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Abstract: Stress analysis by utilizing electroencephalography (EEG) device in conjunction with signal processing
techniques has emerged as an important area of research and the efforts are being made on detecting and classifying
stress level. Non-invasive EEG device is used in this study to collect brain signals and analyze the signals by applying
the modified Welch’s fast Fourier transform (FFT) algorithm to extract the power spectral density (PSD) of each
frequency band and calculate the power ratio of Alpha to Beta and Theta to Beta. The analysis of the power ratio has
further validated that the Theta/Beta power ratio can be used as feature of stress and thus, imported its dataset into
k-means clustering to divide the subjects into three categories. Lastly, the clustering model is fed into support vector
machine (SVM) to classify three-level stress which are of low, moderate and high. The result has signified the
feasibility and effectiveness of the three-level stress classification at overall classification accuracy of 90% by
applying Theta/Beta power ratio of the brain signals as well as using SVM classifier. The outcome of the research
suggests the proposed method can be used for the implementation of stress monitoring system.
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1. Introduction
Stress is a term easily used by everyone on daily basis as it occurs unavoidable from time to time. Modern life offers
challenges and human beings are surrounded by stressful situations due to busy work schedule and deadline, relationship
difficulties, family matters and financial problems. In Malaysia, the National Health and Morbidity Survey (NHMS)
conducted in year 2017 reported that 1 in 5 adolescents aged 13 to 17 years old were depressed, 2 in 5 had anxiety and 1
in 10 suffered from stress [1]. Since all are equally at risk of experiencing stress, it is crucial to detect and monitor stress
levels for early diagnosis in order to prevent possible future illnesses. Stress response originated from the brain but
involving various biochemical and physiological effects. Stress activates primary hormonal response known as the
hypothalamic-pituitary-adrenal (HPA) axis which ultimately increases the cortisol secretion in the adrenal cortex [2].
Elevation in cortisol levels indicates an increase in stress levels.
Furthermore, experimental studies have investigated that stress can be detected through changes in physiological
signals including heart rate variability (HRV) [3], skin conductance [4] and brainwave frequency [5] which can be
measured by using biomedical devices. There are studies have proven the positive association between the hormonal
response and physiological variables used to measure stress [6-8]. The correlation of stress between salivary cortisol,
HRV and brainwave frequency has been studied in this work [9]. Electrocardiogram (ECG) and electroencephalogram
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(EEG) devices were utilized to acquire HRV and brainwave frequency respectively. The positive relationship is explored
as the result demonstrated the three physiological parameters are closely associated to chronic stress. The higher stress
level manifests an increased salivary cortisol, lower HRV and higher activity in Beta frequency band. Brainwave activity
reveals potential biomarker and has been proven able to represent important information of the brain function in
responding to the stress [10].
Diverse brain imaging has grown into instruments to study stress assessment and importantly EEG has manifested
the use of brain signals is impactful at distinguishing stress levels [11-13]. EEG signal processing and analysis assist the
investigation of various aspects of human brain states [14-16] and problems associated with neurological disorders [17].
Stress pattern can be expressed by a decrease of power in Alpha band and an increase of power in Beta band [18] on
prefrontal cortex (PFC) [19]. The PFC functioning is acknowledged as brain region which is susceptive to stress as stress
exposure causes effects on this region [20]. The evolution of individuals’ cognitive state in particular mental attentiveness
[21] was studied in conjunction with the power ratio of Alpha/Beta. Apart from that, Theta/Beta ratio is initially
established as an EEG marker to diagnose arousal deficit of attention deficit/hyperactivity disorder (AD/HD) [22].
However, this metric is linked to executive cognitive performances in healthy individuals [23].
The aim of this study is to analyze and examine the power ratio of Alpha/Beta and Theta/Beta as potential stress
features based on the area of PFC. The EEG signals are first collected and pre-processed after which divide the frequency
bands into Alpha, Beta, Theta and Delta. Fast Fourier transform (FFT) algorithm is then applied to extract the power
spectral density (PSD) of the four frequency bands. Next, the PSD of Alpha, Beta and Theta frequency bands are averaged
for the computation of Alpha/Beta ratio and Theta/Beta ratio in order to disclose the relationship between stress and the
power ratio. The feasibility and validity of the Theta/Beta ratio are verified through the experimental results. The power
ratio of Theta/Beta is decreased after exposed to the two stress stimuli which denote more stressful state and also implies
the power ratio as potential stress feature for the development of stress classification model. The discovery of the study
can be used for further analysis of EEG biomarkers of stress and the development of stress level classification system
with the purpose of clinical intervention as well as disease prevention.

