Computers in Biology and Medicine 107 (2019) 182-196

Contents lists available at ScienceDirect o8
Computers in Biology
and Medicine

Computers in Biology and Medicine .
it 4

journal homepage: www.elsevier.com/locate/compbiomed

Human stress classification using EEG signals in response to music tracks R

Check for
updates

Anum Asif’, Muhammad Majid™*, Syed Muhammad Anwar”

# Department of Computer Engineering, University of Engineering and Technology, Taxila, 47050, Pakistan
® Department of Software Engineering, University of Engineering and Technology, Taxila, 47050, Pakistan

ARTICLE INFO ABSTRACT

Stress is inevitably experienced by almost every person at some stage of their life. A reliable and accurate
measurement of stress can give an estimate of an individual's stress burden. It is necessary to take essential steps
to relieve the burden and regain control for better health. Listening to music is a way that can help in breaking
the hold of stress. This study examines the effect of music tracks in English and Urdu language on human stress
level using brain signals. Twenty-seven subjects including 14 males and 13 females having Urdu as their first
language, with ages ranging from 20 to 35 years, voluntarily participated in the study. The electro-
encephalograph (EEG) signals of the participants are recorded, while listening to different music tracks by using
a four-channel MUSE headband. Participants are asked to subjectively report their stress level using the state and
trait anxiety questionnaire. The English music tracks used in this study are categorized into four genres i.e., rock,
metal, electronic, and rap. The Urdu music tracks consist of five genres i.e., famous, patriotic, melodious, qawali,
and ghazal. Five groups of features including absolute power, relative power, coherence, phase lag, and am-
plitude asymmetry are extracted from the preprocessed EEG signals of four channels and five bands, which are
used by the classifier for stress classification. Four classifier algorithms namely sequential minimal optimization,
stochastic decent gradient, logistic regression (LR), and multilayer perceptron are used to classify the subject's
stress level into two and three classes. It is observed that LR performs well in identifying stress with the highest
reported accuracy of 98.76% and 95.06% for two- and three-level classification respectively. For understanding
gender, language, and genre related discriminations in stress, a t-test and one-way analysis of variance is used. It
is evident from results that English music tracks have more influence on stress level reduction as compared to
Urdu music tracks. Among the genres of both languages, a noticeable difference is not found. Moreover, sig-
nificant difference is found in the scores reported by females as compared to males. This indicates that the stress
behavior of females is more sensitive to music as compared to males.
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1. Introduction

Stress in everyday terms has been recognized as a state, where an
individual feel burdened and struggles to manage with psychological or
social demands. These demands can be related to work, relationships,
finances, and other similar situations in which an individual must
perform under sheer pressure. A rapid change in the surroundings that
requires the human body to react and adjust is typically described as
stress. It is the body's natural defense against predators and threats,
where the body gears up to evade or confront the perceived danger.
This is termed as a fight or flight mechanism. Stress impacts an in-
dividual's way of living and has the potential to be a major health threat
facilitating illness and disease [1,2]. It can be detrimental for both
physical and mental well-being [3]. Stress is a risk element for hy-
pertension [4], stroke [5], coronary artery disease [6], cardiac arrest
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[7-9] and other physical disorders such as irritable bowel syndrome
(IBS), back pain, and gastro esophageal reflux disease (GERD) [10].
Similarly, mental illnesses like depression and generalized anxiety
disorder are caused by stress [11].

Psychological stress has been linked as a co-factor of various dis-
eases. Therefore, it is essential to learn how to effectively measure
stress. Several responses are used to quantify the stress level and its
fluctuations. Clinically, an individual's stress level has been assessed
using self-report questionnaires, which are subjective indicators. These
questionnaires are based on rating stress levels by an individual on
various scales such as relative stress scale, perceived stress scale (PSS)
[12], and state-trait anxiety inventory (STAI) [13]. Alternatively, phy-
siological and physical measures have also been employed as objective
methods to quantify stress [14]. Some physical features sensitive to
stress are facial expressions [15], blink rate [16], pupil dilation [17,18],
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eye gaze [19] and voice [20-22]. On the other hand, stressful and
emergency situations induce dynamic changes in autonomous nervous
system (ANS) [23], which is organized into sympathetic and para-
sympathetic nervous system. They regulate heart rate variability (HRV)
[24], blood pressure, skin conductance [25], respiration [26], and brain
waves. However, latest neuroscience considers the human brain as the
main target of mental stress, because of its ability to determine whe-
ther, a situation is stressful and threatening [27,28]. The functional
changes in the brain activity are commonly analyzed using electro-
encephalography (EEG) [29], functional magnetic resonance imaging
(fMRI) [30], and positron emission tomography (PET) [31]. EEG is
considered as a suitable and non-invasive neuroimaging modality to
obtain the cortical response to stress. It is preferred due to its low cost,
less intrusive equipment, and high temporal resolution. Moreover, EEG
has shown association with other response measures such as heart rate
and HRV specifically in terms of stress [32].

Stress is an inevitable phenomenon and a prolonged stress related
experience is generally linked with the poor well-being of an individual.
Therefore, it is important to develop efficient stress prevention and
management approaches, which help an individual to recover the lost
stability. Different intermediations have been introduced in order to
promote an efficient stress recovery. Music listening is one of the most
frequently used approaches [33,34]. Music is an essential part of human
life, which can be used to express as well as evoke emotions [35-37].
The controlled use of specific kind of music and its ability to influence
behavioral, emotional, and psychological changes in human being
during the treatment of a disability or illness is usually referred to as
music therapy [38,39]. It has shown beneficial effects on stress related
physiological and emotional processes [40,41]. Two brain structures
i.e., hippocampus and amygdala are associated with the music induced
emotions and are known to be involved in regulating the hypothala-
mic—pituitary—adrenal (HPA) axis [42], which is activated when a si-
tuation is interpreted as stressful. ANS is another prominent stress-
sensitive system in the human body, which is involved in mediating
physiological changes induced by music. Therefore, the effect and in-
fluence of music listening on stress and anxiety has been studied ex-
tensively. Numerous studies have shown that the music could improve
an individual's emotional health by reducing the stress level. A sig-
nificant reduction in self-reported anxiety under controlled laboratory
conditions are highlighted in several studies [43,44]. An alteration in
the brain activity has been reported due to music listening, which
promotes the relaxation state [45]. Thus, the use of music has received
special interest as a non-invasive, easily implementable, economic, and
highly acknowledged tool in stress management and stress related
health concerns.

