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Abstract 

Human stress is a serious concern in this era of an ever-increasing number of 

challenges.  Stress causes detrimental effects on the health of an individual and imparts 

a heavy financial burden on society. Stress can be a forebringer to reduced working 

ability, a weak immune system, anxiety, depression, blood pressure and cardiovascular 

diseases. Traditional psychological methods to measure stress require trained experts 

and human intervention. In developing countries, there is a shortage of health facilities 

especially, related to mental health. A large number of stress patients remain 

undiagnosed due to a shortage of health facilities and stigma associated with a mental 

checkup. With the advancement of brain-computer interfaces, it is possible to make an 

objective measure of stress using electroencephalography (EEG). Machine learning and 

statistical methods have been successfully used for the quantification and analysis of 

human stress. Conventionally, EEG analysis is performed using a clinical dense 

electrode system, which could consist of up to 132-channels and difficult to wear and 

operate. 

This thesis presents methods for quantification and analysis of human stress from EEG 

recordings using commercially available EEG headsets, which are cost-effective, 

wearable and provide good temporal resolution. Three different sets of experiments are 

conducted to acquire EEG datasets using three different commercially available EEG 

headsets. The first study uses a classification and regression model to identify the long-

term stress and its key neural oscillatory features using a single-channel EEG headset. 

Perceived stress scale (PSS) scores are used for labelling participants into stress and 

control group. The Naïve Bayes algorithm classifies chronic stress with an accuracy of 

71.4% using the single-channel EEG headset. Computation time is reduced by a factor 

of 7% when the low beta is used as a sole significant feature, which is selected by 



x 

 

multiple linear regression. The correlation-based feature subset selection method 

selected three features low beta, high beta and low gamma oscillations and improved 

the classification accuracy up to 78.59% using a support vector machine algorithm. The 

second study assesses the long-term stress level with multiple machine learning 

algorithms using the five channel EMOTIV Insight headset. A dataset consisting of 

EEG, PSS scores and expert’s evaluation of stress is collected. In the multichannel 

analysis, overall alpha asymmetry, beta and low gamma in the frontal region are 

selected as statistically significant features by using Student’s t-test over forty-five 

different features. Only four active electrodes are required for the classification of 

human stress with 85% accuracy using the sole feature of overall alpha asymmetry.  

The third study utilizes the identified feature of overall alpha asymmetry for expert-

novice classification of a video game player. Only a single feature of overall alpha 

asymmetry classifies expertise level of a game player with an accuracy of 82.35%. It 

verifies the applicability of identified features to a stimulus-based scenario such as 

video game playing. For further improvement of classification results, the temporal, 

frontal and overall alpha asymmetries are used as features. With only four electrodes, 

the expertise level of a game player is classified with an accuracy of 94.1% and it 

proved to be better than the accuracy of 14- and 4-channel classifications. This points 

to the fact that stress research has potential applications, where cognitive aspects of an 

individual are considered for performance improvement as stress based features are 

used 

In the future, the daylong monitoring of stress using EEG in an out-of-lab environment 

will be considered. More participants will be employed for long-term stress monitoring 

to generalize results. Video game stimulus will be compared with standard stress-
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inducing tasks like a mental arithmetic task to get a detailed insight regarding stress 

assessment.
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Chapter 1  
 

Introduction 

Stress is a matter of increasing concern in the modern era of technological growth. The 

word stress has become a household term and it seems everyone wants to be aware of 

the effect of stress on their mental condition. Techniques to avoid and manage stress 

have become widespread in the media [1]. The stress research maintains a high profile 

because it plays a vital role in the social, physiological, and psychological health. Stress 

research has a wide range of applications, which include daylong stress monitoring, 

assessment of stress to improve health and work productivity, and prevention from the 

onset of serious diseases. This research area is equally beneficial for individuals and 

society. This thesis encourages objective understanding of stress by identifying the key 

features and location of the brain activity using commercially available 

electroencephalography (EEG) headsets.  

Stress in human beings has adverse effects on their working abilities and health since it 

increases the individual’s vulnerability to various kind of diseases and weakens the 

recovery process of a body [2]. When a stressor is encountered by a person, it activates 

neurons present in the hypothalamus. It releases a hormone called corticotropin-

releasing hormone (CRH), which consequently causes the release of another hormone, 

adrenocorticotropin (ACTH) hormone from the pituitary gland. ACTH travels in the 

blood and affects the adrenal glands. It in turns triggers the release of stress hormones 

including cortisol, epinephrine, and norepinephrine [3]. The process is shown in Figure 

1.1-1. 
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Figure 1.1-1: Events related to the release of stress hormones. 

Cortisol is released in response to stress and it helps an individual to cope with an 

immediate threat. Long exposure to heightened stress could cause symptoms of 

depression. A number of researchers have proved a strong connection between 

depression and human stress, which can also boost anxiety as well as mood disorders 

[4]. Depression affects almost 350 million people worldwide and the situation seems to 

be worse in Pakistan [5]. In a survey, out of 820 people interviewed or contacted, almost 

46% reported that they are either suffering from depression or related symptoms [6]. 

Pakistan has plenty of causes to have an ever-increasing occurrence of mental illness. 

