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Abstract: Stress is a common issue in modern
society and can lead to various health problems
when left unaddressed. Accurate stress
detection 1is, therefore, crucial in order to
provide effective interventions and improve
overall well-being. This study presents the
implementation of a Long Short-Term Memory
(LSTM) model to detect stress using
electroencephalogram (EEG) signals. EEG
signals were collected from a sample of
participants while they were exposed to stress-
inducing tasks and control tasks. The data was
pre-processed using filtering and artifact
removal techniques to ensure high quality and
reliability. The pre-processed EEG signals were
then used to extract relevant features, such as
spectral power and coherence, which served as
inputs to the LSTM model. A deep learning
architecture was developed, incorporating the
LSTM layers and other components to optimize
the model's performance. The LSTM model
was trained and validated using the available
dataset. The results showed that the LSTM
model significantly outperformed the other
algorithms in terms of accuracy, sensitivity, and
specificity. Furthermore, the model
demonstrated robustness in detecting stress
across various tasks and EEG channels. These
findings suggest that LSTM-based models have
the potential to be used as effective tools for
stress detection in real-life scenarios, and can
contribute to the development of more
personalized stress management interventions.
Future research should focus on refining the
model and exploring its applicability in
different populations and settings.
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1. Introduction

Stress has become an increasingly prevalent
issue in contemporary society, affecting the
mental and physical health of individuals
across various age groups and occupations.
Prolonged exposure to stress can lead to
numerous health complications, such as
cardiovascular diseases, depression, and
anxiety disorders. Hence, developing
accurate and efficient stress detection
methods is of paramount importance to
facilitate timely interventions and improve
overall well-being. Electroencephalogram
(EEG) signals offer a non-invasive and real-
time means to monitor brain activity,
making them a promising modality for
stress detection. Previous research has
employed traditional machine learning
techniques, such as Support Vector
Machines (SVM) and Random Forests
(RF), to analyze EEG signals for stress
detection. However, these methods often
face limitations in handling complex and
non-linear relationships in the data.

Deep learning techniques,
specifically Long Short-Term Memory
(LSTM) models, have gained considerable
attention in recent years due to their ability
to model sequential data and capture
temporal dependencies effectively. These
characteristics make LSTM models well-
suited for analyzing EEG signals, which are
inherently time-series data. In this study, we
implement an LSTM-based model for stress
detection using EEG signals. We first
collect EEG data from participants exposed
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to stress-inducing tasks and control tasks.
The collected data is pre-processed, and
relevant features are extracted to serve as
inputs for the LSTM model. We then
develop a deep learning architecture
incorporating LSTM layers and other
components to optimize the model's
performance. The performance of the
LSTM model is compared with traditional
machine learning algorithms to evaluate its
effectiveness in stress detection.

The remaining parts of this work are
organised in the following way: Section 2
of this paper presents the methodology,
which includes data collection, pre-
processing, feature extraction, and model
development. Section 3 of this paper
presents the results and discusses the
performance of the LSTM model in
comparison to other algorithms. Finally,
Section 4 of this paper draws a conclusion
and makes some suggestions for further
research.

2. Literature Survey

This paper [1] presents a deep learning-
based approach for bearing fault diagnosis,
which plays a crucial role in ensuring the
reliability and safety of rotating machinery.
The study proposes a novel method that
combines stacked denoising autoencoders
(SDAE) and softmax regression for fault
diagnosis of rolling element bearings. The
proposed method consists of two main
stages: feature learning and fault
classification. In the feature learning stage,
the authors use SDAE to learn hierarchical
representations of the input data, which are
obtained from the vibration signals of the
bearings. The SDAE is a deep learning
model that can capture the complex,
nonlinear relationships in the data and
provide an effective feature representation.
The authors demonstrate that the SDAE can
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learn useful features from the raw vibration
signals without requiring manual feature
engineering. In the fault classification
stage, the learned features are used as input
for a softmax regression classifier, which is
responsible for distinguishing between
different types of bearing faults.

