and social stressors
1 Danowitz and Beddoes (2022) Kessler 6 screening instrument

Muhammad Sohaib Asghar,

2 Minichiello and Ahmed (2023)
3 Fauzi et al. (2021)

4 Adachi, Yada and Odachi (2021)
5 Burke et al. (2020)

Systematic review using research
questions

Depression Anxiety Stress Scale
(DASS) , survey

Classical Test Theory (CTT) , Item
Response Theory (IRT)

DASS, Effects of COVID-19
Questionnaire (ECQ)

—unreliable form of detection
method

Limited opportunities for
respondents to elaborate—
incomplete assessment

Overlapping between depression,
anxiety and stress — causes
misinterpretation

CTT assumes equal item difficulty,
IRT assumes unidimensional traits —
inaccurate results produced

Unable to provide sufficient
information for clinical diagnosis or
treatment purposes - limited usage

of method

Brainwaves are rhythmic electrical impulses produced
by the coordinated activity of neurons in the brain (Pearce,
2022). They are all associated with particular mental states
and functions and are grouped according to their
frequencies.

When a person is awake but calm, they will under
alpha waves, which is between 8 and 13 Hz. These waves,
which are linked to calm and conscious state, are frequently
observed when people meditate, close their eyes, or have
deep daydreams. They represent a calm and balanced
mental state.

When a person is actively alert and focused, they are
under beta waves, which have a frequency between 13 and
30 Hz. They improve cognitive function, focus, and
attention. Higher frequencies (16-30 Hz) can indicate
stress, anxiety, or overstimulation, while lower frequencies
(12—15 Hz) are associated with quiet attentiveness. Routine

cognitive functions and problem-solving are supported by
lower beta activity, while higher beta kicks in during
intense mental challenges or high-pressure situations (Leah
2022).

Brainwave reactions under stress and relaxation were
examined in a study by (Nishifuji, 2010). Participants
completed memorisation tasks and solve arithmetic
problems to induce stress while listening to a distracting
5 kHz sound in order to create stress. Alpha wave activity
(8-13 Hz) decreased by 15-20% during these demanding
cognitive tasks with distracting noise, according to the
results.

Nishifuji asked participants to rest with their eyes
closed and listen to calming classical music (Pachelbel’s
Canon) in order to promote relaxation. Alpha wave activity
rose by 15-30% in this serene environment, highlighting
how alpha waves flourish in calm environments and
diminish in stressful ones (Nishifuji 2010).



METHODOLOGY

PARTICIPANTS

The study commenced with the recruitment of 30
engineering students from the School of Engineering at
UOW Malaysia. The chosen demographic for this study
consisted of engineering students, identified as the group
most likely to encounter stress, particularly stemming from
their academic responsibilities, as evidenced by the findings
of Coley and Jennings (2019). The participants included
individuals from their first year to those in their final year,
with the latter group possessing more experience than the
former. The experiment was conducted during the
demonstration sessions of the Microcontroller subject,
involving first-year students who had limited practical
skills background. Following an extensive examination of
EEG-related projects, Melnik et al. (2020) noted that the
typical number of participants involved in EEG analysis
falls between 10 and 20 individuals. Consequently, a
sample size of 30 subjects was selected to enhance the
accuracy of the results through a larger participant pool
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(Charlesworth Author Services, 2022). Prior to the
commencement of the experiment, the participants were
informed about the procedure and the specific activities
that would take place. Consent from every participant was
secured via a physically signed consent form, in compliance
with the Data Protection Act of Malaysia. Every participant
was obligated to engage in a STEM activity throughout
the course of the experiment.

EXPERIMENT DESIGN AND PROCEDURE

Every participant was required to build a simple circuit to
light up an LED using an Arduino Uno board along with
an ultrasonic sensor. The session commenced with
participants engaging in a 30-second pause to reach a
baseline level of relaxation. Subsequently, they were
allotted five minutes to assemble the circuit. During this
time, EEG signals were gathered to observe any changes
in brainwave patterns associated with mental stress while
performing the task. After completing the task, participants
needed to take an extra 30 seconds to relax, during which
EEG data was recorded.