Several models have been developed by researchers for stress as-
sessment using EEG signals, which determine stress level based on the
brain activity. The electrical signals recorded in EEG are generated by
the underlying neural activity in the brain. These waveforms are re-
corded by electrodes placed on the human scalp and are usually char-
acterized by shape, amplitude and frequency. The frequency and am-
plitude variations in EEG signals are measured in hertz (Hz) and
microvolt range respectively. The frequency behavior of the EEG signals
is generally classified into five different bands i.e., delta (1-4 Hz), theta
(4-8 Hz), alpha (8-13Hz), beta (13-32Hz), and gamma (> 32Hz),
where each band could signify a different physiological state of mind. A
state of mind can be activated by using different stimuli such as audio
and video [37]. During negative emotions, the activities in right
hemisphere take over the activities in left hemisphere [46], which in-
dicate the area for stress detection. Alpha and beta bands signify con-
sciousness, while delta and theta bands represent unconscious state of
mind [47]. Rapid beta wave frequencies are considered as the char-
acteristic indicator of stress. For EEG based stress evaluation methods,
researchers have employed various features and classification techni-
ques. The features used for the purpose of stress classification are fre-
quency band power, peak frequency in alpha band, cross-correlation
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between band powers and Hjorth parameters, which are time-based
characteristics of EEG waveform [48]. Similarly, the ratio of power
spectral densities of alpha and beta bands has been computed for the
analysis of physical stress [49]. EEG signal has been analyzed in fre-
quency, time, and spatial domain using signal processing techniques
such as Fourier transform. The spatio-temporal EEG features are re-
ported to successfully classify traumatic brain injury and controlled
condition [50]. The changes in EEG absolute power and other con-
nectivity measures such as coherence have been observed due to stress
[51]. EEG alpha asymmetry is found to be influenced during stress
therapy [52]. It has also been utilized in a virtual reality environment to
reveal stress related issues [53]. Some other features such as EEG ei-
genvalue decomposition [54] and brain wave balancing index [55] has
been discussed in studies to assess the stress level. In the context of
stress identification and stress state classification using EEG based ap-
proaches, different computational methods are used, such as decision
trees [56], artificial neural network (ANN) [57], support vector ma-
chines (SVM) [58,59], random forest [60], Bayesian classifiers [46],
and K-nearest neighbors [54,61]. For an improved measure of stress,
EEG has been used in fusion with other modalities such as electro-
cardiography (ECG) [62] and skin conductance [59].

Music listening is assumed to influence stress related cognitive and
physiological responses as it can initiate multitude of cognitive pro-
cesses in human brain [63]. In the context of music listening after a
stressful experience, a decline in the perceived level of psychological
stress and an increase in the stress coping ability on an individual is
reported [64,65]. Music listening has been shown to effect anxiety,
which is considered as an adaptive response to a stressful or threatening
experience. As music listening is assumed to trigger brain activities
related to the intense emotional experience [66-68], therefore it could
modulate anxiety levels induced by a stressful experience. The most
consistent findings in this line of research have reported a reduction in
anxiety levels, after listening to music both in the laboratory settings
[69,70] and in out-of-lab experiments [71]. However, not all findings
reported a decrease in anxiety after music listening [72,73]. The se-
lection of appropriate music is another significant consideration, since
all kinds of music cannot successfully reduce stress. The effect of dif-
ferent music genres on reducing stress has been explored in several
studies. In particular, classical music is found to be more stress relieving
than non-classical music such as heavy metal and hard rock [70]. Si-
milarly, sedative music or silence reduces tension and has a relaxing
effect, as compared to stimulative music or noise [74,75]. In contrast,
no significant difference in stress reduction has been found in the effects
of silence, sedative, and stimulative music [76]. Therefore, due to an
inconsistent pattern of reported results, a firm conclusion cannot be
drawn regarding the influence of music on emotional and cognitive
components of stress response.

Besides the lack of research in exploring and investigating the in-
fluence of music on stress response, the existing literature report dis-
crepant findings, when physiological markers of stress are compared
with self-reported stress. The methodological limitations, such as a
small sample size and different music selection might be the reason for
such discrepancies. Even though music listening seems to have an in-
herent ability to reduce the psychobiological stress response, but due to
the inconsistent research pattern, a definitive conclusion about its ef-
fectiveness cannot be drawn. In view of these considerations, we set out
to examine the effect of music listening on human stress response using
brain signals for healthy participants in a laboratory setting. We hy-
pothesize that music listening could affect the EEG rhythms, which can
quantitatively identify the stress level if analyzed properly.
Furthermore, we are interested in whether language, gender, and genre
related differences influence stress reducing effects of music listening.
Music tracks from two languages i.e., English and Urdu are considered
for the purpose of analysis. Five groups of features are extracted from
EEG signals recorded by a commercially available MUSE headband.
These are used to classify human stress into multiple states using four
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different classifiers including sequential minimal optimization (SMO),
stochastic gradient descent (SGD), logistic regression (LR), and multi-
layer perceptron (MLP). The major contributions of the paper in this
line of research are,

1. A new dataset based on EEG signals while listening to music tracks
of two different languages i.e., English and Urdu are acquired by
using a commercially available four-channel brain sensing MUSE
headband.

2. An objective framework of features based on EEG signals is proposed
to enhance human stress classification accuracy.

3. The influence of different language music tracks, music genres, and
gender related differences in stress reducing effect of music listening
are analyzed.

The rest of the paper is structured as follows. The detailed metho-
dology is explained in Section 2. Section 3 describes the experimental
results of stress classification in response to music and the statistical
significance of music with respect to gender and language is presented.
The discussion of results and comparison is provided in Section 4, fol-
lowed by conclusion in Section 5.

2. Proposed methodology

The proposed framework for stress classification from EEG signals in
response to music stimuli is shown in Fig. 1, which consists of four steps
i.e., EEG data acquisition, preprocessing, feature extraction, and clas-
sification. The brain activity of 27 subjects is recorded using a four-
channel brain sensing MUSE EEG headband in response to different
language music tracks. The noise in the recorded EEG signals is re-
moved by using the built-in preprocessing mechanism of MUSE head-
band. After preprocessing, five groups of features are extracted from
each band of each channel, which are arranged in the form of a row
vector for each subject. The subjects are labeled based on the state
anxiety score after listening to the music track. Four different classifi-
cation algorithms are used to classify human stress into multiple stress
states. To validate the classification algorithms, a 10-fold cross valida-
tion is used, which splits the data into ten equal segments. For each
round, nine segments are treated as training data and one segment is
treated as test data. The following subsections describe the details of
each block.