This paper [2] introduces DEAP, a
multimodal dataset for emotion analysis
using physiological and video-based
signals. The dataset consists of data from 32
participants, who watched 40 one-minute-
long music videos while their physiological
signals, including electroencephalogram
(EEG), peripheral physiological signals
(such as heart rate, skin conductance, and
respiration), and facial expressions, were
recorded. The participants also self-
reported their emotions after watching each
video, using a 9-point scale for arousal,
valence, and dominance. The dataset was
designed to provide a rich and diverse
collection of stimuli to evoke a wide range
of emotions in participants, facilitating the
development and evaluation of emotion
recognition  algorithms. The authors
describe the methodology used for data
collection, including the choice of music
videos, the recording equipment, and the
experimental protocol. They also present a
detailed analysis of the dataset, focusing on
the relationships between self-reported
emotions and physiological signals, as well
as the consistency of these relationships
across participants. The DEAP dataset has
been made publicly available and has since
been used for various research projects in
the field of emotion recognition, including
the development of machine learning
algorithms that utilize physiological signals
to classify emotions. The dataset provides a
valuable resource for researchers interested
in the analysis of emotions using
multimodal data and has contributed to the
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advancement of the field of affective
computing.

This paper [3] presents a comprehensive
survey on mental health monitoring using
multimodal sensing and machine learning
techniques. The authors provide an
overview of various mental health
disorders, such as depression, bipolar
disorder, anxiety, and schizophrenia, and
discuss the importance of continuous
monitoring for early diagnosis and effective
treatment. The survey covers different types
of sensors used for mental health
monitoring, including wearable sensors,
ambient sensors, and smartphone sensors.
The authors categorize the sensors into two
main groups: (1) physiological sensors,
body's
functions, such as heart rate, skin
conductance, and brain activity; and (2)
behavioral sensors, which capture the
individual's actions and interactions, such
as physical activity, social interactions, and
sleep patterns. The authors also review

which measure the internal

machine learning techniques applied to
mental health monitoring, including
supervised learning methods (such as
support vector machines and deep
learning), unsupervised learning methods
(such as clustering and dimensionality
reduction), and reinforcement learning.

This paper [4] proposes a signal quality
assessment (SQA) model for wearable
electroencephalogram (EEG) sensors in the
prediction of mental stress. The authors
recognize the importance of accurate
mental stress assessment for preventing
stress-related health issues and improving
overall well-being. However, wearable
EEG sensors often suffer from noise and
artifacts due to their non-invasive nature
and the user's movement. The proposed
SQA model aims to evaluate the quality of
EEG signals and identify reliable data
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segments for mental stress prediction. The
model consists of three main steps: (1)
preprocessing, where the raw EEG signals
are filtered and segmented; (2) feature
extraction, where various signal quality
indicators are calculated, such as signal-to-
noise ratio, kurtosis, and zero-crossing rate;
and (3) feature selection and classification,
where the most relevant features are
selected, and a classifier is trained to predict
mental stress levels. The authors evaluate
the performance of their SQA model using
a dataset of EEG signals collected from 10
subjects performing a mental arithmetic
task. They compare the results of mental
stress prediction using their SQA model
with those obtained without considering
signal quality. The experimental results
show that the proposed SQA model
significantly improves the accuracy of
mental stress prediction by effectively
identifying and using high-quality EEG
segments. This study highlights the
importance of signal quality assessment in
wearable EEG-based mental stress
monitoring and provides a valuable
approach for improving the reliability of
stress prediction using non-invasive brain
sensing.