These factors include but are not limited to internal conflicts, political unrest, economic 

instability, rising poverty and crime rates, natural disasters and the list continues. 

According to the world health organization (WHO), there are less than 350 psychiatrists 

in Pakistan, which account for only 0.2 per 100,000 persons [7]. There are only five 

psychiatric registered hospitals in the country and the state of psychiatric wards and 

mental institutions is poor. Educating about mental illness is a primary task but the 

bigger problem is to remove the shame and stigma associated with mental illness [3].  

Stress has been measured using psychological methods, which require major human 

intervention. These methods are defined in the literature as self-reported measures or 

observer-reported measures [8]. These objective methods become less effective to 

reflect the stress level when a person tends to hide their mental condition due to stigma, 

shame or for some personal reasons. Most of the mental health sufferers remain 

undiagnosed, often in the shadows of stigma and shame. With the advancement of 

technology, EEG headsets are easily available commercially. Therefore, it is possible 
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to make an objective measure of stress using these EEG headsets. Such a measure 

would be able to assist a psychology expert to diagnose stress before it leads to serious 

health outcomes. It can reduce the stigma of mental checkup in patients and can provide 

a direct measurement of brain activity. This would also help in understanding the 

cognitive functions associated with the stress conditions. 

Stress quantification in humans is rapidly emerging as an area of research in EEG signal 

processing. Stress quantification using EEG in response to different stressors is 

available in the literature. Little work has addressed the classification of human stress 

from baseline EEG. Stress quantification using wearable EEG is of interest especially 

in developing countries, where the psychological health facilities are scarce. Therefore, 

in such countries, the use of EEG as an objective measure for stress classification 

becomes more important. It is a comparatively low cost and an easy solution for stress 

recognition. Machine learning algorithms have been used successfully to assess human 

stress and mental states. These algorithms are broadly categorized into supervised and 

unsupervised learning classifiers [2]. Supervised learning algorithms have proved to be 

promising in classifying human stress, but they require labelling for classification 

purpose, for which psychological methods of stress assessment can be used. These 

assessment methods could involve self-reporting, observer reporting or a combination 

of both. 

1.1 Problem Statement 

Stress in human beings is a major cause of several severe diseases like cardiovascular, 

high blood pressure, anxiety, and depression. It increases the financial burden on an 

individual as well as society. In developing countries like Pakistan, most of the sufferers 

remain undiagnosed due to a scarcity of available health facilities. There are other 

causes including the political and social setup of life, which adds up to stress and acts 
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as a stressor. There are few trained psychology experts and a shortage of available 

specialized institutions. Furthermore, due to lack of awareness and education, there 

exists a stigma associated with a mental check-up. There is a strong need to automate 

the process of stress measurement. The advancement of brain-computer interface (BCI) 

has now made it possible to build a stress observation system that will not only 

overcome the stigma attached to mental stress but also provide an objective measure 

for stress assessment. Keeping in view the alarming situation of facilities for mental 

health in Pakistan, this system is intended to assist the psychiatrist to make the situation 

better for stress patients. The system will be non-invasive and easy to operate. 

Additionally, it will be easy to wear and least affected by the phenomenon occurring in 

the other parts of the body, since it will provide a direct measure of the brain activity. 

1.2 Aim and Objectives 

The main aim of the thesis is to analyze and quantify human stress using commercially 

available EEG-based brain computer interfaces. This study has the following 

objectives: 

1. Record the required datasets of EEG signals from human participants since there is 

no publically available dataset for human stress assessment, especially for the 

Pakistani population. 

2. Apply machine learning and statistical methods to quantify human stress by using 

EEG-based signal recordings. 

3. Analyze human stress by identifying vital neural oscillations that contribute to stress 

quantification. 

4. Compare the quantified stress with state-of-the-art stress measuring techniques. 

5. Apply the identified features and utilize the selected brain regions to an EEG-based 

application and validate the effectiveness of the proposed method. 
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1.3 Thesis Contribution 

This thesis aims to check the feasibillity of commercially availbale EEG headsets for 

stress classificaiton and neural correlates of stress. A series of three experiments have 

been performed to identify the useful channels and features for stress classification. In 

the first experiment, a signle channel headset is used to create a data set of 28 subjects 

with different level of stress. It is observed that 71.43 % accuracy is achived for stress 

classification with 7 neural oscillatory features. A differentiating trend of beta wave is 

observed. On applying multiple linear regression over beta band reveals that only low 

beta can classifiy the stress with similar accuracy of 71.43%, without using any other 

features. In order to improve accuracy to 79.5%, CFS technique is used. It also 

indentifies the significane of beta and delta wave for stress classification. In the seccond 

experiment, expert is involved to perform labeling of participants into stress and control 

groups. A multichannel headset is used to observe the effects of stress on established 

neural oscillatory construct of alpha-assymetry of homologous locations of the brain. 

Moreover, it gives the idea about the significance of electrodes involved in the stress 

classification. It has been observed that stress is classified with the accuracy of 85%, 

with using alpha asymmetry as sole feature. This feature is used in the third experiment 

to check its significance in stimulus based scenario. Game play is used as stimulus,  and 

the level of expertise of the player is classified based on the assumption that expert and 

novice handle stress differently. It is observed that the same feature of alpha asymmetry 

is able to classify expertise level with an accuracy of 94.1%. This shows the 

effectiveness of the alpha-asymmetry based feature, focussed experiment is needed 

involving more participants to validate this finding. 
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Three different stress-related experiments have been designed and implemented. The 

thesis presents the following three main contributions to the field in the form of 

findings, which are beyond state of the art techniques. 

