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ABSTRACT

Mental stress has been considered an important issue nowadays. Prolonged stress may lead to many severe
diseases like heart attack, diabetes, possible sudden death and mental disorder. The traditional technique of
clinical detection and monitoring the stress are mainly based on questionnaires and interviews. However, due
to their limitations and data handling obstacles, it is highly needed for more advanced techniques. Recently,
many studies have focused to classify mental stress using physiological signals such as heart activity, brain
activity, muscle activity, speech, and facial expressions. One way to collect the data from brain activity is
using a non-invasive device named Electroencephalograph (EEG). This paper gives a brief introduction of
EEG, followed by a comprehensive analysis of artifacts and their removal techniques. Two types of artifacts
in EEG and their removal methods are being discussed along with the challenges, advantages, and different
obstacles being faced by the experts. The possible machine learning (ML) and deep learning (DL) models for
mental stress classification are also discussed. Further, future direction on the possible methods to enhance

the accuracy of stress detection is discussed.
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1. INTRODUCTION

Mental stress is defined as “the body response
towards physical, mental, and emotional stimuli,
which is controlled by HPA-axis (Hypothalamus-
Pituitary-Adrenocortical axis)”. It is the reaction of
the human mind and body marked by discomfort or
anxiety when facing a challenging condition. Stress
is responsible for many chronic and acute health
disturbances [1].

Studies have shown that stress may indirectly
contribute to cardiovascular disease, obesity, and
high blood pressure owing to unhealthy eating
behavior i.e., low or high fiber food intake and
irregular eating routine [2]. Therefore, stress is
considered one of the contributing factors to
productivity loss and chronic disorders. Time,
pressure, and high workload are the main reasons for
increased stress levels and students face this tension
more as compared to other individuals [3].

Earlier research has also depicted that
outbreak of infectious diseases are associated with
mental health disorders i.e., insomnia, posttraumatic
stress disorder (PTSD), depression, and anxiety in

the survivors, affected communities, and healthcare
workers [4,5]. A meta-analysis of the Ebola disease
has shown significant factors of health problems in
the affected population [6]. Similarly, the occurrence
of stress and depression arises significantly during
Coronavirus disease 2019 (COVID-19). Certain
factors which contribute to stress and suicidal
ideations include the shock of being death-loss of
loved ones, loneliness, fear of being infected,
financial insecurity, emotional and physical fatigue
of health care workers [7], [8]. A study on COVID-
19 infected individuals revealed that 14 to 61% of
people face severe neuropsychiatric problems i.e.,
sleep disorder, depression, PTSD, and anxiety during
their illness, and 14.8 to 76.9% faced these issues
afterward. The studies have also shown that at least
one-third of the nurses faced issues of stress,
depression, and sleeping disturbance while working
in the COVID-19 wards [9].

Stress can be broadly divided into three
main types i.e., i) acute stress, ii) episodic stress and
iii) chronic stress. Acute stress refers to the pressure
due to routine workload. It generally lasts for a short
span i.e., the tight deadline for task achievement, etc.
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When acute stress is experienced frequently, it is
known as episodic stress. It is non-continual and can
stop as the task ends. The third type is chronic stress
which refers to persistent stress over a long-time
span. This form of stress can individually or
combinedly initiate violence, self-harm, and suicidal
thoughts in an individual [1]. Therefore, stress
assessment and detection at an early stage are
essential, however, challenging as every individual
experiences stress in a different way [7].

The studies related to Mental and
Neurological disorders uses different type of
stressful stimuli to evoke mental stress and measure
the neural activity following the repeating
presentation of the stimulus, There are two types of
stressful stimuli from the different brain networks
and functional processing neuroanatomical a)
systemic stressor (Physical threat) which is
immediate threatening conditions for homeostasis
such as hypotension, injuries, and fatigue b)
Processive stressor (Psychological threat) such as
mental arithmetic, memory retention, multiple tasks
to increase the stress, In most mental studies the
Processive stressor is used which is not threatening
the homeostatic system directly [10], [11].

Conventionally stress level is assessed
manually by using various scales i.e., Fear Survey
Schedule [12], relative stress scale [13], Cook-
Medley Hostility Scale [14], and brief symptom
inventory. All the mentioned techniques require
human intervention and manually interpreting the
results by visualizing patterns. However, the risk of
false interpretation and human error is also
significantly high using these schemes. The newer
techniques use sensors that measure stress through
skin conductivity, brain activity, heart rate
variability speech. In electrodermal activity response
or skin conductance the rate of flow of electricity
passed through the skin is measured [15]. During
stress conditions, skin conductance is enhanced
owing to the moisture on the surface of the skin. The
variations in the skin conductance are recorded for
an individual and accordingly classified into stress
types. Heart rate variability (HRV) is another widely
used non-invasive technique to measure the level of
stress [16]. The electrocardiogram (ECG) is a
graphical recording of the heartbeats which provide
useful information during normal and stress
conditions. Studies have shown that a decrease in
amplitude of ECG is an indicator of stress in the
individual. The reason is vasoconstriction where the
peripheral blood vessels squeeze. Thus, the HRV is
negatively affected during acute stress [17]. The
third method includes speech recognition. This
includes recognition through facial gestures and

speech while talking with the individual. Certain
systems are established such as NEVEN Vision and
FaceLab that are capable to measure stress
automatically through the face [18]. The fourth
method involves detection through brain activity. A
few of the popular techniques which uses brain
activity are positron emission tomography (PET),
functional magnetic resonance imaging (fMRI) and
electroencephalography (EEG). Out of which EEG
is widely adopted method owing to low intrusive
equipment and high temporal resolution. This
research is limited to the analysis of the stress
detection algorithms using electroencephalogram
(EEG) signal [18].

2. BACKGROUND THEORY OF EEG
SIGNAL

2.1 Whatis an EEG Signal?

Sections EEG is an electrophysiological
non-invasive approach for recording the human
brain's electrical activity. The first EEG report was
represented by a German psychiatrist in 1924. EEG
signals are commonly collected by using a particular
device known as an electroencephalogram.
Electrodes present in this device are inserted on the
human scalp and 8, 16, and 32 pairs of electrodes are
usually located on nasion, inion, right, and left
periauricular points on the head region [19].

EEG is a very helpful procedure for
evaluating the non-linear electrical functions of the
human brain's nerve cells. An EEG pathway is
formed by checking the potential difference (PD)
that is measured between two electrodes, placed at
some distance, and after this total potential of
neurons is recorded [20]. Its amplitude varies
between 10 - 200 p V having a frequency range
between 0.5 - 40Hz [21].

2.2 Common EEG Patterns

EEG is very important as it indicates the brain
activities which coul d reflect the human stress
levels. All types of stress can be easily measured and
predicted by using EEG analysis techniques. Post-
natal maternal stress can easily be detected by using
EEG-biomarkers and hence stress levels can be
identified [20].

Fourier Transform (FT) is typically used for
processing of EEG database. The spectrum of EEG
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covers a broad waveform, having five frequency stress,
bands including alpha, beta, delta, gamma, and theta frustration

[19]. The slowest frequency wave is a delta (d) wave
(0.5 - 4Hz) produced by EEG, which is identified
during the unconscious and deepest meditation.
When we have fears of something or remember a
troubled history that is represented in frequency (4 -
8 Hz) which is called as theta wave. Alpha (o)) waves
(8 to 12 Hz) are formed when a person is relaxing by
closing their eyes after completing a test but not in
deep sleep or any state of sleep. Researchers have
reported that during stress, there is a decrease in
power spectral density in the alpha band [85]. The
level of alpha waves also changes with the level of
stress [86].

Beta (B) wave (12 - 38 Hz) usually originated, when
a person is engaged in problem-solving, decision
making, focused mental activity, or judgment,
Normally Beta wave is divided into three bands, a)
Lo-Beta (Betal, 12-15 Hz) in the musing case, b)
Beta (Beta2, 15-22 Hz) represented by high
engagement, (c) Hi-Beta (Beta3, 22-38 Hz) which is
represented in high excitement or anxiety state.
Gamma (y) wave (over 38 Hz) is the fastest of brain
waves and it is stronger of all waveforms due to
greater electrical signals in reaction to visual
stimulation [21]. Table 1 explicates a description of
a typical waveform of EEG.