2.1. EEG data acquisition

This stage includes recording of the brain signals of participants,
before and after the music stimuli is presented. The details of partici-
pants involved, music stimuli, apparatus used for data acquisition, self-
report questionnaires, and experimental protocol followed in this study
is presented in the following subsections.

2.1.1. Participants
A total of 30 healthy subjects including 15 males and 15 females
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participated voluntarily in this study with a signed consent. The par-
ticipants belonged to diverse cultural and educational backgrounds
with Urdu being their first language and ages ranging from 20 to 35
years. All participants have normal hearing power and no reported
history of neurological disorder. Out of 30 subjects, the data for 3
participants (1 male and 2 female) were excluded because of the cor-
rupted EEG recordings. The participants were naive in respect of this
study. Before the start of the experiment, the subjects were informed
about the protocol and scope of the study. The participation in the study
was voluntary and the procedures were followed according to the
principles of Helsinki declaration. The study was approved by the board
of advanced studies and research at the University of Engineering and
Technology, Taxila.

2.1.2. Music stimuli

As an external stimulus, nine audio music tracks in mp3 format
sampled at 44.1 kHz were used for the stress classification experiment
based on EEG signals. Out of these 9 tracks, 4 tracks are in English,
while the remaining 5 tracks are in Urdu language. The English music
tracks consisted of four genres i.e., rock (0-20.2kHz), metal
(0-16 kHz), electronic (0-16.1 kHz), and rap (0-15.1 kHz). The Urdu
music tracks included five genres i.e., famous (0-15.9 kHz), patriotic
(0-15.8 kHz), melodious (0-20.2 kHz), gawali (0-10.6 kHz), and ghazal
(0-19kHz). The music tracks for each genre were selected based on
their YouTube rating. To avoid the likelihood of boredom during the
experiment, an extract of 1-min from each music track is used as a
stimulus.

2.1.3. Self-reports and questionnaires

The clinical and socio demographic data about psychological
symptoms like depression, stress, and anxiety is collected through self-
report questionnaires filled by the participants. Initially, a demographic
questionnaire was used to collect information such as name, age,
gender, and education etc. To analyze the effect of different situations
on an individual's feelings and to assess the perception of stress, state-
trait anxiety inventory (STAI) questionnaire was used. It is a psycho-
logical questionnaire typically used to assess the state and trait anxiety
in a clinical or non-clinical setting [13]. STAI consists of two forms i.e.,
Y1 and Y2, both having a total of 20 questions, to assess state anxiety
and trait anxiety respectively. State anxiety refers to a person's feeling
at the time of perceived danger such as fear and discomfort. On the
other hand, the trait anxiety is usually linked to the feelings across
typical situations experienced daily such as worry and stress. Both
forms are based on a four-point scale and have a score range between
20 and 80.

2.1.4. Apparatus

The electrical activity of the brain was recorded using a commer-
cially available non-invasive four channel MUSE EEG headband at a
sampling rate of 256 Hz. EEG data obtained by MUSE headband gives a
real time insight into the human brain. The headband is easily ad-
justable, and the electrodes are placed on the scalp according to the

Subject wearing MUSE
EEG headband while
music listening

90% training
EEG.I?a}ta —»| Pre-processing |—» Fcatur.e —» Classification
Acquisition Extraction

10% testing

Fig. 1. Stress classification framework using EEG signals.
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10-20 electrode positioning system at locations AF7, AF8, TP9, and
TP10, with a reference electrode at Fpz. The material used for AF7 and
AF8 is made of silver, while conductive silicon rubber is used for TP9
and TP10. MUSE EEG headband along with the electrode positioning
according to the 10-20 positioning system is shown in Fig. 2. It offers a
wide range of benefits such as flexibility, extreme accessibility and
lightweight. Moreover, it is wireless and can be paired with any
smartphone or tablet device. The EEG data was recorded on a smart
phone by using the MUSE monitor application, which is then trans-
ferred via Bluetooth for offline processing. All EEG recordings were
carried out in a noise free and isolated environment.

2.1.5. Experimental procedure

Before the start of experiment, the entire experimental procedure
was explained to each participant. On the day of recording, the ex-
perimental setup was organized such as to record brain signals from
EEG MUSE headband, while listening to the music. Fig. 3 represents the
experimental procedure followed for data acquisition in this study. The
EEG data was acquired during the stages represented in blue color.
First, the participants filled the consent, demographic, and trait anxiety
(Y2) forms, followed by the baseline EEG recording of 3 min. After
baseline recording, the state anxiety form (Y1(i)) was filled by the
participant and then a music track belonging to a genre and language
was presented. The subject was seated on a comfortable chair and
headphones were used for music listening. The loudness of the music
track was adjusted according to the participant's comfort level. The EEG
signals of the participant were also recorded, while listening to the
music track by using the MUSE EEG headband. After listening to the
music track, the state anxiety form (Y1(ii)) was again filled by the
subject, which was used for labeling the data for stress classification
task. The same procedure was repeated three times for each subject by
presenting music tracks of a different language and genre.

10 min

3 min 1 min 3 min

Time

3 min

Fig. 3. The experimental procedure followed for data acquisition in the pro-
posed study.
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(b)

Fig. 2. (a) MUSE EEG headband (b) MUSE EEG headband electrode positioning according to 10-20 electrode positioning system.

2.2. Signal preprocessing

The recorded EEG signals are preprocessed to remove noise, before
feature extraction and classification. The MUSE headband provides
both raw and preprocessed EEG signals. A notch filter is applied to the
raw EEG data, whose value can be adjusted. Notch filter is usually re-
ferred to as a band rejection or band stop filter with a narrow stop band.
The raw EEG signals are passed through the filter to remove frequencies
between 45 and 64 Hz inclusive. A computationally efficient, noise-free
preprocessed signal in MUSE is obtained by over-sampling followed by
down-sampling to yield an output sampling rate of 256 Hz, with 2uV
(rms) noise. Active noise cancellation is achieved by using an on-board
driven right leg (DRL) circuit between the frontal electrodes and Fpz
electrode. DRL is a feedback circuit designed to remove the noise from
EEG signals and ensures that the EEG electrodes have proper skin
contact. The characteristics of the incoming EEG signal i.e., variance,
amplitude and kurtosis are used in a decision tree, where signals with
low values for variance, amplitude, and kurtosis are regarded as clean.
On-board digital signal processing module performs fast Fourier
transform on the raw EEG signal using a 256-sample window size with
an overlap of 90% to give the required frequency bands. The five EEG
bands obtained from muse headband include delta (1-4 Hz), theta
(4-8 Hz), alpha (8-13Hz), beta (13-30Hz), and gamma (30-44 Hz)
bands. These frequency ranges are specified in the MUSE hardware
design specifications.