1. Using a single channel headset, it has been shown that stress in humans can be 

classified into two groups using PSS based labels. For the first time in our 

knowledge, long-term stress has been classified with 78.5% classification accuracy 

without any stress inducing task using single channel headset. 

2.  Expert-based labels have been used for the stress classification in an EEG based 

using five channel headset. A classification accurcy of 85% has been achieved, 

without stress inducing task. 

3. Alpha asymmetry based expert novice classification has been performed with an 

accuracy of 94.1%, 

 

1.4 Thesis Organization 

The thesis is organized into seven chapters. Chapter 2 reviews the literature related to 

human stress and its different measures including physical, psychological and 

physiological. It highlights the importance of the EEG signal, which is a direct measure 

of stress among physiological measures. EEG signal processing falls under the domain 

of the emerging field of brain-computer interfaces (BCI). Therefore, types and 

paradigms of BCI are also presented. At the end of the chapter, an overview of related 

studies has been presented. Chapter 3 presents the methodology employed in the thesis 

for performing the three designed experiments. First of all, EEG data acquisition of 

experiments is discussed. Three different EEG headsets based on their number of 

channels are specified. The details of five classification algorithms are given in the next 
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section. Methods used in the thesis for labelling purpose are explained separately. Three 

different statistical methods used for feature selection are also explained. Performance 

parameters have been identified for the purpose of comparison and evaluation.  

Chapter 4 presents the quantification of human stress by using a single channel EEG 

headset. Labelling is provided by a psychological questionnaire. It highlights the data 

acquisition using single channel headset, methodology, and results. It also discusses the 

results of the correlation-based selection of neural oscillatory features using data 

acquired by a single-channel EEG headset. Chapter 5 consists of a study involving 

multiple channel EEG headset. It presents the results of the classification system and 

alpha asymmetry as a significant feature associated with long-term stress. Chapter 6 

presents an application of the identified feature of alpha asymmetry, which is able to 

classify expert and novice video game players with high accuracy. It is widely believed 

in psychology that expert and novice handle stress differently. Chapter 7 concludes the 

thesis and identifies its future prospects. References are provided at the end of the thesis.  

1.5 Research Contributions (Publications) 

Some parts of this thesis work are published and submitted to peer-reviewed journals 

and conferences.  A list of these research contributions is given below. 

J1. S. M. U. SAEED, S. M. ANWAR, and M. Majid, "Quantification of Human 

Stress Using Commercially Available Single Channel EEG Headset," IEICE 

Transactions on Information and Systems, vol. 100, no. 9, pp. 2241-2244, 2017 

(IF=0.41).  

J2. Anwar, S. M., S. M. U. SAEED, Majid, M., Usman, S., Mehmood, C. A., & 

Liu, W. (2017). A Game Player Expertise Level Classification System Using 

Electroencephalography (EEG). Applied Sciences, 8(1), 18. (IF=1.7) 

J3. S. M. U. SAEED, S., Anwar, S. M., Majid, M., Awais, M., & Alnowami, M. 

(2018). Selection of neural oscillatory features for human stress classification with a 

single channel EEG headset. BioMed research international, 2018. 
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J4. S. M. U. SAEED, S. M. ANWAR, and M. Majid, "Human stress classification 

using psychology-based methods". (submitted in MDPI Sensors: 2019) 

 

C1. S. M. U. SAEED, S. M. Anwar, M. Majid, and A. M. Bhatti, "Psychological 

stress measurement using low cost single channel EEG headset," in Signal Processing 

and Information Technology (ISSPIT), 2015 IEEE International Symposium on, 2015, 

pp. 581-585: IEEE 

C2. S. M. Anwar, S. M. U. SAEED, and M. Majid. "Classification of Expert-Novice 

Level of Mobile Game Players Using Electroencephalography." Frontiers of 

Information Technology (FIT), 2016 International Conference on. IEEE, 2016. 
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Chapter 2  
 

Literature Review 
 

This chapter presents the necessary background for the understanding of human stress 

by elaborating its associated types. Different measures of stress including physical, 

psychological and physiological are examined briefly. Among physiological measures, 

EEG is a direct measure of brain activity. The steps of EEG signal processing fall under 

the emerging and promising domain of brain-computer interface. Therefore, brain-

computer interface, its types and paradigms are discussed in this chapter. The available 

BCI headsets and software tools are briefly reviewed. A review of the EEG based 

studies that attempt to assess human stress is presented at the end of the chapter. Video 

gameplay is identified as an interesting stimulus for elicitation of brain activity. The 

significance of expert-novice paradigm in EEG-based studies is also explored.  

2.1 Human Stress  

Rapid changes in technology and society are bringing unavoidable stressors to everyday 

human life. Life itself offers specific emotional and physical challenges. In our daily 

life, there exist many stressors that can make a person feeling stressed. Selye defined 

the stress as  “the non-specific response of the body to any demand for change” [9]. 