Table 1: EEG Normal Waveforms.

Brain | Frequenc Mental State Region
Waves | y Range of
Activity
Alpha 8-13 Hz Awake, resting | Occipital
state, quiet , parietal,
and
frontal
regions
Beta 14-30 Hz Tension state Temporal
and
parietal
regions
Delta <3.5Hz Serious organic Within
disease, deep the
sleep cortex
area
Gamm | 40-100 Hz REM sleep, The
a learning, forward
perception part of
the
cortex
Theta 4-7Hz Disappointment | Temporal
, emotional region

2.3 EEG Artifacts

EEG signals can be corrupted with noise
which significantly changes the shape of the original
signal and eventually affects the results. These non-
cerebral signals are referred to as EEG artifacts and
are picked owing to some peripheral muscular and
electrical activities during the neural signal
acquisition. The presence of any artifact deteriorates
the performance of the BCI system [22]. The
artifacts are broadly classified into non-
physiological (occurrence due to electromagnetic
sources) and physiological (muscular activities)
artifacts. The details are discussed in the subsection.

2.3.1 Physiological Artifacts

EEG signals can easily be corrupted with
biological activities i.e., electromyographic (EMG)
activity, electrocardiograph (ECG) artifacts,
unintentional eye moments, etc.

v" The eye moments (vertical and horizontal)
generate electric potentials which are like the
rotating electric dipoles. These blinking artifacts
are observed to be prevalent over the frontal
lobes of the cerebrum [23].

v" The expansion and contraction of ventricles and
atria generate strong muscular dipoles that are
known as ECG artifacts [24]. The cardiac
activity intermingles with the brain activity
signals and generates signals as high as 10 times
as that of EEG signals.

v" The third type of physiological artifact is the
pulse artifact which is generated when the
recording electrode is placed over the pulsating
blood vessel. This artifact depicts uniform wave
patterns and easily be rejected from the raw
signal [25].

v" The potential of skin changes owing to sweat
etc. causes the generation of patterns which are
of low frequency ranging from 0.2 Hz to 1 Hz
that interfere with the brain activity. This sweat
also increases the risk of variation in potential
across the scalp electrodes eventually changing
the shape of the extracted waveform.

2.3.2  Non-Physiological Artifacts

The EEG signals are also at risk of
contamination by electromagnetic sources i.e.,
power line interface [26]. Cable movements,
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changes in the impedances of the electrodes and

low battery acquisition, etc.

v' The alternating current has a frequency of 50/60
Hz and generates an electric field. If the
insulation is poor and the equipment is in the
vicinity of such an electric field, then the risk of
extraction of noisy signal enhances [27].

v The radio signals contain high-frequency waves
over 10 kHz. These radio waves when
interfering with the low-frequency EEG signals
generate artifacts. In [28] authors proved that
the alpha frequency band is changed owing to
exposure to the radiofrequency electromagnetic
exposure.

v The rubbing of shoes or hands against the floor
or each other generates large electric potential
owing to the high ground current between the
EEG recording device and the user. The
generated potential adds noise in the EEG
recordings [29]. In addition, movement of the
head after the placement of electrodes
contributes towards artifacts.

3. SIGNAL PRE-PROCESSING
ARTIFACTS REMOVAL:

AND

Signal pre-processing is an important step before the
stress level classification. This step involves
correcting or canceling the noise without distorting
the observed signal. It involves decomposing or
separating the EED data and extracting the signal of
interest [30]. The detail of the techniques is provided
in the subsequent section.

3.1 Filtering Techniques:

Various filtering schemes are employed in literature
for the artifact’s removal from the EEG signal, for
instance, Bayes filtering, Wiener filtering, and
adaptive filtering, etc. [31]. In these mentioned
schemes aim is to minimize the error between the
actual EEG and predicted EEG waveforms through
the weighting factor W.

3.2 Wiener Filtering:

Wiener filtering is an important statistical filtering
scheme that is used for estimating the actual EEG
signal from the corrupted data using linear time-
invariant (LTT) filtering. The goal of Wiener filtering
is to reduce the mean square error between the
desired process and the estimated random process. In
[32] the eye blink signal is estimated using a
multichannel Wiener filter and then subtracted from
the noisy EEG data to extract the pure EEG signal.

3.3 Adaptive Filtering

Adaptive filtering aims to purify the signal from
artifactual contamination by iteratively setting the
weights according to the optimization scheme. The
least mean square (LMS) and recursive least squares
(RLMS) are two popular adaptive filtering
algorithms [33]. LMS is the stochastic gradient
technique that iterates transversal filter weights in
the instantaneous gradient direction of the squared
error signal concerning tap weights. The technique
in [34] utilizes the LMS algorithm for the removal of
facial and ocular artifacts from the EEG signals. In
contrast to LMS in which the goal is to reduce mean
square error, in RLMS aim is to reduce the weighted
linear least square function. The rate of convergence
of RLMS is faster than LMS, however, its
computational cost is high [33].

3.4 Regression Method:

It is the conventional scheme for removing the
artifacts from the EEG signal. This scheme is applied
by assuming that every channel consists of an
artifact along with an EEG signal. The regression
technique describes the relationship between the
EEG channel and reference channel by transmission
factors and later subtracting estimated artifacts from
the EEG signal. Hence this algorithm demands
exogeneous reference to exclude the artifacts [35].

3.5 Wavelet Transform (WT)

This transform is used to convert the signal from the
time domain to the time and frequency domain and
has superior time-frequency features relative to the
Fourier transform. The studies show that WT shows
superior performance for the poor resolution and
non-stationary signals. The signal in WT is
represented by a different band of frequencies in the
time domain [36].

After the signal decomposition of EEG
using WT, the threshold is applied to discard the
artifactual signal. Even though this technique
provides better results, however, WT fails to
determine the artifacts which entirely overlap with
the raw EEG data. Hence researchers have used a
combination of independent component analysis and
wavelet transform.

3.6 Unsupervised Algorithms:

Unsupervised algorithms are also known as blind
source separation (BSS) are based on the data
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processing techniques which are independent of
extra reference channels and prior information [37].
The generalized technique is given as follows. Let Y
be the actual signal extracted from the scalp
electrodes. S is the source signal that includes signals
and artifacts. These signals are mixed by the
unknown matrix A to extract the observed signal.

Y=AS )
The inverse version is given as:
U=wYy 2)

Where W is the inverse mixing of Y and U is the
estimation of sources. Later the artifacts are
removed, and the signal is re-constructed to achieve
the aim of denoising.

3.6.1 Principle Component Analysis (PCA)

PCA is a widely used BSS scheme that converts the
time domain data into difference space through axes
rotation in N-dimensional space (n is the number of
EEG channels or variables) in such a way that new
space has orthogonal axes and minimum variance
[38]. PCA assists in dimensionality reduction and
highlights the features in the data that are normally
hardly identified in the spatially unfiltered data. [4]
proved that PCA is computationally effective than
linear regression. However, PCA fails to separate the
information when EEG data and the potential of
drifts are similar. Eventually, the researchers shifted
to other techniques ICA, etc.

3.6.2 Independent Component Analysis

ICA is introduced in EEG by various researchers in
EEG data for artifacts removal [39]. In contrast to
the assumptions taken in PCA, brain activity and
artifacts are usually sufficiently independent that
depicts the superiority of ICA. In practice several
ICA algorithms such as fast ICA, (extended)
InfoMax, SOBI are used in the bio-medical field
[40].

It consists of several algorithms for the
separation of linearly mixed data using only
recorded time information through the statistical
independence of the source. ICA can be separated
into those dependents using second-order statistics
(SOS) or time structured algorithms and others
exploiting higher-order statistics (HOS). The
frequently used ICA technique is HOS present in the
literature [41]. The HOS-ICA aims to recognize the
linear transformation for the estimated sources to be

as independent as possible. The measure of
independence can be linked to the probability
density function through the differential entropy
known as negentropy or using mutual information
[42].