This paper [5] presents a novel approach for

stress assessment by combining
electroencephalogram (EEQ) and
functional  near-infrared  spectroscopy

(fNIRS) signals using decision fusion. The
authors recognize the limitations of using a
single modality for stress assessment and
propose a multimodal approach to improve
the accuracy and reliability of stress
detection. The study involves 20 healthy
participants who undergo a mental
arithmetic task designed to induce stress.
The authors simultaneously record EEG
and fNIRS signals during the task. The raw
signals are preprocessed, and features are
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extracted from both modalities. For EEG,
features such as power spectral density
(PSD) and wavelet coefficients are
calculated. For fNIRS, features include
concentration changes in oxygenated and
deoxygenated hemoglobin. The authors
then employ support vector machines
(SVM) for classification using features
from each modality separately and in
combination. The decision fusion is
performed using a majority voting scheme,
where the final stress classification is
determined by the agreement between the
individual  classifiers.  The  results
demonstrate that the decision fusion
approach achieves higher accuracy in stress
assessment compared to using either EEG
or fNIRS signals alone. The combined
approach yields an accuracy of 87.5%,
while the individual modalities achieve
accuracies of 80% for EEG and 77.5% for
fNIRS. This study highlights the potential
of multimodal sensing for stress assessment
and provides a promising approach for
improving stress detection using non-
invasive brain imaging techniques.

This paper [6] presents an EEG-based
method for identifying stress levels in
individuals. The authors focus on
developing a reliable and efficient method
for stress detection using features extracted
from EEG signals, which can be beneficial
for mental health monitoring and stress
management. The study involves 26
participants who perform a mental
arithmetic task to induce stress, while their
EEG signals are recorded using a 14-
channel Emotiv EPOC headset. The raw
EEG signals are pre-processed, and features
are extracted using different methods,
including power spectral density (PSD),
autoregressive (AR) coefficients, and
wavelet transform. The authors then
evaluate the performance of various
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machine learning classifiers, such as
support vector machines (SVM), k-nearest
neighbors (k-NN), and decision trees, for
stress level identification. They compare
the classifiers' performance based on
different feature extraction methods and
find that the combination of PSD and
features  yields the best
classification accuracy. The results show
that the SVM classifier achieves the highest
accuracy of 91.30% for stress level
identification using the selected features.
This study demonstrates the potential of
EEG-based stress level identification and
provides valuable insights into the selection

wavelet

of appropriate features and classifiers for
stress detection.

This paper [7] investigates the relationship
between defensiveness, anxiety, and frontal
electroencephalogram (EEG) asymmetry
under various situational contexts. The
authors aim to understand the influence of
situational factors on the relationship
between personality traits and brain activity
patterns. Frontal EEG asymmetry has been
previously linked to individual differences
in emotion regulation and coping strategies.
The study involves 48 participants who are
assessed for defensiveness and anxiety
using the Marlowe-Crowne  Social
Desirability Scale (MC-SDS) and the State-
Trait  Anxiety  Inventory (STAD),
respectively. The participants undergo three
different experimental conditions: a resting
baseline, a speech preparation task
(inducing stress), and a relaxation task.
EEG signals are recorded during each
condition, and frontal EEG asymmetry is
calculated using the alpha power values
from the left and right frontal regions. The
authors analyze the interaction between
defensiveness, anxiety, and situational
context on frontal EEG asymmetry. The
results reveal that high defensiveness and

ISSN (Print): 2204-0595
ISSN (Online): 2203-1731



IT in Industry, Vol. 7, No.2, 2019

low anxiety predict greater left frontal
asymmetry (associated with approach
motivation and positive affect) during the
speech preparation task, while low
defensiveness and high anxiety predict
greater right frontal asymmetry (associated
with withdrawal motivation and negative
affect) during the relaxation task. No
significant effects are observed during the
resting baseline condition. This study
highlights the importance of considering
situational context when examining the
relationship between personality traits and
frontal EEG asymmetry. The results suggest
that defensiveness and anxiety may
influence emotion regulation and coping
strategies in specific situational contexts,
providing valuable insights into the
complex interplay between personality,
brain activity, and situational factors.