Generally, stress is a “complex reaction pattern that often has psychological, cognitive 

and behavioural components” [10]. It is a description of the wear and tear of a body 

input stimulus, processing and evaluation, and response [11]. Another definition is 

given “Environmental demands tax exceed the adaptive capacity of an organism, 

resulting in psychological and biological changes that may place persons at risk for 

diseases” [12]. Computational stress is the recent term, which essentially means a 
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measure of stress at a specific point in time by taking into consideration the symptoms 

of stress as input [8]. 

2.2 Types of Human Stress 

The types of stress are categorized by the duration of illness and their symptoms. Each 

type has its own symptoms and causes. These types may include acute, episodic acute 

and chronic stress or long-term stress [13]. 

2.2.1 Acute Stress 

Most commonly occurring type of stress is acute, which is a consequence of situations 

that are considered as a novel, unpredictable, threat, and uncontrollable. Acute stress 

usually originates from the demands of the near past and the future. Examples of 

stressful incidents may include daily life situations such as a loss of an important 

contract or an approaching deadline. This instantaneous stress can be proved good as it 

releases stress hormone to deal with the stressful situation, but if this stress hormone is 

released in excess, it can exhaust the mechanisms of the body. Since acute stress is for 

a short duration, its damage is not extensive when compared to long-term stress. But an 

overdosage of short-term stress can lead to psychological and physical problems such 

as distress, headache, stomach issues and other stress-related symptoms. Symptoms of 

acute stress are identified easily by most of the sufferers. 

2.2.2 Episodic Acute Stress 

Frequently occurring acute stress is termed episodic acute stress, in which major 

symptoms are disorganization and self-induced demands. Nervous energy, short-

temperament, irritability, anxiety, and tension can also be observed during episodic 

acute stress. Sometimes irritability can lead to hostility, which can damage the social 

affairs of the sufferer. Consequently, the workplace can become stressful for the 

sufferer. In this condition, sufferers predict catastrophe in the outcome of every 
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situation. Sufferers consider the world as threatening and unrewarding place to live in. 

Over-arousal, resistance to change, and depression are also associated with episodic 

acute stress. Endless worry is another form of episodic acute stress. 

2.2.3 Chronic Stress 

Chronic stress is defined as “ongoing difficulties lasting at least 4 weeks, with at least 

one severe life event prior to onset” [14]. It can be triggered in response to poorly 

handled daily stressors, as well as to exposure to dreadful events. Ignoring chronic 

stress can result in serious consequences that lead to anxiety, depression, and 

cardiovascular diseases. Chronic stress damages the health of the people day by day, 

even year by year. Poverty, dysfunctional family, unhappy marriage and undesired job 

are the causes of chronic stress. It is triggered when a person is trapped in a miserable 

situation. It occurs due to exceeding demands for apparently an indefinite period of 

time. When a person loses hope to get to the solution of problems, chronic stress occurs. 

Chronic stress is a continuing and open-ended problem, which has its roots in the social 

environment.  

There exist nine fundamental forms of chronic stress namely;  threats, demands, under 

load, structural constraints, complexity, uncertainty, conflict, restriction of choice, 

under-reward, and resource deprivation [15]. The threat is the continuing expectation 

of potential harm that cannot be avoided or controlled. When a person’s image is in 

question, it becomes an issue of chronic stress. Perception about the threat is a 

continuous and separate factor from the actual threat. It actually focusses the stressing 

part of the actual situation. Demands and overload occur when an individual is under 

the pressure of many immediate, independent and uncontrollable tasks, which cannot 

be avoided. Among a set of chronic stress items [16], this type of overload can be 
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experienced in a number of ways, including expectation by others, an unusual amount 

of work in comparison to others and not enough self-time.  

Complexity is a kind of excessive demand but with its different characteristics. In this 

form, demands are interdependent which results in such complexity that leads to 

chronic stress. Social roles offer a complex routine to follow, which causes chronic 

stress to an individual. Uncertainty is considered as a problem that is closely related to 

complexity. Uncertainty scales the effects of complexity. Stress is induced if 

uncertainty persists for a longer period of time. When the resolution of the situation 

becomes more important than the desired result, uncertainty becomes chronic stress.   

Underload involves features of structural constraint. Boredom is a state of no option 

when someone needs one. There are forms of under demands, for example, a slow and 

repetitive job, which lacks stimulation. Structural constraints involve social 

environment structure that forces an individual to exercise reduced options, which 

causes problems. These problems have many forms, from the influence of rules on the 

fact of severe social disadvantages like discrimination. Restriction of access is also 

considered as a form of stress. Discrimination is ubiquitously experienced as stressful 

in many situations.  

The notion of under-reward is derived from Equity Theory [17]. It is a theory of social 

exchange that suggests an equal ratio of outputs to inputs for the members of a 

relationship. It identifies a condition for under-reward, where the role of the victim is 

more stressful than the role of the wrongdoer. Conflicts exist at every corner of social 

life, at the workplace and in families. They occur due to different values and aims. They 

tend to occur for a longer period of times if parties do not agree on common objectives 
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and goals. The fear of highlighting the conflict and actual conflict are the sources of 

chronic stress. 