As the principle of ICA is based on statistical
features the results are not reliable when the data
given is insufficient. Hence it is good to use all the
available data provided the cerebral activity and
artifacts are spatially stationary in the time domain.
However, such cases are not always occurred, and
recommended to use a 10s epoch to gain better
results.

3.7 Hybrid Techniques:

The hybrid algorithms aim in exploring the
efficiency and accuracy of two or more techniques
that are used in conjunction with each other. A few
popular hybrid schemes are listed below:

3. 71 Wavelet -
Analysis

Independent Component

The limitation associated with the failure of WT to
work in the spectral domain for artifact overlap
whilst constraints that several sources and
measurements must be equal results in the
introduction of wavelet ICA to get benefits of both
schemes. [42] separated the contaminated EMG
from the EEG signal and [43] used the WICA for the
removal of the single-channel artifact. Initially, the
recorded EEG is divided through wavelet transform.
Later wavelet resolution channels containing
artifactual components are fed into the ICA module.
Later the components corrupted with noise are
removed and signal reconstruction is performed
using disposed components and preserved wavelet
components.

3.7.2  Empirical Mode Decomposition-BSS

EMD is a technique used for non-linear and non-
stationary ~ signal  processing. It  generally
decomposes the signal into a set of components with
the amplitude-frequency modulation known as
intrinsic mode function (IMF) [44]. These IMF are
used with the ICA algorithm to estimate the source
signals. Authors [43], compared the performance of
EEMD-ICA with the wavelet-ICA and single-
channel ICA for artifacts removal. The results have
depicted the superior performance of the EEMD-
ICA over other techniques.
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4. FEATURE EXTRACTION

In order to improve the accuracy of the classifier, its
important to use feature extraction. Feature
extraction techniques play a vital role to improve
classifier accuracy.

To construct an Al classifier, useful features are
needed to be extracted from the EEG signals. Many
different techniques have been used by some
researchers to look at EEG signals, like Fast Fourier
Transformations (FFT) and Genetic Algorithms
(GA) [45], [46]. The frequency domain is the best
way to detect emotional activities and stress levels
with good accuracy, according to previous studies
[46]. While some other researchers have
demonstrated that incorporating time and frequency
features improves the detection rate of stress. [45],
[46].

4.1 Time-Domain Features

Time-domain features are extracted from raw EEG
signals, which mainly refers to variation of
amplitude of signal with time. These features
consider easy to implement but the primary
disadvantage of time-domain features is that the
EEG signal is non-stationary, with statistical
properties changing over time. Some examples of
statistical features are mean, median, variance,
standard deviation, skewness, and kurtosis [47].

4.2 Frequency-Domain Features

The power spectral density (PSD) of the signal,
which serves as the base for calculating the signal's
frequency domain characteristics, can be calculated
using a variety of parametric and non-parametric
methods. Non-parametric methods, such as the Fast
Fourier transform algorithm, FFT [48], Welch’s
method [49], or Thompson multitaper method [50].

5. STRESS BASED EEG SIGNAL
CLASSIFICATION USING ARTIFICIAL
INTELLIGENCE (AI)

This section of the paper will illustrate various
techniques and algorithms of machine learning and
deep learning being implemented for stress
classification. Machine learning, a branch of Al is a
method that is very helpful for data analysis and for
analytical evaluation of complex data. ML
algorithms work on the idea of systems learning
from data, identification of patterns, and making all
the possible decisions with the least human

intervention. These algorithms are very robust and
flexible for handling complex and big data.

Deep Learning is an ML technique that performs
different classification tasks based on images, texts,
and sound. DL models are very effective and achieve
the highest accuracy than human performance. In
DL algorithms, models are trained with the help of
labeled large data integrated with neural networks
structures. Unlike ML, DL is very advanced as it
contains automatic modeling and feature extraction
steps.

51 SVM

SVM is a binary classification model built-in feature
vector to discover the hyperplane that optimizes the
margin between input data classifications. Several
studies used SVM to discriminate between stress
levels. For example, studies in [51]and [52] applied
SVM to quantify two levels of stress and achieved
accuracy levels of 75% and 90% respectively. On the
other hand, studies in [53] have utilized SVM to
classify three levels of stress.

In [54], SVM was reported as being the best suited
for the classification of long—term human stress
using alpha symmetry as the feature. The frequency-
domain features were extracted using the alpha-
symmetry feature and the accuracy has been
improved up to 85.20 % using the evaluation-based
labeling method.

The sleep pattern was studied in [55] by using Al and
SVM, and the sleeping pattern and stress were
lowered to improve sleep quality. SVM's primary
goal is to categories sleep patterns. The merging of
machine learning with deep learning will aid in the
automation of operations, minimizing the need for
human interaction [55]. A self-stress detection
approach based on Al was described in [56], with
physiological signs, heartbeat, and galvanic skin
response used to determine stress level. The cloud-
based methodology is extremely useful for
identifying stress levels using sensors. The sensors
are embedded in the wearable gadget, and the
physiological data are recorded, from which stress is
detected [56].

The researchers in [57] combined the fractal
dimension and statistical features and used Support
Vector Machine (SVM) as the classifier. The results
have shown that four levels of stress can be
recognized with an average accuracy of 67.06%,
three levels of stress can be recognized with an
accuracy of 75.22 %, and two levels of stress can be
recognized with an accuracy of 85.71 %. The user's
stress level is displayed on the meter in real time.
[58].
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Sharma and Chopra in [70] have developed the
research which compiled a comprehensive
examination of the various classifiers, demonstrated
the feasibility of using the electroencephalogram
(EEG) for stress detection and the prevention of
physical and mental health issues was investigated
[59]. After the signal was preprocessed with the
Discrete Wavelet Transform (DWT), SVM was used
as the classifier for real-time stress level
identification. This program collected data in real
time and recognized three levels of stress. The EEG
data were collected using reusable EEG electrodes,
and the various stress indices were collected via
questionnaire [53].

Jebelli, Hwang, and Lee in [26] have conducted the
research which implemented the fixed windowing
approach and used the Gaussian SVM as the
classification algorithm, yielding a high accuracy of

80.23%. This is quite promising because it achieves
the best results in clinical domains. As a result, the
authors argued that the offered approaches are highly
essential and may be utilized for early detection of
stress, which is also very beneficial for improving
people's health and safety. [60].

Nirabi, Abd Rahman, Habaebi, Sidek, and Yusoffin
[51] have developed and retrieved a variety of
features from EEG signals using the discrete wavelet
transform (DWT), and then all of the signals were
categorized using machine learning techniques such
as SVM, Nave Bayes and k-nearest neighbors. Two
levels of stressful EEG data were discovered with
91.0, 81.7%, and 90.0% accuracy. Among these, the
SVM has the highest accuracy, with a 15.8%
advantage [61].

Table 2: Explaining the differences in accuracy being achieved based on SVM method integration with other ML

models.
Reference Features Specification Advantages with Accuracy Stress Classifier
and Data Set
[54] Alpha symmetry Feature The classification accuracy has been SVM
improved up to 85.20 %
[58] Fractal dimension and -Four levels of stress: 67.02 % SVM
statistical features -Three levels of Stress: 75.22 %
-Two-level of Stress: 85.71 %
[58] A broad range of EEG Gaussian SVM yielded 80. 32 % | Gaussian SVM
features and frequency accuracy.
domains
[61] N/A SVM outperforms all the SVM, Naive Bayes,
classifiers with a lead of 15.8 %. LDA, and k-nearest
neighbors

5.2 Naive Bayes

For feature selection, the unique Naive Bayes
method coupled with SVM, and multi-layer
perceptron was used, which selects features from the
specified EEG frequency range with classification
accuracy. Three different classifiers are used for
stress identification and classification of stress
levels. An accuracy of 92.85 % and 64.28% had been
achieved for two and three-class stress classification.
The five groups of features had been taken from the
theta band and the proposed model gives greater
accuracy [30].