2.3. Feature extraction

EEG signals contain a large amount of information regarding the
functional patterns of brain. The main objective of feature extraction
from EEG signals is to extract meaningful information, which can be
used for the classification task. In this study, five groups of features are
extracted from preprocessed EEG signals from four channels (AF7, AF8,
TP9, TP10) and five bands. The details of each feature group are pre-
sented in following subsections.

2.3.1. Absolute power

For the estimation of absolute power, EEG signal is first transformed
into frequency domain using the fast Fourier transform (FFT). A 256-
sample tapered cosine window with 75% overlapping is used to apply
FFT. The cosine tapered window, which is a rectangular window with
the initial and last sample equal to the parts of cosine, is computed as,
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The EEG absolute power is computed by taking the absolute of FFT
of signal and dividing it by the length of the signal. The EEG absolute
power is calculated for all four channels across five frequency bands
comprising of 20 features i.e., f;-f5o.

2.3.2. Relative power

Relative power is typically derived from absolute power and is used
to determine the rhythmicity of EEG signals. It is computed by dividing
the specific band power to the total power in all the bands and is cal-
culated as,

Power in band

Relative Power = X 100%

Total power

(2)

The relative power is also calculated for each of the four scalp lo-
cations and five frequency bands comprising of 20 features i.e., f3;-f40.

2.3.3. Coherence

To determine the functional interaction between brain locations, a
connectivity measure known as coherence is computed. It reports the
degree of association of EEG recorded at two scalp locations. The idea
behind using coherence as a feature is to indicate the functional con-
nectivity between the stress and non-stress conditions. The mathema-
tical representation of coherence is given as,

2
|H |

¥ HIH | 3)

where H,, is the cross spectral density between x and y, and H, and H,
are the autospectral density of x and y respectively. It is the ratio be-
tween the cross spectrum of the two signals and auto spectra of the
individual signals. Coherence is calculated for six pairs of channel lo-
cations across each frequency band. The corresponding six pairs of
channel locations are (AF7, AF8), (AF7, TP9), (AF7, TP10), (AF8, TP9),
(AF8, TP10), and (TP9, TP10) respectively. The number of features
extracted in this group is 30, which are represented as f4;-f;.

2.3.4. Phase lag

Phase lag is another functional connectivity measure, which is used
to determine the lead or lag between two EEG signals from distinct
brain locations. The phase is defined as the ratio of FFT's quadrature
components and is generally described as,

6= arctan(é)
a @

where a represents the in-phase real component, while b represents the
out of phase imaginary component of signal computed from the FFT. By
subtracting the individual phases of the signals from two locations,
phase difference is calculated as,

b2 b1
6—-6,= arctan(—) — arctan(—)
a2 al %)

The square root of the squared phase difference results in the ab-
solute phase delay. The features of phase difference are computed for
six electrode pairs for each frequency band comprising of 30 features
i.e., f71-f1()().

2.3.5. Amplitude asymmetry

Amplitude asymmetry is a measure of brain connectivity extracted
from EEG signal, which indicates the relative excitation between two
electrode locations. The difference between amplitudes of the signals
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and its normalization by the sum of these amplitudes is used to find the
asymmetry and is calculated as,
X-Y
X+Y

Asymmetry = 6)

where X and Y indicates the amplitudes of signals at particular
instances. Amplitude asymmetry is also computed at six electrode pairs
across five frequency bands comprising of 30 features i.e., f;0;-f130. The
features extracted from each group are concatenated to create a feature
vector represented as,

FV=[fi L fifie Jisl @)

The features extracted from the EEG recordings and the corre-
sponding class labels are arranged in the form of a data matrix. The
columns of the data matrix contain feature values f,-f,3o for each EEG
recording, when a subject is listening to each type of music. The rows of
the data matrix indicate data points, which depends on the number of
subjects and EEG recordings, while listening to the music track. As 27
subjects listens to 3 different music tracks, therefore the number of rows
in the data matrix is 81 in this study. All 130 features are selected to
train the classification model. Five different types of features are con-
sidered in this study, the length of the feature vector indicates how
these feature values are made more representative by considering
various EEG bands and electrode pairs. The class labels are obtained by
the state anxiety form Y1(ii) filled by the subject after listening to each
music track.

2.4. Classification

Different classification algorithms have been used to classify EEG
recording in to stress categories based on the meaningful information
learned from the extracted features [77]. To model the association
between the set of features and corresponding target conditions, the
following classifiers are used in this study.

2.4.1. Sequential minimal optimization (SMO)

Sequential minimal optimization is a classification algorithm ex-
tensively used to train support vector machines via efficient quadratic
programming (QP) solvers [78]. SVM is a supervised machine learning
model, which analyzes data for the purpose of classification [79]. The
feature space is classified based on the hyperplane that separates the
stress and non-stress conditions using class labels. However, an opti-
mization problem arises during training process of SVM, which may
refrain, from obtaining optimal hyperplane. Among several specialized
approaches, SMO is one way to resolve the quadratic programming
problem inherent in SVM. The iterative algorithm used by SMO, par-
titions the optimization problem into a series of smaller sub-problems.
These QP based sub-problems are then solved analytically by entirely
avoiding numerical QP optimization.

2.4.2. Stochastic gradient descent (SGD)

Stochastic gradient descent also known as incremental gradient
descent is an algorithm for learning a wide range of linear models in
machine learning such as binary class support vector machines, logistics
regression, linear regression and other graphical models [80]. It uses
iterative method and statistical estimation to analyze the problem of
objective function minimization, which is usually expressed in the form
of sum of differential functions. The algorithm probes through the
training set until convergence and converts nominal attributes into
target binary conditions i.e., stress and non-stress. As compared to or-
dinary gradient descent, SGD reduces the computational cost by eco-
nomically evaluating the true gradient from just a few examples instead
of the entire training set [81].

2.4.3. Logistic regression (LR)
Logistic regression is a machine learning technique related to the
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Fig. 4. Trait anxiety score of all the participants participated in this study.