2.3 Measures of Stress 

Stress in humans can be measured in a number of ways by observing the symptoms 

associated with the stress response. There exist physical, physiological and 

psychological symptoms of stress response in humans. Based on these symptoms, 

measures of stress can be classified into three types. A brief detail of the measures is 

described in the following subsections. 

2.3.1 Physical 

Physical measures relate to the way of conducting oneself, so they can be externally 

observed. A physical property is defined as a property that is observable by humans 

with the naked eye. But to acquire physical measures, sophisticated equipment and 

sensors are required. Body language is a depiction of behaviour and is widely used by 

human experts for stress assessment. Gesture recognition is used as a measure of 

anxiety and stress related to mathematics learning [18]. In another study, yawning, pupil 

distances and facial expressions in day and night conditions were analyzed to measure 

fatigue of the drivers [19]. Video recorded-facial expressions have been used to detect 

stress using internal and external stressors [20]. Eye gaze spatial distribution and pupil 

dilation have been examined for stress detection in a study [21]. Stress has been 

identified by pupil diameter [22], and the pupil dilation frequency [23]. Difference 

between the blink and the last valid pupil diameter can also indicate the level of stress 

[24]. Higher frequency of blinks is associated with the stressful conditions [25], while 

in another research lower frequency is considered responsible for the stress [23]. An 

objective measure of stress and depression is developed recently using speech features 
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in patients of aphasia [26]. Rapid fluctuation and an increase in the frequency range are 

key speech features for stress detection [27].  

2.3.2 Psychological  

Psychological measures relate to the mental state without the involvement of an action. 

These measures of stress are used to validate the measurements acquired from 

physiological measures or sensors. Psychology deals with the measurements of abstract 

concepts like language, intelligence, and emotion. It is widely accepted that the 

determinants of the stress response are psychological in nature. Therefore, it is believed 

that stress can be measured using psychological questionnaires [8].  

Psychologists have developed a wide range of questionnaires that can assess the stress 

level of an individual on the basis of experienced symptoms. These questionnaires may 

include relative stress scale [28], brief symptom inventory [29], daily stress inventory 

[30],  positive affect and negative affect schedule [31], trier inventory for the 

assessment of chronic stress [32], visual analogue mood scales [33] and life stress 

interview. The PSS is a psychological instrument that is mostly used in the 

measurement of perceived stress [34].  

Although stress can be subjectively measured by psychological questionnaires that 

report the perceived stress, objective measures can be proved more helpful than self-

reported stress in certain scenarios where self-report may be considered biased. 

Generally, the precision of a trained interviewer to examine research questions cannot 

be achieved by administering checklists [35]. Interviews can be used to collect better 

information as compared to self-reports, which are generated without any assistance. 

The respondents of questionnaires report even positive events while answering negative 

questions [36]. Interview methods provide different insights into stress assessment 

because trained interviewers can extract descriptive information about the   severity of 
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events over time. Trained interviewers are able to establish linkages among related 

events and difficulties. These methods are practical but have issues of culture, language, 

and objectivity. 

2.3.3 Physiological   

Physiological measures relate to the normal functions of a human. These are 

involuntary responses and hence are hard to measure. These involve the attachment of 

specific tools to an individual to record changes in the physiological parameters of the 

body. Involuntary actions of the body are controlled by the autonomic nervous system 

(ANS). Sympathetic nervous system (SNS) and parasympathetic nervous systems 

(PNS) constitute the ANS. A stressful event makes the activity rate in SNS to increase 

and activity rate in PNS decreases. Activities of PNS represents the resting state of the 

body. Together, SNS and PNS regulate the galvanic skin response (GSR), heart rate 

variability (HRV), blood pressure (BP), and brain waves. These are the significant 

measures to be considered for measuring stress [37].  

Galvanic skin response (GSR) can be used to measure stress reliably [38]. It represents 

the conductance of electricity through the surface of the skin. It is measured by placing 

electrodes on the first and middle finger of the hand. When an individual is feeling 

stressed, the skin resistance of the body decreases. This happens because of an increase 

in the moisture of the skin [23]. A description of the physiological changes in the skin 

during stress can be found in [39]. For workload assessment [40], GSR can be 

considered as an important measure. Features of GSR are mean and sum that has been 

used for computing stress for varying situations [41]. Stress assessment has been 

performed using the sum of the response durations and estimated areas under the 

responses [42]. Factors that affect GSR can be external as well as internal. Temperature 

and humidity are external factors, while the medication is an internal factor that can 
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affect the GSR measurements. GSR has a latency, which ranges from 1-3 seconds [43].  

In GSR measurement, the skill of the operator is a significant factor [44]. Positive stress, 

which is also known as eustress, can also increase skin conductance just like distress 

[45]. Skin temperature is also used for stress measurement by fusing it with primary 

measures of stress [46]. The temperature of the skin increases when stress levels 

decrease and vice versa [47]. 