Researchers in [62] showed that using a low beta
wave as a feature, the Nave Bayes classifier can
reduce computational costs by up to 7-fold while
increasing accuracy to 71.4%. The PSS

questionnaire was used to collect data, and the
single-channel EEG headset was used to collect
signals [62].

Different kinds of ML-based stress classification
algorithms were evaluated with EEG data recordings
from 20 patients in [63]. Absolute band powers were
derived and employed as frequency domain
characteristics. ML methods such as Naive Bayes,
K-nearest, SVM, and Gradient Boosting were used
to classify all the acquired data into stress and non-
stressed categories. Gradient boosting, which uses
10-fold cross-validation, has the greatest accuracy of
95.65% [63].

In [63], the Naive Bayes technique of SVM was used
to measure stress classification using EEG signal
recording. To improve the accuracy of stress
classification, the average values of R-S peak, R-R
interval, and Q-T interval were used to calculate the
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classification. The performance was improved and
evaluated using the stress classification model,
confusion matrix, and receiver operating
characteristics (ROC) curve. The proposed model,

which is based on the ML method, enhances
performance accuracy by 8.7% and achieves a
97.6% accuracy.

Table 3: Explaining the differences in accuracy being achieved based on Naive Bayes method integration with other

ML models.
Reference Features Specification Advantages with Accuracy Stress Classifier
[30] Five groups from theta Give an accuracy of 92.85 % as Naive Bayes, SVM
band compared to traditional algorithms.
[64] Low beta wave Accuracy enhanced to 71.4 % and 7 fold Naive Bayes
reduction in computational cost

[65] Frequency features of The highest accuracy has been achieved Naive Bayes,

absolute band power from Gradient Boosting with 95.65 %. Gradient Boosting,
RF, SVM

5.3 Deep Learning (DL) Methods
5.3.1 CNN and LSTM

Recent studies have used a very novel approach
based on deep learning to investigate various mental
diseases. For example, in [66], the researchers
analyzed the signals in frequency and time domain
and the signals were classified wusing the
convolutional neural networks (CNN). The results
from these experiments were proved to be very
useful and enhanced the importance of deep learning
for various applications of clinical assessment [66].
Researchers in [67] used CNN to classify stress
levels and compared the results to traditional
machine learning algorithms. the best results came
from CNN and MLP algorithms, which had an
accuracy of 96.42%. The data was collected from a
group of 28 healthy adults’ volunteers [67].
Electrophysiological signals and
electroencephalograms ~ were  presented  for
monitoring and classify the mental stress levels.

A multimodal fusion model based on CNN and Long
Short-Term Memory (LSTM) was suggested to
overcome the issues and challenges of classic
machine learning [68]. There are several approaches
of dealing with issues of under specification. One of
them is to create "stress tests" to see how well a
model operates on real-world data and to uncover
any potential issues. Nonetheless, this necessitates a
thorough grasp of the process; otherwise, the model
may perform incorrectly. "Designing stress tests that
are well-matched to application requirements and
provide good "coverage" of potential failure modes
is a key problem," the researchers concluded. Under
specification substantially limits the trustworthiness
of ML projections, which may need a significant

rethinking of certain applications. Because machine
learning is tied to humans through applications such
as medical imaging and self-driving autos, this issue
must be closely monitored [68], The vehicle data and
other contextual data were being collected with the
help of the deep learning stimulator, which make it
very useful to analyze and evaluate the driver stress
classification. The results indicated that fusion of
traditional and advanced models gave an accuracy of
92.8 % and improve the overall results [68].

CNN was implemented for the assessment of stress
and the signals are derived from heart rate from
Functional near-infrared spectroscopy (fNIRS). The
proposed model of DL consists of two parts: one is
based on CNN and the second consisted of deep fully
connected layers. The CNN has been compared with
the existing methods of deep learning and machine
learning for evaluating performance [71].

Another study using an LSTM-based classifier was
published in [72], which showed a 6.7% increase in
accuracy and a 2% increase in score level. When
compared to the best-performing logistic regression
model, the LSTM outperformed with a gain of 11%
in accuracy. By providing significant features (state
the features) as an input to the proposed ML method
[72], this LSTM model has been used to discriminate
between the stress and non-stress states.

54 RNN

The EEG signals were investigated for comparing
different ML-based classifiers for the assessment of
stress. Support vector machine (SVM) and deep
learning were mostly used classifiers. A total of
eleven subject-dependent models are based on
conventional brain-computer interfaces. Seven
models were trained using the latest deep learning
approaches based on EEG of neuro-typical
participants. The results have indicated that LSTM
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based RNN deep learning algorithm is more
effective and more capable of identifying the stress
having overall accuracy of 93.27 %. Hence this
study is very wuseful as it had successfully
implemented the LSTM RNN based models for
stress identification.
Many supervised learning and soft computing
techniques have been presented for stress diagnosis.
A review strategy including three-tier models of
manuscript selection, data synthesis, and data
analysis was adopted. All the drawbacks of the SL
and soft computing techniques have been
investigated and a solution comprising of integration
of supervised learning and soft computing
techniques was presented for designing more and
more innovative and stress diagnostic systems [71].
A multi-class two-layer LSTM RNN deep learning
classifier had been proposed for the identification of
anxious states based on EEG signals. This proposed
algorithm has achieved an accuracy of 93.27 % and
this is the first study to utilize LSTM RNN classifier
and showed improved results taking 11 subject-
dependent models. So, RNN is the very over-
reliance algorithm of deep learning and can be
implemented for small as well as for large data sets
[72].
Multi-class LSTM and RNN classifiers were
implemented for the identification of anxious states
based on EEG signals in [72]. The deep learning
algorithm was very effective for the discrimination
of anxious and non-anxious classes and yielded an
accuracy of 90.82 % and 93.27 %.
Multi-class LSTM and RNN classifiers were
implemented for the identification of anxious states
based on EEG signals in [72]. The deep learning
algorithm was very effective for the discrimination
of anxious and non-anxious classes and yielded an
accuracy of 90.82 % and 93.27 %.

5.5 DNN

With the help of deep CNN and a fully connected
DNN, an EEG-based stress recognition system has
been developed. The result of this research gave a
maximum yield of 86.62 % accuracy from the DNN
application and is very helpful for recognizing the
worker's stress. Hence, this is very useful and gave 6
% more accurate results as compared to traditional
feature-based stress recognition [73].

DNN was implemented for the identifications of
human emotions based on EEG signals and the
features of power spectral density and frontal
asymmetry have taken. This proposed strategy was
compared with the DNN, and the novel method
showed great accuracy especially for the studied data
set [74]. Based on EEG data collections, four various
types of classifiers are compared for the prediction
of stress including classic DNN, SVM, CNN, and
XGboost. The experimental research revealed that
all the classifiers have distinct potentials for stress
classification, with the best one achieving an
accuracy of 80% (Perez-Valero, Lopez-Gordo, and
Vaquero-Blasco, 2021). Some of the classifiers
based on traditional techniques achieved barely 50%
accuracy [75].

With the help of a detailed literature review of
EEG classification based on deep learning show,
these deep learning algorithms outperform for
classification purposes. This review research
discusses various types of deep learning models of
CNN, MLP, RNN, and other neural networks. There
are great practices of the DNN for EEG classification
and more and more focus is on advancing
technologies in the field of deep learning for future
advancements for stress classification tasks [76].

Table 4: Explaining the differences in accuracy being achieved based on Naive Bayes method integration with other

ML models.
Reference | Features Specification Advantages with Accuracy Stress Classifier
[77] Deep learning Applications and implementation of CNN
deep learning algorithm provides a new
benchmark for analyzing and
monitoring mental stress

[78] Multimodal Deep Learning Driver stress classification has been CNN and LSTM

improved with an accuracy of 92.8 %
[79] Machine Learning LSTM has shown an accuracy of 94 % KNN, SVM, DT,

CNN, LST
[80] Deep Learning The proposed algorithm has achieved an LSTM-RNN
accuracy of 90.82 %

[81] Machine Learning LSTM classifier has shown greater LSTM

accuracy with a 66.7% improvement
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EDA and BVP signal
characteristics
[82] Machine Learning Successfully identifies the stress states LSTM RNN deep
from EGG with an accuracy of 92.37 % learning classifier
[83] Deep Learning The stress level has been identified with Deep CNN and
86.62 % accuracy fully connected
DNN
need of the day is standardization in experimental
6.0 DISCUSSION settings that are used: such as duration of

Stress is an important factor that has implications on
health and productivity of humans. It is even more
important today due to the prevalence of COVID 19
all over the world, which is an important cause of
stress and depression.  Since different people
perceive stress differently, stress measurement
through surveys is very subjective. Several other
methods for objective measurements of stress are
available such as MRI and EEG. Out of these, EEG
is the most cost effective and non-intrusive method
to measure stress.