2. Research Method
Figure 1 shows the four experiment stages which are data collection, signal pre-processing, feature extraction and
classification. Initially, the brain signals were acquired through EEG device followed by EEG signal pre-processing.
Subsequently, four frequency bands were divided to extract their PSD for further calculation and finally, carry out the
clustering and three-level stress classification with selected power ratio.

Data Collection

Signal PreProcessing

Feature
Extraction

Classification

Fig. 1 - Overall process of the research work

2.1 Data Collection
The EEG device named g-MOBIlab is connected to five pieces of bipolar gold-plated EEG electrodes to amplify and
obtain the EEG signals. The EEG signals were recorded at 5 scalp loci, comply with the international 10-20 electrodes
placement system as referred to Figure 2. The monitored regions were prefrontal (Fp1 and Fp2). Fp1 was fixed on the
left side of forehead and Fp2 on the right side of forehead, connecting to Channel 1 and Channel 2 respectively. In the
meantime, both A1 and A2 have been attached to the earlobes for reference points. The g-MOBIlab performed with
MATLAB-integrated Simulink model to record and transmit the EEG signals to the computer. The EEG device sampled
the brain signals at 256 Hz and the impedance for all electrodes and cortex maintained below 5 kΩ was achieved by
cleaning and removing the dirt and dead cells on skin with non-abrasive alcohol.

Fig. 2 - EEG measurement setup
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A sample group of 50 students from Universiti Teknologi Malaysia, Kuala Lumpur, Malaysia were recruited for this
study. A clear verbal instruction was given to the subjects to familiarize them with the experimental tasks before
commencement of the EEG recording as well as they were required to sign a consent form and fill in the demographic
form prior to the experiment. The procedure of EEG signals recording for three different sessions is depicted in Figure
3. Initially, the subjects were given 5 to 10 minutes to relax in eyes-closed wakefulness. The first session was the EEG
recording on eyes-closed at resting state condition for 3 minutes as the baseline measurement. This resting baseline
session was to determine the difference in EEG power ratio between relax and the subsequent EEG recording of stressful
conditions. Next, the subjects had to wear Samsung Gear VR device to experience a 360-degree horror video for 4 minutes
during the second session of experiment. The EEG signals recording for another 3 minutes at eyes-closed resting
condition was performed immediately after the VR video session ended as post-VR video. The EEG power ratio changes
in between pre-VR video (baseline eyes-closed resting condition) and post-VR video was evaluated. Followed by the 20
minutes of IQ test as well as the 3 minutes of signal recording at eyes-closed resting condition after the IQ test session
ended as post-IQ test. The EEG power ratio changes in between pre-IQ test (baseline eyes-closed resting condition) and
post-IQ test was evaluated.
Baseline recording:
Eyes-closed at resting state (3 minutes)

VR horror video (4 minutes)

Post-VR video recording (3 minutes)

IQ test (20 minutes)

Post-IQ test recording (3 minutes)
Fig. 3 - EEG experiment protocol

2.2 Signal Pre-Processing
The EEG signals were digitized at 256 samples per seconds and filtered by a notch filter at 50 Hz to eliminate the
low frequency by power line using Simulink model before converting the EEG signals into desired file format. The EEG
records where the areas contaminated by artefacts such as extreme values were rejected by setting a threshold value below
than -100 μV and greater than 100 μV. The next step involved is designing the band-pass filter to cut off unwanted
frequency and keeping the required frequency from 0.5 Hz to 30 Hz including Delta (0.5 – 4 Hz), Theta (4 – 8 Hz), Alpha
(8 – 13 Hz) and Beta (13 – 30 Hz) by applying Hamming windowing function.