Heart rate variability (HRV) is widely used to measure ANS activities [48]. It is 

considered one of the primary measure of stress [49]. Electrocardiogram (ECG) is very 

sensitive in detecting heartbeats and therefore, an excellent measure of HRV [50]. ECG 

records the electrical activity of cardiac muscles and displays it by plotting its graph. It 

is measured by connecting electrodes to the body of an individual on each side of the 

heart. Low and high-frequency bands of HRV are usually used to analyze stress. HRV 

for shorter periods of time represents acute stress [51]. The physical activity of an 

individual also affects the heart rate. This leads to the fact that heart activity cannot be 

considered as a measure of stress across multiple individuals without standardizing 

using some baseline measurements.  

An increase in blood pressure is shown to be correlated with an increase in stress. 

Similarly, a decrease in blood volume pulse (BVP) is correlated with an increase in 

stress [47]. Effects of acute stress task on blood pressure have been observed recently 

in a study [52]. BVP of a person can be measured by photoplethysmography (PPG)  that 

is taken from a finger. A PPG works by measuring the reflected light by the finger, as 

a result of throwing infra-red light. This reflected light corresponds to the amount of 

blood present in it. Commercial stress monitoring systems use PPG sensors [53]. 

Electromyography (EMG) is a measure of muscle action potentials. EMG electrodes 

are placed on the shoulder for stress detection. Respiration is another measure of stress 
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that is monitored in individuals by wearing a belt around their chest. But respiration 

measurement requires an intrusive system and does not perform well as a measure of 

stress in comparison to HRV and GSR [54].  

Amount of free cortisol in the saliva is one of the most popular biomarkers for 

measuring stress. Salivary cortisol is measured to assess stress in learners in a recent 

study using simulations [55]. Free cortisol present in the blood is considered as a basis 

for variations in higher-order cognitive functions and behaviour [56]. Many research 

studies used cortisol and alpha-amylase levels to assess the stress in the past decade[57]. 

But these methods are not considered suitable because of their invasive nature [58]. It 

can be concluded that for stress assessment r Therefore, it is not enough to use only 

hormones-based instruments.  

The stress response in humans has been observed by using different 

psychophysiological systems [59]. Different non-invasive bio-signals like EEG, GSR 

and ECG have been used to quantify human stress [60]. GSR, BVP, and HRV have 

been used in combination to determine the stress of the player during video gameplay 

[40]. Similarly, in another study stress classification is performed for the computer 

users using their GSR, EMG, ECG, and respiration data [21]. For searching for an 

optimal measure combination, mutual information measure [23] and principal 

component analysis have been used [61]. GSR and ECG are reported as indicators of 

stress [54].  

Brain activity has a strong relationship with stress [61]. For analysis of brain activity, 

functional magnetic resonance imaging (fMRI), positron emission tomography (PET), 

and EEG are commonly used. In the above-mentioned modalities, EEG is widely used 

in the published brain-related research [62]. It is the most commonly used measure to 
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study brain functions and conditions in a cost-effective manner. It is an objective 

method, which provides a precise measurement of brain activity. It acquires the 

different waves from electrodes placed on the human scalp [63].  Among other sensors, 

EEG sensors provide good mobility and high temporal resolution. Since the origin of 

stress response lies in the brain, EEG becomes a significant signal for detection and 

analysis of human stress for its direct measurement [64]. With the availability of low 

cost commercially available EEG headsets, it has become possible to design BCI 

applications for disabled as well as healthy persons. EEG signal processing involves 

data acquisition, preprocessing, feature extraction and selection, and classification. 

These steps are the building blocks of a brain-computer interface system. In the 

following section the brain-computer interface, its types and paradigms are explained.  

2.4 Brain Computer Interface (BCI) 

Brain-computer interface provides a direct link between the brain and an external 

computer device. It started with the discovery of a recording of the EEG signal from 

the scalp by Hans Berger in 1924 [65].  In 1929, Hans Berger established EEG as a tool 

for brain related research and diagnosis. In the decade of 1970, the concept of BCI was 

introduced and it took almost three decades for BCI research field, to gain a good 

momentum.  

More than 100 companies have been identified that are involved in manufacturing or 

integrating BCI based technology in their products. It has applications from the field of 

assistive technology for disabled persons to the entertainment computing for the public. 

Performance monitoring and enhancement is another promising application domain. 

Sleep analysis and neuromarketing are considered advanced applications of BCI. A 
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considerable number of scientific articles published in the last decade or so. It is 

increasing year by year as can be seen in Figure 2.4-1. 

 

 

Figure 2.4-1: Result of a query performed on PubMed in December 2017 shows an 

increasing trend of BCI publications per year. 

There are different definitions of BCI available in the literature. Traditionally, it has 

been defined as “A BCI is a communication system in which messages or commands 

that an individual sends to the external world do not pass through the brain’s normal 

output pathways of peripheral nerves and muscles” [66]. But after a decade of progress 

and advancement in this field, a new definition is coined that incorporates different 

aspects regarding various applications unleashed by BCI research. “A BCI is a system 

that measures Central Nervous System(CNS) activity and converts it into an artificial 

output that replaces, restores, enhances, supplements, improves or investigates natural 

CNS output and thereby changes the ongoing interactions between the CNS and its 

external or internal environment” [65]. 

BCIs can be used in different application scenarios. These can replace, restore, enhance, 

supplement or improve a natural CNS output, which may be lost due to an injury or a 
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disease. These can be used as a research tool for clinical and non-clinical settings as 

shown in Figure 2.4-2. 