Functional near-infrared spectroscopy (fNIRS) and
EEG signals have recently been recognized as state-
of-the-art techniques. A more complete picture of
brain activity can be obtained by combining EEG
and fNIRS [69], where EEG measures
electrophysiological brain activation and fNIRS
measures cortical hemodynamic response similarly
to functional magnetic resonance imaging (fMRI),
but without the subject being subjected to
restrictions like remaining in a supine position in a
small space or being exposed to loud noises. Skin,
bone, and brain tissue are almost transparent to near-
infrared light (700—900 nm), which is used in fNIRS
[87].

EEG is obtained from human body by placing
electrodes on the head and recording electrical
activity. From the earlier discussion, it can be
concluded that ML and DL-based algorithms are
very useful for the evaluation, monitoring, and
classification of stress based on EEG signals.
Supervised learning techniques are beneficial for
features clustering and real-time stress monitoring.
In the above section different algorithms like SVM,
DNN, CNN, LSTM, and Naive Bayes are discussed
in detail with their accuracy margins and
implementation techniques for stress classification.
All the methods have their advantages and
disadvantages with novelty, we highlighted the key
differences spotted between the research findings
and argued that variations of the data analysis
techniques could be a significant contributing factor
towards several contradictory results. Hence the

experiment, type of tasks given, sample size, EEG
sensor used, and time of the day.

From patient mobility and ease of use point of view,
lower number of electrodes as better. It was found
from literature that one or two electrodes are
sufficient for detection of stress. This electrode has
to be placed close to the right prefrontal cortex as
this region is the most important in stress detection
[86]. However, for finding the level of stress, more
electrodes are required [84]. It is found that use of
larger number of electrodes is better to prevent data
loss, since in this case, the sensors are placed closer
together. It is worth noting that the majority of
studies have a limited sample size, meaning that the
amount of people involved is insufficient to
overcome prejudices caused by individual
differences. A larger sample size is needed to ensure
statistical power and to bolster our findings.

7.0 OPEN ISSUES AND FUTURE WORK

Researchers have achieved around 96% accuracy for
the two-class stress detection problem. Further
increasing the accuracy to make is closer to 100% is
worth investigation. Finer measurement of stress
required classification to multiple levels of stress.
The accuracy obtained for this problem using
machine learning methods is much lower and
requires significant attention. Reducing the number
of electrodes is also an important problem.
Improving accuracy of stress classification using one
or two electrodes is an important problem.

Using another data from the subject such as image or
video together with EEG signal can be investigated
for further improvement in stress classification. An
open dataset for this will be much welcome. New
technologies in the field of ML and Al such as GAN
and transformer based architectures could give better
performance for this problem.

Both fNIRS and EEG are portable, non-invasive, and
cost-effective brain imaging techniques that allow
researchers to examine brain function in situations
where other neuroimaging modalities, such as fMRI
and MEG, would be ineffective. As a result, despite
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the fact that there are several medical applications of
fNIRS, to the best of our knowledge, there is no
review article that analyzes the majority of the
medical uses of fNIRS. As a result, it may be an
interesting scope to offer a review article focused on
the medical applications of fNIRS, so that
researchers can focus on the future possibilities of
this modality and its applications in clinical
applications.

8.0 CONCLUSION

In this review paper, we presented a brief
introduction of EEG signals components, common
patterns of EEG followed by a comprehensive
analysis of artifacts and their removal techniques.
Two types of artifacts in EEG and their removal
methods are being discussed along with the
challenges, advantages, and different obstacles being
faced by the experts. The possible machine learning
(ML) and deep learning (DL) models for mental
stress classification are also discussed. Further, then
open issues and future direction on the possible
methods to enhance the accuracy of stress detection
is discussed for future research.

ACKNOWLEDGEMENT

The authors would like to thank International Islamic
University Malaysia (ITUM) through Research
Management Centre, RMC for financing the project
under ITUM Research Acculturation Grant Scheme,
IRAGS18-015-0016.

REFERENCES:

[1] Katmah R, Al-Shargie F, Tariq U, Babiloni F,
Al-Mughairbi F, Al-Nashash H. A Review on
Mental Stress Assessment Methods Using EEG
Signals. mdpi.com [Internet]. 2021 [cited 2022
Apr 12]; Available from:
https://www.mdpi.com/1202584

[2] O’Connor DB, Thayer JF, Vedhara K. Stress
and Health: A Review of Psychobiological
Processes. Annu Rev Psychol. 2021 Jan
4;72:663-88.

[3] Darzi A, Azami H, Neurodevelopmental RK-J
of, 2019 undefined. Brain functional
connectivity changes in long-term mental stress.
jncog.sbu.ac.ir [Internet]. 2019 [cited 2022 Apr
16];1:16-41. Available from:
https://jncog.sbu.ac.ir/index.php/researchejurid
ique/article/view/article 99047.html

[4] Casarotto S, Bianchi AM, Cerutti S, Chiarenza

GA. Principal component analysis for reduction
of ocular artefacts in event-related potentials of
normal and  dyslexic  children. Clin
Neurophysiol. 2004 Mar 1;115(3):609-19.

[5] Prevalence of symptoms of depression, anxiety,
insomnia, posttraumatic stress disorder, and
psychological distress among populations
affected by the COVID. Elsevier [Internet].
[cited 2022 Apr 12]; Available from:
https://www.sciencedirect.com/science/article/
pii/S0165178120332601?casa_token=4Rq7d1
K7abMAAAAA:tVXQsIxDTJHMqc3iWLDK
v9ac4dJVOtQRVRkpKCjojk aU8ySNnSkGW
5sAzOWghT9DdG4BUgqSxM

[6] Keita MM, Taverne B, Sy Savané S, March L,
Doukoure M, Sow MS, et al. Depressive
symptoms among survivors of Ebola virus
disease in Conakry (Guinea): Preliminary
results of the PostEboGui cohort. BMC
Psychiatry. 2017 Apr 4;17(1).

[71 Ahmed M, Ahmed O, Aibao Z, Hanbin S,
psychiatry LS-... journal of, 2020 undefined.
Epidemic of COVID-19 in China and associated
psychological problems. Elsevier [Internet].
[cited 2022 Apr 12]; Available from:
https://www.sciencedirect.com/science/article/
pii/S1876201820302033?casa_token=pEMRW
UuTIROAAAAA:bp_eolLfiCWqKFCWfy9bv
SfnOVd6slIEBaqqnuRwRXbs DtSykePnWse
DpL HUy2NNoaum3USxA

[8] Hao X, ZhouD, LiZ, Zeng G, Hao N, Li | Enzhi,
et al. Severe psychological distress among
patients with epilepsy during the COVID-19
outbreak in southwest China. Wiley Online Libr
[Internet]. 2020 Jun 1 [cited 2022 Apr
12];61(6):1166-73. Available from:
https://onlinelibrary.wiley.com/doi/abs/10.111
1/epi.16544?casa_token=_Zfif6Uly-
MAAAAA:gQXguf8QZWK-
GBpjNPz2mEgw2NHjgkTyEYQP1WzTWLd
Y4uT2Fj45vITysntPRG-
SwiMzWHHUO054nDS5

[9] Psychiatric and neuropsychiatric presentations
associated with severe coronavirus infections: a
systematic review and meta-analysis with
comparison to the. Elsevier [Internet]. [cited
2022 Apr 12]; Available from:
https://www.sciencedirect.com/science/article/
pii/S2215036620302030