FIGURE 1. Participant Constructing Circuit

Most experiments applying EEG focus on arithmetic
tasks to evaluate mental stress (Dattola et al. 2023).
Consequently, this study seeks to explore a psychomotor
activity that corresponds with STEM criteria by engaging
both cognitive and motor processes (Okulu and Oguz-
Unver, 2021). The activity requires significant hand-eye
coordination, necessitating concentrated focus and rapid
responses because of the imposed time constraints, which
can lead to mental fatigue (Sahar et al. 2022).

EXPERIMENT EQUIPMENT

The research experiment implemented an 8-channel
headset sensor (CYTON) from OpenBCI to identify and
gather brain signals from the participants. The signals were
transmitted through Bluetooth to the OpenBCI software,
using the OpenBCI USB Dongle linked to a laptop, where
the raw data was automatically recorded. The headset is
powered by the PIC32MX250F128B microcontroller,
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which operates at a frequency of 50 MHz to facilitate quick
data transmission. The ADS 1299 analog-to-digital
converter is applied, providing 24-bit resolution for each

channel. The board operates using a 3.3V digital supply
alongside a=£2.5V analogue supply, which permits an input
voltage range of approximately 3.3V to 12V.

FIGURE 2. OpenBCI CYTON Headset Sensor

The brain signals were presented on the graphical user
interface in OpenBCI, and the unprocessed data from each
signal gathered at every channel were automatically
transferred to the laptop system. The raw datasets were
used for additional signal processing and analysis
concerning stress biomarkers (Husain, 2020). The headset
sensor was positioned so that the electrodes of each channel
contacted the surface of the scalp. Electrical activity was
recorded via contact between the electrodes and the scalp
(Light et al. 2021).

EEG DATA COLLECTION PREPARATION

Before commencing the experiment, the electrodes of the
EEG headset were sanitised using alcohol wipes to ensure
cleanliness prior to being used by the participants. Cleaning
the headset will also ensure that no materials disrupt the
conductivity of the electrode (Soufineyestani, Dowling and
Khan 2020). The electrodes were adjusted to guarantee
proper contact with the scalp. The GUI was utilised to
verify the detection of brain signals, ensuring that all

electrodes maintained contact with the scalp and were
effectively collecting signals prior to the commencement
of the recording. The arrangement of electrodes adhered
to the conventional 10-20 electrode positioning (TMSI
2022).

EEG DATA ANALYSIS

After obtaining the raw EEG data, the datasets underwent
an initial cleaning process where only the significant signal
components were extracted, focussing on the voltage and
the corresponding time points, while eliminating any
extraneous information. A MATLAB program was
subsequently developed to conduct further analysis of the
EEG datasets. The initial step of the program involves
pre-processing and filtering the sanitised datasets.
Subsequently, the Fast Fourier Transform (FFT) was
applied to the time-domain data to facilitate its conversion
into the frequency domain. This facilitated the separation
of frequency bands that were significant, particularly within
the alpha (8-13 Hz) and beta (13-30 Hz) ranges.



CLASSIFICATION USING MACHINE
LEARNING

Using the labelled dataset, the machine can be trained to
identify which brain signals indicate overall stress or
relaxation. According to TuerxunWaili et al. (2020), the
influence of alpha and beta waves stands out as key features
that aid in the identification of stress. Consequently, these
parameters have been chosen as the features for the
machine learning model to learn and identify the traits of
both stressed and relaxed signals for the purpose of
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classification (Cai et al. 2018). The classification learner
toolbox in MATLAB will be used to develop the machine
learning model. The model was trained using four different
machine learning algorithms applied to the labelled dataset.
In order to reduce the risk of data overfitting, cross
validation was used involving the division of the dataset
into 5 folds (Brownlee, 2023). The model was trained using
four folds, with the remaining fold reserved for testing
purposes. Figure 3 below presents a block diagram that
summarises the entire process for increased visual
representation.

Gather 30 test
subjects

H

Request permission
through ethics form

~
Carry out stressed and
relaxed experiment
vy

-
Perform machine

learning in MATLAB
.