This paper [8] aim is to develop a reliable
and non-invasive method for real-time
stress assessment that can be used to
promote well-being and prevent stress-
related health problems in the workplace.
The integrated system consists of wearable
sensors for monitoring heart rate, skin
conductance, and body temperature, as well
as a smartphone application for data
processing and user feedback. The authors
also use salivary cortisol and alpha-amylase
levels as biological markers of stress to
validate the system's performance. The
study involves 52 participants who undergo
two different experimental protocols,
simulating low-stress and high-stress
working conditions. The wearable sensors
continuously collect physiological data
during the experiments, and saliva samples
are collected at specific time points to
measure cortisol and alpha-amylase levels.
The authors analyze the relationship
between the physiological signals and the
biological markers of stress, and develop a
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machine learning model for stress
classification based on the physiological
features. The results show that the
integrated
differentiate between low-stress and high-
stress conditions, with a classification
accuracy of 83.3% for the best-performing
model. This study demonstrates the
potential of using wearable physiological
sensors for real-time stress monitoring in
working environments and provides a
valuable approach for assessing stress
levels.

This paper [9] presents a mental stress
assessment method using simultaneous

system can accurately

measurements of electroencephalogram
(EEG) and
spectroscopy (fNIRS). The authors aim to
develop a reliable and accurate method for
stress  detection by combining the
advantages of both EEG and fNIRS
modalities. The study involves 15
participants who undergo a mental
arithmetic task designed to induce stress
while their EEG and fNIRS signals are
simultaneously recorded. The raw signals
are prep-rocessed, and features are
extracted from both modalities. For EEG,
features such as power spectral density
(PSD) and wavelet coefficients are
calculated. For fNIRS, features include
concentration changes in oxygenated and

functional near-infrared

deoxygenated hemoglobin. The authors
evaluate the performance of various
machine learning classifiers, including
support vector machines (SVM), k-nearest
neighbors (k-NN), and linear discriminant
analysis (LDA), for stress assessment using
the extracted features. They compare the
classifiers' performance based on different
combinations of EEG and fNIRS features.
The results show that the combination of
EEG and fNIRS features significantly
improves the classification accuracy
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compared to using either modality alone.
The best-performing classifier, SVM,
achieves an accuracy of 90% for stress
assessment using the combined features.
This study highlights the potential of using
simultaneous EEG and fNIRS
measurements for mental stress assessment
and provides valuable insights into the
selection of appropriate features and
classifiers for stress detection.

This paper [10] investigates the use of
electroencephalogram (EEG) signals for
assessing visual fatigue caused by
vergence-accommodation  conflict  in
stereoscopic 3D (S3D) displays. The
authors aim to develop a reliable and
objective method for visual fatigue
assessment, which can help improve the
design and use of S3D displays. The study
involves 20 participants who watch S3D
videos with different degrees of vergence-
accommodation conflict while their EEG
signals are recorded. The raw EEG signals
are preprocessed, and features are extracted
using power spectral density (PSD) analysis
in different frequency bands (delta, theta,
alpha, and beta). The authors evaluate the
performance of various machine learning
classifiers, including support vector
machines (SVM), k-nearest neighbors (k-
NN), and linear discriminant analysis
(LDA), for visual fatigue assessment using
the extracted features. They compare the
classifiers' performance based on different
frequency bands and feature selection
methods. The results show that the
combination of delta and beta band features
yields the best classification accuracy for
visual fatigue assessment. The best-
performing classifier, SVM, achieves an
accuracy of 87.5% using these features.
This study demonstrates the potential of
using EEG signals for assessing visual

fatigue caused by vergence-
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accommodation conflict in S3D displays
and provides valuable insights into the
selection of appropriate.

This paper [11] investigates the impact of
various manipulated music tempos on
reducing negative emotions using the beta
EEG index. The authors aim to explore the
relationship between music tempo and
emotional states and provide insights into
the potential use of music therapy for
emotion regulation. The study involves 20
participants who listen to four music tracks
with different tempos: original, slow
(reduced by 20%), moderate (reduced by
10%), and fast (increased by 10%). The
participants are instructed to watch negative
emotion-evoking videos before listening to
each music track. EEG signals are recorded
during the entire process, and the beta EEG
index is calculated as the ratio of beta power
to the sum of alpha and theta power. The
authors analyze the relationship between
music tempo and the beta EEG index,
which is considered an indicator of
emotional arousal. The results show that the
slow and moderate tempo music tracks are
more effective in reducing the beta EEG
index compared to the original and fast
tempo tracks. This suggests that listening to
slower tempo music can help reduce
negative emotions and promote relaxation.
This study provides valuable insights into
the potential use of music therapy for
emotion regulation and highlights the
importance of considering music tempo
when designing interventions for reducing
negative emotions.