[10]Helversen B von, Psychophysiology JR-, 2020
undefined. Stress-related changes in financial
risk taking: Considering joint effects of cortisol
and affect. Wiley Online Libr [Internet]. 2020
Aug 1 [cited 2022 Apr 12];57(8). Available
from:

R ————
6209




Journal of Theoretical and Applied Information Technology
31% October 2022. Vol.100. No 20

© 2022 Little Lion Scientific

i

" a
E7aN

ISSN: 1992-8645

wWww.jatit.org

E-ISSN: 1817-3195

https://onlinelibrary.wiley.com/doi/abs/10.111
1/psyp.13560

[11]0ng ZY, Saidatul A, Ibrahim Z. Power Spectral
Density Analysis for Human EEG-based
Biometric Identification. 2018 Int Conf Comput
Approach Smart Syst Des Appl ICASSDA
2018. 2018 Sep 28;

[12]Miller JJ, Fletcher K, Kabat-Zinn J. Three-year
follow-up and clinical implications of a
mindfulness meditation-based stress reduction
intervention in the treatment of anxiety
disorders. Gen Hosp Psychiatry. 1995 May
1;17(3):192-200.

[13] Ulstein I, Wyller TB, Engedal K. High score on
the Relative Stress Scale, a marker of possible
psychiatric disorder in family carers of patients

with dementia. Int J Geriatr Psychiatry
[Internet]. 2007 Mar 1 [cited 2022 Apr
12];22(3):195-202. Available from:

https://onlinelibrary.wiley.com/doi/full/10.100
2/gps.1660

[14] Weidner G, Friend R, ... TF-P, 1989 undefined.
Hostility and cardiovascular reactivity to stress
in women and men. psycnet.apa.org [Internet].
[cited 2022 Apr 12]; Available from:
https://psycnet.apa.org/record/1989-30129-001

[15]Skaramagkas V, Giannakakis G, Ktistakis E,
Manousos D, Karatzanis I, Tachos N, et al.
Review of eye tracking metrics involved in
emotional and cognitive processes. IEEE Rev
Biomed Eng. 2021;

[16]Baccouche A, Garcia-Zapirain B, Castillo Olea
C, Elmaghraby A. Ensemble deep learning
models for heart disease classification: a case
study from Mexico. mdpi.com [Internet]. [cited

2022 Apr 12]; Available from:
https://www.mdpi.com/690312
[17]Heart rate variability, trait anxiety, and

perceived stress among physically fit men and
women. Elsevier [Internet]. [cited 2022 Apr 12];
Available from:
https://www.sciencedirect.com/science/article/

pii/S0167876000000854?casa_token=kbyduSa

Qr5SYAAAAA:HpXxWMhlfnzcAoFOvTnjS2

QHOQ5VXqzUdlroKtFdGiBAah8kEgoj X0N8
MWO9iwiNbuxFnb8u-Lnk

[18]Sharma N, Gedeon T. Objective measures,
sensors and computational techniques for stress
recognition and classification: A survey.
Comput Methods Programs Biomed. 2012 Dec
1;108(3):1287-301.

[19]Dzedzickis A, Kaklauskas A, Sensors VB-,
2020 undefined. Human emotion recognition:
Review of sensors and methods. mdpi.com
[Internet]. [cited 2022 Apr 12]; Available from:

https://www.mdpi.com/1424-8220/20/3/592
[20]Pierce LJ, Thompson BL, Gharib A, Schlueter
L, Reilly E, Valdes V, et al. Association of
perceived maternal stress during the perinatal
period with electroencephalography patterns in

2-month-old infants. jamanetwork.com
[Internet]. 2019 [cited 2022 Apr
12];173(6):561-70. Available from:

https://jamanetwork.com/journals/jamapediatri
cs/article-abstract/2730067

[21]Abo-Zahhad M, Mohammed Ahmed S, Nagib
Abbas S. State-of-the-art methods and future
perspectives for personal recognition based on
electroencephalogram signals. [cited 2022 Apr
12]; Available from: www.ietdl.org

[22]Sweeney KT, Member S, Ward TE, Member S,
McLoone SF. Artifact removal in physiological
signals—Practices and possibilities.
ieeexplore.ieee.org [Internet]. 2012 [cited 2022
Apr 12];16(3). Available from:
https://ieeexplore.ieee.org/abstract/document/6
156441/

[23]Fatourechi M, Bashashati A, Ward RK, Birch
GE. EMG and EOG artifacts in brain computer
interface systems: A survey. Clin Neurophysiol.
2007 Mar 1;118(3):480-94.

[24]Jiang JA, Chao CF, Chiu MJ, Lee RG, Tseng
CL, Lin R. An automatic analysis method for
detecting and eliminating ECG artifacts in EEG.
Comput Biol Med. 2007 Nov 1;37(11):1660—
71.

[25]Wang C, Xu J, Zhao S, Access WL-I, 2019
undefined. Identification of early vascular

dementia  patients with EEG  signal.
ieeexplore.ieee.org [Internet]. [cited 2022 Apr
12]; Available from:

https://ieeexplore.ieee.org/abstract/document/8
720001/

[26]Matiko JW, Beeby S, Tudor J. Real time eye
blink noise removal from EEG signals using
morphological component analysis. Proc Annu
Int Conf IEEE Eng Med Biol Soc EMBS.
2013;13-6.

[27] Attarian HP, Undevia NS. Normal Sleep Stages.
Atlas Electroencephalogr Sleep Med. 2012;1—
24.

[28]Loughran SP, Verrender A, Dalecki A, Burdon
CA, Tagami K, Park J, et al. Radiofrequency
electromagnetic field exposure and the resting
EEG: Exploring the thermal mechanism
hypothesis. mdpi.com [Internet]. [cited 2022
Apr 12]; Available from:
https://www.mdpi.com/453402

[29] Artificial neural network classification of
motor-related eeg: An increase in classification

R ————
6210




Journal of Theoretical and Applied Information Technology &,/]

31% October 2022. Vol.100. No 20 i

© 2022 Little Lion Scientific O

ISSN: 1992-8645 wWww.jatit.org E-ISSN: 1817-3195
accuracy by reducing signal complexity. https://www.sciencedirect.com/science/article/

hindawi.com [Internet]. [cited 2022 Apr 12];
Available from:
https://www.hindawi.com/journals/complexity/
2018/9385947/

[30] Arsalan A, Majid M, Butt AR, Anwar SM.
Classification of Perceived Mental Stress Using
A Commercially Available EEG Headband.
IEEE J Biomed Heal Informatics. 2019
Nov;23(6):2257-64.

[31]Minguillon J, Lopez-Gordo M, Processing FP-
BS, 2017 undefined. Trends in EEG-BCI for
daily-life: Requirements for artifact removal.
Elsevier [Internet]. [cited 2022 Apr 12];
Available from:
https://www.sciencedirect.com/science/article/
pii/S1746809416301318?casa_token=rZ-
QKkMEE4ekAAAAA:BdBDVIOARIZZ369LSZ
2ACKMoYbquZulw8zy2MY Fv3QAkgpMKji
WdANT3y4pY2td42ZhB9RUJOJIDs

[32]Borowicz A. Using a multichannel Wiener filter
to remove eye-blink artifacts from EEG data.
Biomed Signal Process Control. 2018 Aug
1;45:246-55.

[33]Jiang X, Bian G, Sensors ZT-, 2019 undefined.
Removal of artifacts from EEG signals: a
review. mdpi.com [Internet]. 2019 [cited 2022
Apr 12]; Available from:
https://www.mdpi.com/417996

[34]Mehrkanoon S, Moghavvemi M, Fariborzi H.
Real time ocular and facial muscle artifacts
removal from EEG signals using LMS adaptive
algorithm. 2007 Int Conf Intell Adv Syst ICIAS
2007.2007;1245-50.