Feature extraction and analysis
of signal in OpenBCI

'

Data collection through
OpenBCl

|
'

p
Train model to classify stressed Verify if machine is able
and relaxed EEG brainwaves to classify signal
-
FIGURE 3. Process Flow
RESULTS AND DISCUSSION

The model achieved its peak accuracy with the
implementation of the Wide Neural Network as the chosen
machine learning algorithm. A precision rate of 90% was

achieved, as illustrated in Figure 4 below. WNN is
recognised for its capability to identify intricate and
concealed patterns within data, making it a powerful
machine learning algorithm for achieving accurate
predictions (Radhakrishnan et al. 2023).

D 5.3 Neural Netwaork

Last change: Wide Neural Network

Accuracy (Malidation): 80.0%
16/16 features

FIGURE 4. Accuracy of Wide Neural Network Model

As demonstrated in Table 2, KNN, SVM, and Naive
Bayes achieved accuracies of 70.4%, 63.3%, and 66.7%
respectively. KNN demonstrates a moderate accuracy of
70.4%, indicating that its effectiveness is influenced by the
complexity of the dataset and the chosen k-value. In the
context of high-dimensional data such as EEG signals,
KNN can encounter difficulties due to the complexity of
the feature space (Zhang, 2021), which accounts for its
reduced accuracy in comparison to WNN.

Regarding SVM, intricate and non-linear EEG data
can impact their effectiveness (Kavitha and Kaulgud,
2024), which may lead to challenges in identifying complex
non-linear patterns compared to a neural network,
ultimately resulting in reduced accuracy.

Naive Bayes shows a marginally superior performance;
however, its assumption regarding conditional probabilities
does not align with EEG data, leading to channel
correlations (Bafjaish, 2020). This limitation might account
for the reduced accuracy of Naive Bayes in comparison to
WNN.
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TABLE 2. Accuracy of Machine Learning Algorithms

The Wide Neural Network demonstrates superior

Machine Learning Algorithms Accuracy capability in identifying patterns and interactions compared
to KNN, SVM, and Naive Bayes when analysing complex,
Support Vector Machine 63.3% non-linear EEG data, achieving an accuracy of 90%. This
K-Nearest Neighbors 70.4% suggests that the flexibility of model capacity and data
Wide Neural Network 90.0% complexity is essential for achieving accurate classification.
Naive Bayes 66.7%
NAME MATLAB DSM'5 SAM SYSTEM
Identification CONDITION | DELTA | THETA | ALPHA | BETA |GAMMA

Stressed Stressed Stressed LOW | LOW | LOW | HIGH | HIGH

Stressed Stressed Stressed [OW | LOW | LOW | HIGH | HIGH

Stressed Stressed Stressed LOW LOW L[OW | HIGH | HIGH

Stressed Stressed Stressed OW | LOW | LOW | HIGH | HIGH

Relaxed Relaxed Relaxed OW | LOW | HIGH | LOW | LOW

Stressed Stressed Stressed LOW | LOW | LOW | HIGH | HIGH

Relaxed Relaxed Relaxed [OW | LOW | HIGH | LOW | LOW

Relaxed Relaxed Relaxed LOW [OW | HIGH | LOW LOW

Stressed Stressed Stressed OW | LOW | LOW | HIGH | HIGH

Relaxed Relaxed Relaxed OW | LOW | HIGH | LOW | LOW

FIGURE 5. Post-Survey Verification using DSM 5

A post-survey was conducted using the DSM 5 method
to verify whether the participants who were identified to
be ‘Stressed’ were experiencing stress. The names of the
students have been blurred out for privacy purposes. A
collaboration was done with Universiti Tun Hussein Onn
Malaysia (UTHM) to conduct the DSM 5 test on the raw
EEG data collected from the participants’ brain signals. As
proven in Figure 5 above, the results from the survey as
well as the mental state identified exactly match our

1k

08

=)
o

True Positive Rate
o
Y

02} | 7/

proposed model. Thus, the verification of the mental states
for the participants has been confirmed. The effective
validation of mental state identification through DSM 5
highlights the capability of MATLAB-based models in
examining EEG data for stress detection. This method
applies sophisticated analytical techniques to analyse EEG
signals, which can greatly improve the accuracy of
psychological evaluations.