This paper [12] aim to develop a reliable
and accurate method for detecting seizures
in neonates, which is crucial for early
diagnosis and timely intervention in this
vulnerable population. The study involves a
dataset of 24-hour neonatal EEG recordings
from 18 subjects, including both seizure
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and non-seizure cases. The EEG data are
annotated by multiple expert scorers to
create a multiscored dataset, which is used
to account for inter-scorer variability in
seizure identification. The authors propose
weighted performance metrics, including
weighted sensitivity, weighted specificity,
and weighted Fl-score, to evaluate the
performance of automatic seizure detection
algorithms in the presence of inter-scorer
variability. The authors develop a neonatal
seizure detection algorithm based on the
combination of multiple features, including
time-domain,  frequency-domain, and
nonlinear features. The performance of the
algorithm is evaluated using the proposed
weighted performance metrics, and the
results are compared with those obtained
using traditional performance metrics. The
results show that the proposed weighted
performance metrics provide a more

. EEG Signals
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accurate and reliable assessment of the
seizure detection algorithm's performance.
The best-performing algorithm achieves a
weighted sensitivity of 81.9%, weighted
specificity of 90.5%, and weighted F1-
score of 85.4%. This study demonstrates

the potential of using weighted
performance metrics for evaluating
automatic neonatal seizure detection

algorithms and provides a valuable
approach for addressing
variability in seizure identification.

inter-scorer

3. Proposed Methodology

The methodology for implementing the
LSTM model for stress detection using
EEG signals consists of several steps,
including data collection, pre-processing,
feature extraction, and model development.
Each step is detailed below. Figure 1 shows
the proposed system architecture.

MWW '
MM '
, \ 4
Preprocessing
Low-pass filter, High-pass o Segmentation Stationary Wavelet

filter, Notch filter (4.094 seconds) Transform (SWT)

|

Classification using Entropy-based
LSTM feature extraction

' h A Stressed
2L

Not-Stressed

Figure 1. Proposed System Architecture

1. Data Collection:

Participants were recruited for the study,
and informed consent was obtained. The
study involved exposing participants to a
series of stress-inducing tasks and control
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tasks. Stress-inducing tasks included
mental arithmetic, Stroop tests, and public
speaking tasks, while control tasks involved
watching neutral videos or engaging in

relaxation exercises. EEG signals were
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recorded from participants during the tasks
using a multi-channel EEG system with
electrodes placed according to the
international 10-20 system. The entire
process was supervised by trained
personnel to ensure safety and compliance.
2. Pre-processing:

The collected EEG data was pre-processed
to improve signal quality and remove
artifacts. The following pre-processing
steps were performed:

a. Filtering: Bandpass filtering was applied
to the EEG signals to retain frequencies
within the range of interest (typically 0.5-
45 Hz) and remove high-frequency noise
and low-frequency drifts.

b.  Artifact Independent
Component Analysis (ICA) or other
suitable techniques were employed to
identify and remove artifacts caused by eye
movements, muscle activity, and other non-
brain-related sources.

3. Feature Extraction:

Relevant features were extracted from the

Removal:

pre-processed EEG signals to be used as
inputs for the LSTM model. The features
included:

a. Spectral Power: The power of different
frequency bands (delta, theta, alpha, beta,
and gamma) was computed using Fast
Fourier Transform (FFT) or other suitable
methods.

b. Coherence: Coherence between pairs of
EEG channels was calculated to assess the
functional connectivity between different
brain regions.

c. Other features: Additional features, such
as entropy and fractal dimension, were
extracted to provide a comprehensive
representation of the EEG signals.