[35]REG-ICA: a hybrid methodology combining
blind source separation and regression
techniques for the rejection of ocular artifacts.
Elsevier [Internet]. [cited 2022 Apr 12];
Available from:
https://www.sciencedirect.com/science/article/
pii/S1746809411000061?casa_token=Y A8Lw
Cf-

TmOAAAAA:jUKt7 voFL1Kbedb8Bi7vlqyo6
YP8LADwWRg8Y 5CIrOtS4PqtlaBhZIzI9xNINy
GhuoFSbIPXihM

[36]Lakshmi K, ... SS-... IC, 2017 undefined. A
novel approach for the removal of artifacts in
EEG signals. ieeexplore.ieee.org [Internet].
[cited 2022 Apr 12]; Available from:
https://ieeexplore.ieee.org/abstract/document/8
300232/

[37] Artifacts-matched blind source separation and
wavelet transform for multichannel EEG
denoising. Elsevier [Internet]. [cited 2022 Apr
12]; Available from:

pii/S1746809415001111?casa_token=COYz4Z
CVq5YAAAAA:JRKBYYj13A0zfSuDBphz73
ddaQvra-fwqJ9LpI8bgZSQHzqg-
2QjguFIEHUCfr88RAakNVnrQddg

[38] Turnip A. Automatic artifacts removal of EEG
signals using robust principal component
analysis. Proc 2014 2nd Int Conf Technol
Informatics, Manag Eng Environ TIME-E 2014.
2015 Jan 15;331-4.

[39] Vigario R, Sireld J, Jousméki V, Himéldinen
M, Oja E. Independent component approach to
the analysis of EEG and MEG recordings.
ieeexplore.ieee.org [Internet]. 2000 [cited 2022
Apr 12];47(5):589. Available from:
https://ieeexplore.ieee.org/abstract/document/8
41330/

[40]Kachenoura A, Albera L, Magazine LS-... P,
2007 undefined. ICA: a potential tool for BCI
systems. ieeexplore.ieee.org [Internet]. 2008
[cited 2022 Apr 12];25(1). Available from:
https://ieeexplore.ieee.org/abstract/document/4
408442/

[41]James CJ, Hesse CW. Independent component
analysis for biomedical signals. Physiol Meas
[Internet]. 2004 Dec 20 [cited 2022 Apr
12];26(1):R15. Available from:
https://iopscience.iop.org/article/10.1088/0967-
3334/26/1/R02

[42] Winkler I, Haufe S, Tangermann M. Automatic
Classification of Artifactual ICA-Components
for Artifact Removal in EEG Signals. Behav
Brain Funct. 2011 Aug 2;7.

[43]Lin J, International AZ-N& e, 2005 undefined.
Fault feature separation using wavelet-ICA
filter. Elsevier [Internet]. [cited 2022 Apr 12];
Available from:
https://www.sciencedirect.com/science/article/
pii/S0963869504001525?casa_token=BKKVX
6272z5QAAAAA:DkdFeBddSwUCjM_hpY6-
1wS5wW-
NKgcz]Z5821jvp2nisOVb2woMW _KSj4QXr
NJfSemxjrXWBQO

[44]Chen X, Wang Z, Processing MM-IS, 2016
undefined. Joint blind source separation for
neurophysiological data analysis: Multiset and
multimodal  methods.  ieeexplore.ieee.org
[Internet]. [cited 2022 Apr 12]; Available from:
https://ieeexplore.ieee.org/abstract/document/7
461016/

[45]Jenke R, Peer A, Buss M. Feature extraction and
selection for emotion recognition from EEG.
IEEE Trans Affect Comput. 2014 Jul
1;5(3):327-39.

[46] Zamanian H, Farsi H. A new feature extraction

R ————
6211




Journal of Theoretical and Applied Information Technology

7
WAN

31% October 2022. Vol.100. No 20 I
© 2022 Little Lion Scientific lﬁr?

ISSN: 1992-8645

wWww.jatit.org

E-ISSN: 1817-3195

method to improve emotion detection using
EEG signals. Electron Lett Comput Vis Image
Anal. 2018;17(1):29-44.

[47]GEERING B, PA-J of sleep, 1993
undefined. Period-amplitude analysis and
power spectral analysis: a comparison based on
all-night sleep EEG recordings. Wiley Online
Libr [Internet]. [cited 2022 Apr 27]; Available
from:
https://onlinelibrary.wiley.com/doi/abs/10.111
1/j.1365-2869.1993.tb00074.x

[48] Schweizer D, Ried V, Rau GC, Tuck JE, Stoica
P. Comparing Methods and Defining Practical
Requirements for Extracting Harmonic Tidal
Components  from  Groundwater  Level
Measurements. Math Geosci [Internet]. 2021
Aug 1 [cited 2022 Apr 27];53(6):1147-69.
Available from:
https://link.springer.com/article/10.1007/s1100
4-020-09915-9

[49] Welch PD. The Use of Fast Fourier Transform
for the Estimation of Power Spectra: A Method
Based on Time Averaging Over Short, Modified
Periodograms. IEEE Trans Audio
Electroacoust. 1967;15(2):70-3.

[50]Thomson DJ. Spectrum Estimation and

Harmonic Analysis. Proc IEEE.
1982;70(9):1055-96.
[51]Khosrowabadi R, Quek C, ... KA-... joint

conference on, 2011 undefined. A Brain-
Computer Interface for classifying EEG
correlates of  chronic  mental  stress.
ieeexplore.ieee.org [Internet]. 2011 [cited 2022
Apr 16]; Available from:
https://ieeexplore.ieee.org/abstract/document/6
033297/

[52]Sani M, Norhazman H, ... HO-... IC on, 2014
undefined. Support vector machine for
classification of stress subjects using EEG
signals. ieeexplore.iecee.org [Internet]. [cited
2022 Apr 28]; Available from:
https://ieeexplore.ieee.org/abstract/document/7
086243/

[53] Gaikwad P, Paithane AN. Novel approach for
stress recognition using EEG signal by SVM
classifier. Proc Int Conf Comput Methodol
Commun ICCMC 2017. 2018 Feb 5;2018-
January:967-71.

[54]Muhammad S, Saeed U, Muhammad Anwar S,
Khalid H, Majid M, Bagci U. EEG based
classification of long-term stress using
psychological labeling. mdpi.com [Internet].
[cited 2022 Apr 12]; Available from:
https://www.mdpi.com/676772

[55]Tagade P, Adiga S, Pandian S, ... MPC, 2019

undefined. Attribute driven inverse materials
design using deep learning Bayesian
framework. nature.com [Internet]. [cited 2022
Apr 12]; Available from:
https://www.nature.com/articles/s41524-019-
0263-3

[56]Jesmin S, Kaiser M, MM-IAT, 2020
undefined. Towards artificial intelligence
driven stress monitoring for mental wellbeing
tracking during covid-19. ieeexplore.ieee.org
[Internet]. [cited 2022 Apr 12]; Available from:
https://ieeexplore.ieee.org/abstract/document/9
457769/

[57]Hou X, Liu Y, Sourina O, Tan YRE, Wang L,
Mueller-Wittig W. EEG Based Stress
Monitoring. Proc - 2015 IEEE Int Conf Syst
Man, Cybern SMC 2015. 2016 Jan 12;3110-5.

[58]Hou X, Liu Y, Sourina O, Tan YRE, Wang L,
Mueller-Wittig  W. EEG based stress
monitoring. In: 2015 IEEE International
Conference on Systems, Man, and Cybernetics.
IEEE; 2015. p. 3110-5.

[59] Sharma R, Chopra K. EEG signal analysis and
detection of stress wusing classification
techniques. J Inf Optim Sci. 2020 Jan
2;41(1):229-38.

[60]Jebelli H, Hwang S, Construction SL-A in, 2018
undefined. EEG-based  workers’  stress
recognition at construction sites. Elsevier
[Internet]. [cited 2022 Apr 13]; Available from:
https://www.sciencedirect.com/science/article/
pii/S092658051830013X?casa_token=FocrZ2a
au78AAAAA:93VRsC7 -
m7slli_InaPdFhtoHj6yIFIQD6XmtO7NAcK4
NeTLs11Z7ZCI0OvY1 VtuJFvoQiHIMw

[61]Nirabi A, Abd Rahman F, Habaebi MH, Sidek
KA, Yusoff S. Machine Learning-Based Stress
Level Detection from EEG Signals. In: 2021
IEEE 7th International Conference on Smart
Instrumentation, Measurement and
Applications (ICSIMA). IEEE; 2021. p. 53-8.