2.3 Feature Extraction
The spectral characteristics of the artifact-free EEG signals were computed via FFT algorithm from Welch method.
MATLAB provides a built in command for the computation which is called pwelch function to obtain PSD by splitting
the signals into segments, possibly overlapping, performing FFT, computing the magnitude of each segments and
averaging these spectra. In this study, 1 minute was selected from the 3 minutes EEG signal as sample and divide the
sample into 12 equal segments with equal duration windows in which the window length is 5 seconds each. Time
sequence of every 1-minute sample was split up into 12 segments with a 50% overlap between each segment and each of
which is windowed as well transformed using the FFT. Finally, the individual FFT responses or periodograms are
averaged together and scaled to produce the spectral estimate which is the PSD (μV2) values of Alpha, Beta, Theta and
Delta. The PSD according to Welch is described as follow [24]:
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Let 𝑥𝑑 (𝑛) be the sequence, where 𝑑 = 1, 2, 3, … , 𝐿 are the signal intervals and each interval length is𝑀. 𝑈 is the
normalization factor for the power in the window function while 𝑤(𝑛) is the windowed data, that is:
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The Welch power spectrum is the average over these modified periodograms can be represented as:
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Where 𝑃𝑊𝑒𝑙𝑐ℎ is the periodogram of the EEG signal of each interval.
Besides calculating and averaging the PSD of each frequency bands, the relative power ratio of certain frequency
bands was also computed since the power ratio of interest for this study are Alpha/Beta and Theta/Beta. Delta band was
excluded in this study because this brainwave is commonly associated with deep sleeping state of a person. Hence, it was
not expected to show high activity during the stressful condition. So as to achieve the power ratio of Alpha/Beta, the PSD
value of Alpha was divided by the PSD value of Beta thenceforth to observe the power ratio between the resting baseline
and the two stress sessions. The procedures as well applied to obtain the power ratio of Theta/Beta and observe the
difference before and after the stimuli.

3. Results and Analysis
Above specified experiment stages include data collection, signal pre-processing and feature extraction have
produced the power ratio of Alpha/Beta and Theta/Beta to proceed with the final experiment stage which is classification.

3.1 Alpha/Beta Ratio vs Theta/Beta Ratio
8
7
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3
2
1
0
ABR
TBR

ABR
TBR
Baseline
2.249428979
7.390978616

VR
2.131128948
6.484234561

IQ
2.442470773
6.502479844

Fig. 4 - The comparison between Alpha/Beta Ratio (ABR) and Theta/Beta Ratio (TBR)
Alpha/Beta ratio and Theta/Beta ratio are analyzed for stress feature selection prior to classifying stress level. Alpha
waves dominate when the brain is in an awaken but relaxed mental state whereas Beta waves dominate the brain in active,
alert and stressful state. The declining value of Alpha/Beta ratio was reported in a study when the decision making
requires higher engagement in cognitive processes [25]. Meanwhile in Figure 4, the first stressful condition which is VR
video results in lower Alpha/Beta ratio compared to the baseline informs more demanding cognitive functions and higher
level of stress. Consider the baseline the less stressing condition, the value of Alpha/Beta ratio is decreased after exposed
to the first stimulus which indicates the VR stimulus as the more stressing one, a negative correlation between stress and
the Alpha/Beta ratio is then unveiled. However, another level of stimulus which is IQ test appears higher ratio compared
to the baseline signifies a lower level of stress. Therefore, the stress response generated from IQ test is positively
associated with Alpha/Beta ratio. Nevertheless, the Theta/Beta ratio in Figure 4 unveils the baseline value has correlated
negatively to both stress stimuli. Previous studies have reported that Theta waves are linked to the regulation of
motivational and emotional processes under the brain activity [26] and the Theta/Beta ratio assists the study of emotional
cognitive interactions and the relation to underlying biological functioning [27]. The decreased value of Theta/Beta ratio
reflects increased frontal cortical control over subcortical with inhibition-driven affect, fear and higher anxiety which is
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compatible with the result as the stress response is associated with negative emotions. Concisely, the result has further
validated that Theta/Beta ratio is rather applicable and advisable to be used as EEG stress feature to differentiate relax
and stress. Thus, it is chosen for stress level classification.

3.2 K-Means Clustering
The dataset of Theta/Beta ratio is imported into clustering method to divide the subjects into different categories.
Clustering is the process of dividing the entire data into groups based on the patterns in the data. K-means is used as the
clustering process to group various objects based on their attributes in k number of groups. In order to cluster a given
dataset, firstly specify k, which is the number of clusters to be generated. K points are chosen randomly from existing
data as cluster centers and each instance is calculated and assigned to its closet cluster center using Euclidean distance
metric. Each instance is grouped among clusters based on minimum Euclidean distances. Next, the centroid (mean) for
each cluster is calculated and used as a new cluster center. Following by the reassignment of all instances to the closet
cluster center. The process iterates until till the algorithm converges or the cluster centers do not alter anymore. The
objective function is described as follow [28]:
k