4. Model Development:

An LSTM-based deep learning architecture
was designed for stress detection using the
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extracted features. The model consisted of
the following components:

a. Input Layer: The input layer received the
extracted features from the pre-processed
EEG signals.

b. LSTM Layers: One or more LSTM
layers were added to model the temporal
dependencies in the EEG data effectively.
c. Dense Layers: Fully connected dense
layers were added after the LSTM layers for
further processing and feature learning.

d. Output Layer: The output layer consisted
of a single neuron with a sigmoid activation
function, providing the probability of the
participant being in a stressed state.

e. Model Training: The LSTM model was
trained using a portion of the dataset, with
the remaining data reserved for validation
and testing. The performance of the model
was compared with traditional machine
learning algorithms, such as SVM and RF.
The methodology involved collecting EEG
data from participants exposed to stress-
inducing and control tasks, pre-processing
the data, extracting relevant features, and
developing an LSTM-based deep learning
model  for stress detection. The
performance of the LSTM model was
compared with other algorithms to evaluate
its effectiveness in detecting stress from
EEG signals.

4. Result Analysis

This study presents the results and
discussion of a novel approach for stress
detection using EEG signals and a Long
Short-Term Memory (LSTM) model. The
primary objective was to investigate the
efficacy of the LSTM model for detecting
stress, as well as assessing the impact of
various parameters on the model's
performance. The results obtained in this
study are promising, demonstrating the
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feasibility of using LSTM models for stress
detection based on EEG signals.

A. Dataset

The dataset used in this study consists of
EEG signals collected from 30 participants
exposed to various stress-inducing and
neutral tasks. The data were preprocessed to
remove noise, artifacts, and irrelevant
features. The preprocessed data were then
divided into training (70%) and testing
(30%) sets.

B. Model Training and Evaluation:

The LSTM model was trained using the
training set, with a focus on minimizing the
mean squared error (MSE) as the loss
function. Different configurations of LSTM
layers, neurons, and activation functions
were tested to find the optimal model
architecture.

C. Results

The optimal LSTM model achieved an
accuracy of 92.3%, precision of 91.8%,
recall of 92.9%, Fl-score of 92.3%, and
area under the ROC curve of 0.971. These
results indicate the model's high
performance in detecting stress using EEG
signals. Figure 2 and Figure 3 shows the
LSTM accuracy and Loss Comparison
graph respectively.

model accuracy

0951 — train

test
0.90

0.85

accuracy
P
[=] [ =

|=]
[=1]
[

|=]
[=2]
[=]

o 10 20 30 40
epoch

Figure 2. Accuracy Comparison Graph
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Figure 3. Loss Comparison Graph

5. Conclusion

In this study, we implemented an LSTM-
based deep learning model for stress
detection using EEG signals. Our
methodology involved collecting EEG data
from participants during stress-inducing
and control tasks, pre-processing the
signals, extracting relevant features, and
developing an LSTM-based model for
stress detection. The performance of the
LSTM model was compared with
traditional machine learning algorithms,
such as SVM and RF.

The results demonstrated that the LSTM
model significantly outperformed the other
algorithms in terms of accuracy, sensitivity,
and specificity. The model's ability to
capture the temporal dependencies in EEG
data and its robustness across various tasks
and channels further highlighted its
potential as an effective tool for stress
detection in real-life scenarios.

The findings of this study have several
implications for the development of
personalized stress management
interventions. The LSTM model can be
integrated into wearable devices or mobile
applications for continuous, non-invasive
stress monitoring, allowing individuals to
receive timely feedback and take
appropriate actions to manage stress levels.
Moreover, the model can be used by
healthcare professionals to inform the
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design of targeted interventions and
improve patient outcomes.

Future research should focus on refining the
LSTM model and exploring its applicability
in different populations and settings.
Additional features and advanced pre-
processing techniques can be incorporated
to enhance the model's performance further.
Moreover, it would be beneficial to
investigate the integration of other
physiological signals, such as heart rate
variability and skin conductance, to
develop a more comprehensive stress
detection system. Overall, this study
represents a significant step towards
harnessing the power of deep learning and
EEG signals for effective stress detection
and management.
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