[62]Saced SMU, Anwar SM, Majid M, Awais M,
Alnowami M. Selection of Neural Oscillatory
Features for Human Stress Classification with
Single Channel EEG Headset. Biomed Res Int.
2018;2018.

[63]Phutela N, Relan D, Gabrani G, Kumaraguru P.
EEG Based Stress Classification in Response to
Stress Stimulus. Commun Comput Inf Sci.
2022;1546 CCIS:354-62.

[64]Saced SMU, Anwar SM, Majid M.
Quantification of human stress using
commercially available single channel EEG
Headset. IEICE Trans Inf Syst.
2017;100(9):2241-4.

R ————
6212




Journal of Theoretical and Applied Information Technology (=4
31* October 2022. Vol.100. No 20 I
© 2022 Little Lion Scientific 77 e

3
2

ISSN: 1992-8645

wWww.jatit.org

E-ISSN: 1817-3195

[65]Phutela N, Relan D, Gabrani G, Kumaraguru P.
EEG Based Stress Classification in Response to
Stress Stimulus. In: International Conference on
Artificial Intelligence and Speech Technology.
Springer; 2021. p. 354-62.

[66]Kulkarni N, Phalle S, Desale M, Gokhale N,
Kasture K, Student UG. A Review on EEG
Based Stress Monitoring System Using Deep
Learning Approach. shabdbooks.com
[Internet]. [cited 2022 Apr 13]; Available from:
http://shabdbooks.com/gallery/spl-189.pdf

[67]Kaminska D, Smotka K, Electronics GZ-, 2021
undefined. Detection of Mental Stress through
EEG Signal in Virtual Reality Environment.
mdpi.com [Internet]. [cited 2022 Apr 13];
Available from:
https://www.mdpi.com/1364650

[68] Rastgoo M, Nakisa B, Maire F, ... AR-ES with,
2019 undefined. Automatic driver stress level
classification using multimodal deep learning.
Elsevier [Internet]. [cited 2022 Apr 13];
Available from:
https://www.sciencedirect.com/science/article/
pii/S09574174193048907casa_token=G5SwG09
SnTYKAAAAA:LO6DaclECImCve7zdQIJSFO
NgaNECivxuQ3KPx84vcwCAJZviDmK1H-
zVmc6yVBVTIqthF76xja4

[69]Hakimi N, Jodeiri A, Mirbagheri M, Setarchdan
SK. Proposing a convolutional neural network
for stress assessment by means of derived heart
rate from functional near infrared spectroscopy.
Comput Biol Med. 2020 Jun 1;121:103810.

[70]Nath RK, Thapliyal H, Caban-Holt A. Machine
Learning Based Stress Monitoring in Older
Adults Using Wearable Sensors and Cortisol as
Stress Biomarker. J Signal Process Syst
[Internet]. 2021 Jan 2 [cited 2022 Apr 13];1-13.
Available from:
https://link.springer.com/article/10.1007/s1126
5-020-01611-5

[71]Sharma S, Singh G, Sharma M. A
comprehensive review and analysis of
supervised-learning and soft computing

techniques for stress diagnosis in humans.
Comput Biol Med. 2021 Jul 1;134:104450.

[72]Penchina B, Sundaresan A, Cheong S, Martel A.
Deep LSTM Recurrent Neural Network for
Anxiety Classification from EEG in
Adolescents with Autism. Lect Notes Comput
Sci (including Subser Lect Notes Artif Intell
Lect Notes Bioinformatics). 2020;12241
LNAI:227-38.

[73]Jebelli H, Hwang S, Lee S. EEG-based workers’
stress recognition at construction sites. Autom
Constr. 2018;93:315-24.

[74]Aldayel M, Ykhlef M, Al-Nafjan A.
Recognition of Consumer Preference by
Analysis and Classification EEG Signals. Front
Hum Neurosci. 2021 Jan 13;14:560.

[75]Popovic J, Brandell D, Ohno S, Hatzell KB,
Zheng J, Hu YY. Polymer-based hybrid battery
electrolytes:  theoretical insights, recent
advances and challenges. J Mater Chem A
[Internet]. 2021 Mar 16 [cited 2022 Apr
13];9(10):6050—-69. Available from:
https://pubs.rsc.org/en/content/articlehtml/2021
/ta/d0tal1679c¢

[76]Craik A, He Y, engineering JC-V-J of neural,
2019 undefined. Deep learning for
electroencephalogram (EEG) classification
tasks: a review. iopscience.iop.org [Internet].
[cited 2022 Apr 13]; Available from:
https://iopscience.iop.org/article/10.1088/1741-
2552/ab0ab5/meta

[77]Kulkarni N, Phalle S, Desale M, Gokhale N,
Kasture K. A Review on EEG Based Stress
Monitoring System Using Deep Learning
Approach. Mukt Shabd J. 2020;9(6):1317-25.

[78]Rastgoo MN, Nakisa B, Maire F, Rakotonirainy
A, Chandran V. Automatic driver stress level
classification using multimodal deep learning.
Expert Syst Appl. 2019;138:112793.

[79]Khan T, Javed H, Amin M, Usman O, Ishtiaq
Hussain S, Mehmoood A, et al. EEG Based
Aptitude  Detection System for  Stress
Regulation in Health Care Workers. Sci
Program. 2021;2021.

[80] Penchina B, Sundaresan A, Cheong S, Martel A.
Deep LSTM recurrent neural network for
anxiety classification from EEG in adolescents
with autism. In: International Conference on
Brain Informatics. Springer; 2020. p. 227-38.

[81]Nath RK, Thapliyal H, Caban-Holt A. Machine
learning based stress monitoring in older adults
using wearable sensors and cortisol as stress
biomarker. J Signal Process Syst. 2021;1-13.

[82] Sundaresan A, Penchina B, Cheong S, Grace V,
Valero-Cabré A, Martel A. Evaluating deep
learning EEG-based mental stress classification
in adolescents with autism for breathing
entrainment BCI. Brain Informatics. 2021 Dec
1;8(1).

[83]Jebelli H, Khalili MM, Lee S. Mobile EEG-
Based Workers” Stress Recognition by
Applying Deep Neural Network. Adv
Informatics Comput Civ Constr Eng [Internet].
2019 [cited 2022 Apr 13];173-80. Available
from:
https://link.springer.com/chapter/10.1007/978-
3-030-00220-6 21

R ————
6213




Journal of Theoretical and Applied Information Technology

7
WAN

31 October 2022. Vol.100. No 20 i |
© 2022 Little Lion Scientific T
ISSN: 1992-8645 wWww.jatit.org E-ISSN: 1817-3195

[84] Attallah, O. An Effective Mental Stress State
Detection and Evaluation System Using
Minimum Number of Frontal Brain Electrodes.
Diagnostics 2020, 10, 292.

[85] Al-shargie, F.; Tang, T.B.; Badruddin, N.;
Kiguchi, M. Simultaneous measurement of
EEG-fNIRS in classifying and localizing brain
activation to mental stress. In Proceedings of the
2015 IEEE International Conference on Signal
and Image Processing Applications (ICSIPA),
Kuala Lumpur, Malaysia, 19-21 October 2015;
pp. 282-286.

[86] Al-Shargie, F.; Tang, T.B.; Badruddin, N.;
Kiguchi, M. Mental stress quantification using
EEG signals. In Proceedings of the International
Conference for Innovation in Biomedical
Engineering and Life Sciences, Putrajaya,
Malaysia, 6—8 December 2015; pp. 15-19.

[87] Rahman M, Siddik AB, Ghosh TK, Khanam F,
Ahmad M. A narrative review on clinical
applications of fNIRS. Journal of Digital
Imaging. 2020 Oct;33(5):1167-84.

6214