Table 1

Language and Gender related differences among the subjects of stressed and
non-stressed groups based on state anxiety scores before Y1(i) and after Y1(ii)
listening music tracks using two sample t-test.

Stressed Group Non-Stressed Group

Language/ Null p-value Language/ Null p-value
Gender hypothesis (h) Gender hypothesis (h)

English 1 0.0053 English 0 0.5522
Urdu 0 0.7694  Urdu 0 0.6597
Male 0 0.7286 Male 0 0.8938
Female 1 0.0099 Female 1 0.0126

field of statistics, which is used to solve the binary classification pro-
blem. It is a linear probabilistic classifier that projects an input vector
on to multiple hyperplanes, each corresponding to an individual class.
LR uses the link function to show the relationship between the set of
EEG features and the conditional outcome. A standard link function,
also known as the logistic function is defined as,

1

F(t) =
®© 1+e”

(®

where t represents the linear combination of multiple variables such as
EEG features and class labels. The logistic regression model is obtained
from the logistic function by expressing ¢ as,

t=Fy+ Ba + - +f,%n ©
The logistic function can now be expressed as,
1
F()= ————
® 1 + e~ (XA (10)

A likelihood value between the range of 0 and 1 is returned as a
result of LR classifier, which indicates the association of the subject
with stress and non-stress categories.

2.4.4. Multilayer perceptron (MLP)

Multilayer perceptron is the easiest and most commonly used feed
forward neural network, which consists of multiple layers of compu-
tational units [82]. MLP uses supervised back propagation learning
algorithm to classify instances [83]. It consists of an input layer, an
output layer, and multiple hidden layers. The weighted inputs, to the
output of each neuron are mapped by using transfer functions such as
hyperbolic tangent, sigmoid, and rectified linear unit. In this case, a

sigmoid function has been used to determine the state y;, using a total
weighted input given as,

1
W e an
The total weighted input X; is calculated as,
n
Xi = D vW,
j (12)

where y; represents the state level and the weight between the ith and
jth connection is represented by W;. Furthermore, the classification task
is a two-stage process i.e., training and testing. The basic objective of
the training process is to determine the weight values that will match
the neural network output with the specific target values as closely as
possible.

2.4.5. Classification validation model

Once the classifier algorithm is selected, its performance needs to be
assessed over a range of features until it converges. For this purpose, a
10-fold cross validation method is adopted in the proposed study to
evaluate the performance of the classification algorithm. This provides
better validation, since the number of instances is limited. In 10-fold
cross validation, data of all subjects are divided into 10 equal portions.
The classification model is trained using 9 portions, while one portion is
utilized for testing and the process is repeated for different number of
iterations. Every iteration gives a different value for the performance
parameters, therefore average results of evaluation parameters are
presented in result section.

3. Experimental results

A machine learning framework is proposed in this paper for stress
classification using EEG signals in response to different music tracks.
The experimental results are presented using, (i) statistical analysis of
human stress behavior in response to different language and genres of
music tracks, and (ii) performance evaluation of two- and three-class
stress classification using EEG signals.

3.1. Statistical significance

For statistical analysis, participants involved in the study are cate-
gorized into stressed and non-stressed group based on their trait anxiety
score i.e., Y2. The trait anxiety score for each subject participated in
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Table 2

Genre related differences among the subjects based on state anxiety scores before Y1(i) and after Y1(ii) listening music tracks of English music and Urdu music using

one-way ANOVA.

Music Track Language (Genres)/State Anxiety Score Null Hypothesis (h) F-score p-value
English (Rock, Electronic, Metal, Rap)/Y1(i) 0 0.27 0.4113
English (Rock, Electronic, Metal, Rap)/Y1(ii) 0 0.21 0.3695
Urdu (Famous, Patriotic, Melodious, Qawali, Ghazal)/Y1(i) 0 0.42 0.6430
Urdu(Famous, Patriotic, Melodious, Qawali, Ghazal)/Y1(ii) 0 0.65 0.7922

this study is shown in Fig. 4. A subject is in the stressed group, if their
trait anxiety score is greater than the mean value of the trait anxiety
score for all participants. The average trait anxiety score in this study is
44. The stressed group contains twelve subjects including six males and
six females. Similarly, fifteen participants are part of the non-stressed
group including eight males and seven females.

For a better understanding of gender and language related dis-
crimination in stress reduction in response to music, both groups are
analyzed by applying a two-sample t-test based on the state anxiety
score before listening to the music track i.e., Y1(i) and after listening to
the music track i.e., Y1(ii). The test decision is based on the value of
null hypothesis (h) and p-value (p). If p < 0.05 and h = 1, then the
differences are statistically significant in the groups. The t-test results
based on language and gender for stressed and non-stressed groups are

188

shown in the Table 1. As music tracks in two different languages are
presented to the subjects, both groups contain participants who have
listened to either English and Urdu music tracks. Subjects belonging to
the stressed group shows a significant difference, when English music
tracks are used a stimulus. On the other hand, no significant difference
is found in stressed group, when Urdu music tracks are used. Moreover,
no language related difference was found among the participants of
non-stressed group. A similar kind of analysis is performed to find
gender related differences for both groups. Females of both groups have
shown statistical difference in their state anxiety scores. However, no
significant difference is found in scores reported by males in both
groups.

The distributional characteristics of the scores for stressed and non-
stressed group are presented using box plots, which describe an overall
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response pattern for a group. The bottom and top 25% of the data va-
lues are represented by the whiskers, while the middle 50% scores for
the group are represented by the interquartile range boxes. The centre
of data represented by a line in the box is marked by the median. The
box plot of scores for participants in response to listening to songs with
English and Urdu lyrics, for both male and female subjects in a stressed
group before listening to music, Y1(i) and after listening to music,
Y1(ii) is presented in Fig. 5. The box plot of Y1(i) is much higher than
the box plot of Y1(ii) in case of English music tracks. Moreover, an
obvious variation can be seen between their median values. This sug-
gests that the data values of Y1(ii) are significantly different from the
data values of Y1(i). The distribution pattern differs between the box
plots, when the scores of participants from stressed group who listened
to music with Urdu lyrics are compared. However, no significant dif-
ference is found between the data values. Similarly, the variation be-
tween the middle quartile is not significant, which suggests that the
difference is minimal. From the analysis of the distributions and median
values of these box plots, it is evident that scores for male participants
are not significantly different. However, the box plots for females show
a significant difference in the data values. The characteristics of non-
stressed group with respect to gender and language are also analyzed
using box plots as shown in Fig. 6. The only notable difference is found
in the scores of female participants that belonged to non-stressed group.