2.4.1 Types of Brain Computer Interface 

BCIs record brain activity of an individual using different methods for data acquisition. 

These methods can be broadly classified as invasive and non-invasive. Invasive 

methods used specialized instruments for their operation.  

The most common modality used by non-invasive BCI systems is EEG. These BCIs 

can be distinguished under three classes that are evoked, spontaneous and passive BCIs. 

An evoked BCI works on the EEG signals generated in response to some external 

stimuli.  

 

Figure 2.4-2: Application scenarios of BCI [67] 

In principle, evoked potentials can be easily recorded with electrodes placed on the 

scalp. Two most common evoked potentials that have been explored in the field of BCI 

are P300 [68] and steady-state visual evoked potential (SSVEP)[69]. Provision of 

external stimulation reduces its range of application areas. For control-based 
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applications like robotic limbs, brain activity can be used. Brain activity is of two types, 

one is spontaneous and the other is intentional. Spontaneous BCIs are those which are 

based on intentional mental tasks and their EEG based analysis. These BCIs use two 

types of brain oscillations, namely slow potential shifts or variations of rhythmic 

activity [70]. Eye movement is an example of slow potential shifts, while muscular 

tension in the neck can generate variations in higher frequencies. In passive BCI 

systems, cognitive monitoring is performed. Real-time brain signal decoding is 

employed in passive BCI systems, which gives insight into the user’s intentions, 

situational interpretations and emotional states [71]. 

In Invasive BCI system, a surgical procedure is required to record the activity of a single 

neuron. Microelectrodes are implanted in the brain to measure the spiking rate of a 

neuron. A number of such experiments are performed on animals to determine different 

actions performed by the brain. These actions may involve the movement, intention of 

animals [72], the monkey's hand trajectory [73], and to drive a computer cursor to 

desired targets [74]. The invasive approach was used the first time over the human 

subject in [75]. The experiment was successfully performed when one of the 

participants controlled a computer cursor and was able to write messages. But, the 

performance was not much better than the non-invasive approach  [76]. 

Electrocorticogram (ECoG) is a less invasive approach in which signals are recorded 

from the electrodes implanted under the skull. Due to the location of their electrodes, 

ECoG signals are less noisy than EEG signals but require surgery [77].  

2.4.2 Paradigms of BCI 

EEG-based BCI paradigms involve motor imagery and event-related synchronization 

and desynchronization, SSVEP, visually evoked potentials (VEP), slow cortical 

potentials (SCP) and mental task-based BCI. 
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Intentional actions are represented by three phases that are planning, execution and 

recovery. During motor imagery, the planning phase is responsible for the variation in 

the EEG of a person. For instance, when a left hand is imagined moving it causes a 

change in the right motor cortex of the brain, which is called as event-related 

desynchronization (ERD) in the right motor cortex. It also causes a change in the left 

motor cortex, which is called event-related synchronization (ERS).  ERD and ERS can 

be used to design effective BCI. 

When visual input is flashed at a particular frequency (higher than 6 Hz), there is a 

change in the normal EEG of an individual. This kind of EEG is called SSVEP. Its 

response can be observed at the visual cortex in the occipital region. The response is 

involuntary and does not require any intention.  Audio-based methods are also explored 

but with lesser accuracy. SSVEP paradigm can be used in closed eye condition as well 

as shown by a recent study  [78]. 

When visual input is presented, a change in EEG occurs at around 300–600 

milliseconds after visual input, it is called VEP. The name P300 refers to the variations 

in the EEG after 300ms of input presentation. It has maximum effect at mid location of 

scalps like Fz, Cz, and Pz. A low pass filter is used before analysis since its signal is 

limited to 8 Hz. It is generated in decision making and identification of the target. 

Donchin’s speller matrix paradigm is a popular example in this regard [79].  

Slow cortical potentials BCI requires extensive training, and therefore are not as 

popular as other BCIs.  These are characterized by low potential shifts (negative or 

positive) in the frequency of around 1-2 Hz. These can be used to generate control 

signals for BCIs. For example, the cognitive tasks are linked to positive SCP, while 

negative SCP is linked with tasks like planning to move.  
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In mental task BCI system, the idea is to record multichannel EEG from a user thinking 

of different mental tasks. Since different mental tasks are associated with different 

regions of the brain, therefore the EEG would be able to differentiate these tasks. 

Examples of mental tasks used are baseline, computation, visual counting, and 

geometric figure rotation tasks. These mental tasks show the difference of activity in 

right and left hemisphere. 

2.4.3 Headsets and Tools 

EEG signals can directly reflect the brain’s electrical activity, so it can be used as an 

objective measure to classify stress level [63]. In most cases, any reliable measure of 

stress using EEG requires a dense placement of EEG electrodes [80]. In order to observe 

stress in daily life activities, wearable EEG is required that is unobtrusive, mobile and 

could be used for longer durations. Clinical dense EEG systems with 128−, 64− or 32− 

channels do not fulfil these requirements. A fourteen channel EEG headset is currently 

available, that is easy to wear but requires saline liquid for noise-free operation. This is 

found to be a troublesome task in cases where frequent data is required [68]. On the 

other hand, single-channel EEG headset has been used effectively for emotion 

recognition [81], and following this, a single channel EEG dry sensor is feasible to 

detect psychological stress. Longer battery time is also positively affecting the situation, 

with more and more researchers getting interested in BCI research. A summary of 

commercially available BCI headset is provided in Table 2.4 1. 