— Relaxed (AUC = 0.88)
® Relaxed Model Operating Point
Stressed (AUC = 0.88)
®  Stressed Model Operating Point

04

06 08 1

False Positive Rate

FIGURE 6. Plots for Wide Neural Network Model



The plot illustrates the ROC curves and AUC (Area
Under the Curve) values, showcasing the model’s
capability to differentiate between the relaxed and stressed
classes. Figure 6 illustrates that the AUC for both classes
is 0.88, reflecting a commendable level of model
performance. An AUC of 0.88 suggests that there is an

Relaxed

True Class

Stressed
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88% probability that the model can effectively distinguish
between a randomly chosen stressed sample and a relaxed
sample. The ROC plot indicates that the model can
establish thresholds to differentiate between relaxed and
stressed states.

Relaxed

Stressed

Predicted Class

FIGURE 7. Confusion Matrix for WNN Model

The numerical depiction of the confusion matrix
shown in Figure 7 above provides further insights into the
effectiveness of the model’s predictions, highlighting the
count of observations for both stressed and relaxed
samples. Out of the 30 samples, 14 designated as “Stressed”
were correctly recognised as stressed (true positives), and
13 marked as “Relaxed” were accurately classified as

TPR

relaxed (true negatives). Nonetheless, the model generated
inaccuracies by misclassifying two samples labelled as
“Relaxed” as stressed (false positives) and failing to
identify one sample marked as “Stressed” as relaxed (false
negative). The recognised misclassifications underscore
opportunities for improvement, especially in distinguishing
relaxed states.

13.3%

6.7%

FNR

FIGURE 8. True Positive Rates (TPR) and False Negative Rates (FNR) for WNN Model
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As was previously labelled in Figure 7, the
“Relaxed” category is represented by the upper row,
while the “Stressed” category is represented by the
lower row. The efficiency of the model is highlighted by
the True Positive Rates (TPR) and False Negative
Rates (FNR) that are presented in this confusion
matrix. Figure 8 demonstrates that the model
correctly recognised 86.7% of the samples as
belonging to the “Relaxed” group. However, 13.3% of
the samples that were considered to be relaxed were
incorrectly categorised as being stressed. 93.3% of
stressed signals were effectively identified by the model,
whereas only 6.7% of calm signals were incorrectly
classified by the model. The model demonstrated
remarkable performance in the “Stressed” category.
Despite the fact that the matrix suggests that the
model is proficient at recognising “Stressed” states
as opposed to “Relaxed” states, there is still potential
for improvement, particularly in terms of minimising
the number of false positives that occur within the
relaxed category.

CONCLUSION

In conclusion, the model achieved a classification
accuracy of 90% using a Wide Neural Network,
demonstrating its superior capability to capture complex
patterns from data compared to KNN, SVM, and Naive
Bayes. WNN has shown a commendable ability to
distinguish between “stressed” and “relaxed” brain
states, successfully predicting 27 out of 30 samples
accurately. The ROC curve and AUC of 0.88 for both
classes indicated an effective level of separation. After
performing a detailed examination of the confusion
matrices, it was noted that the model exhibited
improved accuracy in identifying states,
reaching a true positive rate of 93.3%. The true positive
rate for relaxed states was noted to be 86.7%,
accompanied by a heightened false positive rate for the
relaxed category. The outcome yielded a false negative
rate of 13.3% for the relaxed category. The model
demonstrated a false negative rate of 6.7% when applied
to stressed samples. The findings indicate that the model
operates  successfully;  nonetheless, there  are
opportunities  for particularly  in
reducing false negative rates in order to improve
classification of brain states for the model created. To
overcome the constraints identified in this study, future
experiments could benefit from an increased number of
EEG channels. In addition, gathering data from students
enrolled in different programs will be taken into account
to increase the diversity of participants.

stressed

improvement,
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