Metal Rap

(b)
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Boxplot of English language music genres with respect to state trait anxiety scores (a) Y1(i) (b) Y1(ii).

The difference between the level of stress based on music genres is
also analyzed by using one-way analysis of variance (ANOVA), which is
a statistical technique to assess the potential differences among several
categories of data. In ANOVA, a larger F-statistic corresponds to a small
p-value, which casts doubt on the null hypothesis and indicates the
existence of significant difference among the groups. The significance
level considered in this study is 0.05. The analysis is carried based on
state anxiety scores of participants before and after listening English
and Urdu music genres and the results are presented in Table 2. The p-
value for English genres with respect to Y1(i) and Y1(ii) is 0.4113 and
0.3695 respectively. Similarly, the p-value of Urdu genres in both cases
is 0.6430 and 0.7922, which indicates that no significant difference lies
in the scores of participants who listened to the music of different
genres. Fig. 7 and Fig. 8 shows the box plots for state anxiety scores of
participants before and after listening to music tracks of different genres
from English and Urdu language respectively. It is evident from the
results that no significant difference is found among the state anxiety
scores of participants in response to different genres of English and
Urdu language music.

3.2. Classification results

In this study, each participant listened to three music tracks of 1 min
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each from three different genres. Music is randomly presented to the
participants, irrespective of their gender, age and preference. Each
subject had to perform a subjective evaluation for scoring the anxiety
level by filling the state anxiety form before and after listening to music.
The state anxiety score obtained from subjective assessment after music
listening i.e., Y1(ii) is used as class labels to train the classifiers. For the
two-class problem, subjects are labeled into two groups i.e., stressed
and non-stressed, whereas for the three-class problem subjects are la-
beled to be either in non-stressed, medium stressed and highly stressed.
The mean and standard deviation (STD) of the state anxiety scores after
listening to music for 27 subjects participated in this study is 36 and
11.8 respectively. For the two-class problem, participants having a
Y1(ii) score less than the mean value i.e., 36 are considered as non-
stressed and participants having a score greater or equal than 36 are
considered as stressed. For the three-class problem, participants having
Y1(ii) scores between 0 and 29, 30 to 42, and 44 to 80 are considered as
non-stressed, medium stressed, and highly stressed respectively. These
values are calculated using, mean + ?), and the results are shown in
Fig. 9 (a) and Fig. 9 (b) for the two- and three-class scenarios respec-
tively. Five groups of features i.e., absolute power, relative power, co-
herence, amplitude asymmetry, and phase lag are extracted from four
channels i.e., AF7, AF8, TP9, and TP10 and five EEG bands i.e., delta,

Melodious

Qawali Ghazal

(b)
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Boxplot of Urdu language music genres with respect to state trait anxiety scores (a) Y1(i) (b) Y1(ii).

theta, alpha, beta, and gamma. The mean and standard deviation of five
feature groups from all channels and bands are shown in Table 3 for the
two- and three-class problems.

Four different classifiers including SMO, SGD, LR, and MLP are used
to classify the subject's stress level into two and three states. To achieve
consistent results, a 10-fold cross validation technique is used. The re-
sults of different classification algorithms are evaluated and compared
based on accuracy, F-measure, kappa statistics, root mean square error
(RMSE), and mean absolute error (MAE). The degree of closeness of
classified samples to the true value of data samples is referred as ac-
curacy. F-measure is defined as the fusion measure of precision and
recall with a value ranging from O (worst value) to 1 (best value).
Similarly, kappa statistics compares the observed and expected accu-
racy values. Kappa coefficient does not depend on the number of classes
and number of samples per class. Its value lies within the range of 0
(chance-based classification) and 1 (perfect classification). MAE and
RMSE parameters assess the error performance of the classifier.

Table 4 shows a comparison of performance metrics for different
classifiers for the two-class stress classification problem based on fea-
tures extracted from EEG signals recorded during music presentation.
These results show that the overall performance of LR is better as
compared to other classifiers with an accuracy of 98.76% and a kappa
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Fig. 9. Class labels based on state anxiety score after music listening for stress classification (a) two class (b) three class.

Table 3

Mean and Standard deviation of five feature groups extracted from EEG signals for two and three class stress classification problem.

Feature Name Two Class Three Class

Stressed Non-Stressed Low stress Medium Stress High Stress

Mean STD Mean STD Mean STD Mean STD Mean STD
Absolute Power 410.1 128.1 413.3 86.3 417.6 656.7 423.0 671.46 357.8 480.3
Relative Power 0.2 0.002 0.2 0.002 0.2 0.002 0.2 0.0022 0.2 0.002
Coherence 0.298 0.058 0.301 0.040 0.285 0.036 0.284 0.0422 0.276 0.008
Amplitude Asymmetry —0.069 0.038 —0.046 0.037 0.036 0.024 0.033 0.0329 0.038 0.030
Phase Lag —0.001 0.004 —0.002 0.003 —0.001 0.004 —0.001 0.0048 —0.002 0.004

Table 4 comparable with accuracies of 97.53% and 96.29%, respectively. The

Performance comparison of different classifiers for two-class stress classifica-
tion based on EEG recordings while music listening.

Classifier Accuracy (%) Kappa F-measure MAE RMSE

SMO 97.5309% 0.9493 0.975 0.0247 0.1571
SGD 96.2963% 0.9229 0.963 0.037 0.1925
LR 98.7654% 0.9743 0.988 0.0158 0.1126
MLP 92.5926% 0.8451 0.926 0.0959 0.2188

statistic value of 0.97. Similarly, LR gives F-measure, which is close to
its best value, and smaller values for the error performance measures
i.e., MAE and RMSE. The classification results of SMO and SGD are

non-stress state is classified with a higher individual accuracy except for
the case of SMO. However, significant difference is not seen in the in-
dividual accuracy values for the stress condition. The confusion ma-
trices of SMO, SGD, LR, and MLP classifiers are shown in Table 5. It can
be observed that non-stressed class is classified with a higher individual
accuracy except for the case of SMO classifier.