x
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The algorithm aims at minimizing J function which is known as squared error function. K-means applies an iterative
refinement method to produce its final clustering based on the dataset and the number of clusters defined by the user
(𝑗)
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− 𝐶𝑗 ‖ is a chosen distance measure or so called Euclidean distance

between 𝑋𝑖 and the cluster center 𝐶𝑗 . This is an indicator of the distance of the n data points from their respective cluster
centers. In this study, the number of cluster is selected as 3 which are for low, moderate and high level of stress. Table 1
indicates the clustering assignment where the 17 subjects, 23 subjects and 10 subjects are clustered into the Low Stress,
Moderate Stress and High Stress respectively.
Table 1 - Centroids value of the baseline, VR and IQ test
Attribute
Baseline
VR
IQ

Full Data
(50 Subjects)
7.391
6.4842
6.5025

Low Stress
(17 Subjects)
5.0278
4.2556
3.7483

Moderate Stress
(23 Subjects)
7.5831
6.3781
7.2325

High Stress
(10 Subjects)
10.9664
10.5171
9.5056

3.3 SVM Classification
Subsequently, the predicted stress level classification is resided in the suggested cluster. The clustering model above
is then fed into support vector machine (SVM) to classify the stress level. The simple algorithm of SVM constructs an
optimal hyperplane which divides data into classes with the maximum margin between the boundaries of the classes. The
classification models are built to get a predicted result of data. In addition to that, model validation plays a crucial role to
be an assurance of the accuracy and stability in order to estimate how accurately a predictive model will perform in
practice. K-fold cross validation method is utilized in this case, the dataset is divided into k equal size subsets and the
holdout method is repeated k times. Each time, one of the k subsets is tested and the other k-1 subsets are trained [29].
The present study has applied ten-fold cross validation as the stratified ten-fold is a suggested method for real-word
datasets [30]. The ten-fold means nine folds are trained and one fold is tested. The process iterates until each subset is
given a chance to be the test set once. The accuracy comes from the average of the k-tests accuracies.
Figure 5 has visualized the final result in which there are 5 out of 50 instances are incorrectly classified. The mistake
is visualized in rectangle shape and the color represents its predicted cluster group. Whereas, the rest 45 instances in
cross-shaped are correctly classified in their predicted cluster groups. The entire cross validation procedure is repeated
10 times to improve classification accuracy.
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Fig. 5 - Stress level classification by low stress, moderate stress and high stress
Confusion matrix summarizes the prediction results and the performance of three-level stress classification using
SVM. As shown in the Table 2, 16 subjects are correctly classified as low level of stress condition. This corresponds to
32% of all the 50 subjects. One subject is incorrectly classified as moderate stress and it corresponds to 2% of all the
subjects. As for the moderate level of stress, 23 subjects which take up to 46% are correctly classified and the percentage
of correct classification of the particular class is 100%. Out of 10 highly stressed predictions, 6 subjects are correctly
classified and the rest 4 subjects are wrongly classified into moderate stress condition. Based on the confusion matrix,
the overall result of the three-level stress classification yields 90% of predictions are correct and 10% are wrong
classifications.
Table 2 - Confusion matrix of SVM for three-level stress classification based on Theta/Beta ratio
Confusion Matrix

Actual Class

a
b
c

a
16 (32%)
0 (0%)
0 (0%)

Predicted Class
b
1 (2%)
23 (46%)
4 (8%)

c
0 (0%)
0 (0%)
6 (12%)

Classified as
a = low_stress
b = moderate_stress
c = high_stress

4. Conclusion
In this paper, the power ratio of slow wave over fast wave especially Theta/Beta ratio has been investigated and
introduced as EEG stress feature as it can be used to reliably discriminate stress from resting state. The k-means clustering
is used to divide the EEG power ratio of the subjects into subgroups for predicting the stress level. The subjects have
been grouped successfully into their corresponding stress level using the value of Theta/Beta ratio. The clustering model
is then used to develop a classification model and the result shows the EEG data can be classified well using SVM. The
classifier is able to classify the into low, moderate and high level of stress state using Theta/Beta ratio as stress feature
with 90% of accuracy. The proposed method produces a promising stress classification model and the future work will
be involved the study to combine this power ratio with other EEG features to develop a more efficient and robust stress
level classification system which is useful in the implementation of stress monitoring system or health indicator to provide
better health care.
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