Table 6 shows the comparison of performance metrics of different
classifiers for two-class stress classification based on the features ex-
tracted from baseline EEG signals recorded before music presentation.
It is evident from the results that LR outperforms all other classifiers
with an accuracy of 94.44%. The confusion matrices of SMO, SGD, LR,
and MLP classifiers are shown in Table 7. It is observed that the stressed
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Table 5
Confusion matrices of different classifiers for two-class stress classification based on EEG recordings while listening music tracks.
SMO SGD
a B Classified as Accuracy (%) a b Classified as Accuracy (%)
46 2 a = Non-stressed 95.8% 47 1 a = Non-stressed 97.9%
0 33 b = Stressed 100% 2 31 b = Stressed 93.9%
LR MLP
a B Classified as Accuracy (%) a b Classified as Accuracy (%)
47 1 a = Non-Stressed 97.9% 46 2 a = Non-Stressed 95.8%
1 32 b = Stressed 97.0% 4 29 b = stressed 87.9%
Table 6 Table 8

Performance comparison of different classifiers for two-class stress classifica-
tion based on EEG recordings before music listening.

Performance comparison of different classifiers for three-class stress classifica-
tion based on EEG recordings while music listening.

Classifier Accuracy (%) Kappa F-measure MAE RMSE Classifier Accuracy (%) Kappa F-measure MAE RMSE
SMO 85.1852% 0.7017 0.853 0.1481 0.3849 SMO 85.1852 0.777 0.852 0.2606 0.334
SGD 75.9259% 0.5185 0.761 0.2407 0.4907 LR 95.0617 0.9255 0.951 0.0453 0.188
Logistic 94.44% 0.8873 0.945 0.0654 0.2431 MLP 88.89 0.8329 0.889 0.1114 0.2478
MLP 75.9259% 0.5118 0.761 0.258 0.4249

Table 9

class has the highest individual classification accuracy, when compared
to the non-stressed class.

A performance analysis of the three-class stress classification is also
performed in this study. SMO, LR, and MLP classifiers are used to
classify three classes namely non-stressed, medium stressed and highly
stressed. SGD, being a binary classifier is not included in this case.
Table 8 shows the comparison of performance metrics for different
classifiers based on the features extracted from EEG signals recorded
during music presentation. The highest reported accuracy is 95.06%
using the LR classifier. The accuracies achieved by SMO and MLP are
85.185% and 88.89%, respectively. The confusion matrices of SMO, LR,
and MLP classifiers for the three-class stress classification are shown in
Table 9. It is observed that LR gives the highest individual accuracies.
Moreover, medium stressed class is classified with the highest accuracy
among other classes irrespective of the classifier used.

Table 10 shows the comparison of performance metrics for different
classifiers for the three-class stress classification based on features ex-
tracted from baseline EEG signals recorded before music presentation.
LR again outperforms other classifiers with an accuracy of 85.18% and
kappa coefficient of 0.7769. However, the results of SMO and MLP
classification are almost similar with an accuracy of 75.92% in both
cases. The confusion matrices of SMO, LR, and MLP classifiers for the
three-class stress classification problem are shown in Table 11. It is
evident that LR gives the highest individual accuracies. Moreover,
highly stressed class is classified with the highest accuracy among other
classes irrespective of the classifier.

Confusion matrices of different classifiers for three-class stress classification
based on EEG recordings while listening music tracks.

SMO

a b c Classified as Accuracy (%)

25 4 a = Non-stressed 83.3%

3 20 1 b = Highly stressed 83.3%

2 1 24 b = Medium Stressed 88.9%

LR

a b c Classified as Accuracy (%)

29 1 0 a = Non-stressed 96.7%

2 22 0 b = Highly stressed 91.7%

1 0 26 b = Medium Stressed 96.3%

MLP

a b c Classified as Accuracy (%)

26 2 2 a = Non-stressed 86.7%

1 22 1 b = Highly stressed 91.7%

2 1 24 b = Medium Stressed 88.9%
Table 10

Performance comparison of different classifiers for three-class stress classifica-
tion based on EEG recordings before music listening.

Classifier Accuracy (%) Kappa F-measure MAE RMSE

SMO 68.518% 0.5248 0.683 0.3169 0.4091
LR 83.33% 0.7515 0.837 0.1166 0.3133
MLP 74.0741% 0.6103 0.740 0.1988 0.3547

Table 7
Confusion matrices of different classifiers for two-class stress classification based on EEG recordings before listening music tracks.
SMO SGD
a B Classified as Accuracy (%) a b Classified as Accuracy (%)
26 6 a = Non-stressed 81.3% 23 9 a = Non-stressed 71.9%
2 20 b = Stressed 90.9% 4 18 b = Stressed 81.8%
LR MLP
a B Classified as Accuracy (%) a b Classified as Accuracy (%)
29 3 a = Non-stressed 90.6% 24 8 a = Non-stressed 75%
0 22 b = Stressed 100% 5 17 b = Stressed 77.3%

192



A. Asif, et al.

Table 11
Confusion matrices of different classifiers for three-class stress classification
based on EEG recordings before listening music tracks.

SMO
b c Classified as Accuracy (%)
12 4 4 a = Non-stressed 60%
10 1 b = Highly stressed 62.5%
3 15 b = Medium Stressed 83.3%
LR
a b c Classified as Accuracy (%)
15 4 1 a = Non-stressed 75%
1 15 0 b = Highly stressed 93.8%
0 3 15 b = Medium Stressed 83.3%
MLP
b c Classified as Accuracy (%)
13 4 3 a = Non-stressed 65%
12 0 b = Highly stressed 75%
2 15 b = Medium Stressed 83.3%

4. Discussion

This paper presents a framework for the classification of stress in
response to music tracks. Moreover, the influence of music belonging to
different languages and genres on stressed and non-stressed groups is
also determined. It is evident from results that English language music
tracks help in reducing the stress level of participants in the stressed
group. Similarly, female participants in the stressed group have shown a
reduction in their stress level after listening to music. For the non-
stressed group, music does not play any significant role for reducing
stress level in male participants, but a reduction in stress level is ob-
served in female participants. For two- and three-class stress classifi-
cation, logistic regression is found to be the best classifier based on EEG
recording of participants, while they are listening to music.

Some of the major studies that have analyzed human stress behavior
in response to music are summarized and compared with the proposed
method in Table 12. In Ref. [37], the effect of five different English
music genres i.e., electronic, rap, metal, rock, and hip-hop on human
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emotions using brain signals is presented. The results indicated that rap
and rock genres induced sad and happy emotions in the subjects, re-
spectively. The effect of three different conditions i.e., relaxing music,
sound of rippling water, and rest without acoustic stimulation prior to
stress test is presented in Ref. [44]. Sixty female participants are as-
sessed based on the salivary alpha amylase, cortisol, respiratory sinus,
heart rate, subjective stress perception and anxiety level. The results
reported lower cortisol concentration in the condition of rippling water
before stress task. Electrocardiogram and respiration rate have been
used to determine the effect of familiar and preferred music listening
[74]. Stimulative music increased the heart and respiration rate and
increased joyous and energetic feelings but have no effect on calm and
relaxed emotions.

In Ref. [83], the impact of preferred music selected by a subject
after stress exposure is presented. The study involves 58 participants,
which are randomly divided into control and experimental groups. Self-
reported emotional states and cardiovascular measures are monitored
during the stress induction and recovery stages. Participants in ex-
perimental group have shown a higher level of cardiovascular recovery
and a lower level of self-reported anxiety level. In gender related dis-
crimination, females exhibit greater negative emotional states as com-
pared to male participants. The impact of listening to music alone and
in the presence of others is presented in Ref. [84]. Salivary cortisol and
alpha amylase are used as markers for stress. Random music for seven
consecutive days, five times per day is presented to 53 participants. The
subjective stress level which has been observed using questionnaires is
reduced, when music is played in the presence of others. In Ref. [85],
200 females listened to music after performing a mental arithmetic task.
State-trait anxiety and valence and arousal scores are used for the
analysis of music on human stress. Low arousal music has a greater
effect in stress reduction as compared to music with high arousal.
Moreover, preferred music contributes to relaxation as it induces po-
sitive emotions.

A comparison of the proposed scheme with recent EEG based human
stress classification methods is presented in Table 13. A machine
learning framework for stress classification using 128-channel EEG cap
is presented in Ref. [28]. Multilevel stress is induced in participants by
using Montreal imaging stress task. An accuracy of 94.6% and 83.4% is
achieved for two-level and multi-level stress classification. A multi-

Table 12
Comparison of the proposed study with different studies available in literature related to music and stress.
Method, Number of Measures Stimuli Findings
Year Subjects
[37]1 2016 30 EEG ® English music tracks from five different ® Hiphop and Rock music genres induce sad and happy
genres i.e., electronic, rap, metal, rock, and emotions respectively.
hiphop ® Metal and Rap music genres evoke angry and sad emotions
[44] 2013 60 Salivary alpha amylase, ® Relaxing music Sound of water have stronger relaxation effect as compared to
cortisol, ® Sound of rippling water music.
respiratory sinus, ® Rest without acoustic stimulation
heart rate,

anxiety and mood.
ECG and respiration rate.

[74]1 2009 38

[83] 2017 58 ECG

[84] 2016 53 Salivary cortisol and alpha
amylase.
State anxiety level, valence

and arousal score

intervals

[85] 2016 200
experimenters

Proposed 27 EEG

Stimulative and Sedative music

Preferred relaxing music

Random Music listening at specified
32 Music excerpts selected by the

4 English music tracks of metal, rock,

electronic, and rap genres
® 5 Urdu music tracks of famous, melodious,

® Stimulative music increased heart and respiration rate and
increased joyous and energetic feelings but didn't effect calm
and relaxed emotions.
® Both sedative and aroused emotions were induced by sedative
music.
® Preferred music improved cardiovascular recovery.
® Females exhibited greater negative emotional state than males.
Listening to music in the presence of others have beneficial
effects.
® Music low in arousal have greater effect in stress reduction
® Preferred music contributes to relaxation as it induces positive
emotions.
® English music tracks have more influence on stress reduction
as compared to Urdu music tracks.
® Females seemed to be more effected by music listening than

patriotic, qawali, and ghazal genres males.
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Table 13
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Comparison of the proposed study with different studies available in literature for stress classification using EEG.

Method, Year Number of Subjects

Number of EEG Channels

Accuracy % (Classes) Classifier

[28], 2017 22 128
[58], 2016 22 7
[62], 2017 9 1
[86], 2017 28 1
Proposed 27 4

94.6% (2)
83.4% (multiple)
91.70% (2)
83.3% (2)
71.4% (2)
98.76% (2)
95.06% (3)

Naive Bayes

Support Vector Machine
Support Vector Machine
Naive Bayes

Logistic Regression

modal method for stress classification is presented in Ref. [58], where
EEG and functional near infrared spectroscopy (fNIRS) based features
are used. The acute stress is classified with an accuracy of 91.7% and
96.6%, when only EEG, and EEG and fNIRS based hybrid features are
used, respectively. In Ref. [62], an EEG based study is proposed to
classify between relaxed and stressful states by using a single channel
headset. An accuracy of 83.3% is achieved for 9 participants in case of
the two-class problem. The perceived stress classification method based
on the single channel EEG signal recorded in closed eye condition is
proposed in [89]. An accuracy of 71.4% is achieved by using the Naive
Bayes classifier. The methods are compared in terms of number of
subjects participated in the study, EEG channels used for feature ex-
traction, and accuracy. Apart from Ref. [62] and [89], all other
methods have used a minimum of 7 electrodes to classify stress. The
maximum accuracy achieved by the single channel EEG method for
two-class classification is 83.3%. On the other hand, in the proposed
scheme an accuracy of 98.76% and 95.06% is achieved in case of two-
class and three-class classification with an addition of three electrodes.
The method presented in Ref. [28], achieves comparable classification
accuracy, but uses data from 128 EEG channels.

5. Conclusion

In this paper, the classification of human stress in response to music
is analyzed using the brain signals. EEG signals of 27 participants were
acquired using a commercially available brain sensing MUSE headband.
The signals were recorded before and during the presentation of music
stimuli. The recorded data was analyzed based on five features, which
includes absolute and relative power, coherence, phase lag, and am-
plitude asymmetry. These features were classified into stressed and
non-stressed states using four different classifiers. The classification
problem was also extended for three classes i.e., non-stressed, medium
stressed and highly stressed. The results indicate that the LR classifier
performed better than SMO, SGD, and MLP. The highest accuracy
achieved by LR for the two- and three-level classification is 98.76% and
95.06%, respectively. Furthermore, a statistical analysis of the sub-
jective scores was conducted to analyze the genres, gender, and lan-
guage related differences. It is evident from results that English music
tracks have more influence on stress behavior as compared to Urdu
music tracks, since a significant difference is reported in the results.
Moreover, females are more affected by listening to music as compared
to males, while no significant genre related differences were found.
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