Many tools are available for free and on payment for development in the field of BCI. 

Every platform has its own advantages depending upon the requirements of an 

experiment. BCILAB toolbox is used for online processing in DataSuite, FieldTrip, 

BCI2000, or OpenViBE systems [82]. It can be viewed as a plug-in extension to 

EEGLAB for this purpose. BioSig  is a MATLAB/Octave based toolbox [83]. This 
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software provides online processing for bio-signals and supports time-series analysis. 

It includes adaptive autoregression, blind source separation, and common spatial 

patterns classification. But it requires strong programming skills for its use. 

Table 2.4-1: Specifications of commercially available BCI headsets. 

Sr. 

No. 

Headset 

companies 

Sampling rate 

in samples per 

second 

Number 

of 

channels 

Data 

transfer 

Mode 

Operating 

time 

in hours 

1 
IMEC 

 
 

8 

 
Bluetooth - 

2 
COGNIONICS 

 
1,000 20 Bluetooth 8-hr 

3 
EMOTIV 

(Epoc+) 

128 or 256 

2048 internal 
14 

Wireless 

 
12 hours 

4 
EMOTIV 

(Insight) 
128 5 

Wireless 

 
4 hours 

5 Freedom 24D 
300 

 
20 

Bluetooth 

 
 

6 

G. 

NAUTILUS – 

G.TEC 

250/500 
64/32 

16/8 
 10 hours 

7 Enobio 32 500 32 
Bluetooth 

2.1 
14 hours 

8 Enobio 8 500 8- 
Bluetooth 

3.0, 2.1 
16 hours 

9 Enobio 8 500 20 
Bluetooth 

2.1 
15 hours 

10 
Quasar DSI 

 

240 

or 960 
12 Wireless 24 hours 

11 Quasar PSM 240 2 
Wirelessly 

or wired 
24 hours 

12 
X-Series 

 

256 

 
 Wireless  

13 
Biosensors 

 
  Wireless 6-8 hours 

OpenViBE is a C++ based platform which focuses on online processing and virtual 

reality integration to BCI. Other tools may include, Brain Stream BCI2000 [84], BBCI 

Toolbox,  [85], Brainstorm, Field Trip and EEGLAB [86]. A software platform is under 

development by a multimillion-euro project funded by the European Union for BCI 

applications. EEG-based BCI headset systems are commercially available in the 

market. Many companies like Emotiv, Neurosky, MyndPlay, PLX devices, IMEC, 
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Congnionics, g.tec, and OCZ technology have manufactured their own headset system. 

These companies provide various applications and utilities along with these headset 

systems. 

2.5 A Review of Studies Related to Stress Assessment 

Human stress research using EEG is a challenging area [87]. A large number of studies 

have been conducted on animals as compared to the studies that involved human beings. 

Studies involving humans require consent and approval from ethical bodies to conduct 

research. A review of studies focusing on human stress quantification and analysis is 

presented in the following section. 

2.5.1 Features Extraction and Classification Techniques 

For analyzing EEG signals, different feature extraction techniques have been adopted. 

Significant approaches are frequency analysis, wavelet analysis, and time domain 

analysis. Hjorth parameters provide a faster method to compute important characteristics 

of a time-varying signal that are mean power, root-mean-square frequency, and root-

mean-square frequency spread. These parameters are also called “normalized slope 

descriptors” because they can be computed from the first and second derivatives of the 

signal. Mathematically, the three Hjorth parameters [65], which are termed “activity,” 

“mobility,” and “complexity,” are defined by the Eqs.  (1-3) . 

 𝐴 = 𝑎0  , (1) 

 
𝑀 = √

𝑎2

𝑎0
  , 

(2) 

 
𝐶 = √

𝑎4

𝑎0
  , 

(3) 

Where, 𝑎0 is the variance of the signal in the epoch under measurement, 𝑎2 is the 

variance of the first derivative of the signal, and 𝑎4 the variance of the second derivative 



26 

 

of the signal. A popular technique of features extraction for EEG analysis is Hjorth 

parameters. These parameters are faster in computation time since they are based on 

variance. These parameters are applied when fast characterization of time-varying 

signals is required. 

Fractal dimension measures self-similarity in a quantitative manner. A signal is 

considered a fractal if parts of the signal tend to resemble the whole in a recursive 

fashion. Several different definitions of fractal dimension exist but a popular measure 

used for brain signals, especially EEG is based on a method proposed by Higuchi [88]. 

The fractal dimension D for brain signals such as EEG can range between 1.4 and 1.7, 

with higher values signifying highly spiky activity such as seizures. In typical BCI 

applications, D values are calculated using a sliding window and used as a local feature 

for characterizing the “complexity” of the time-varying brain signal. 

An AR model predicts the current signal measurement xt based on past measurements 

by using a set of coefficients. Brain signals tend to be non-stationary and requires a 

time-varying set of coefficients 𝑎𝑖,𝑡. This leads to an adaptive autoregressive (AAR) 

model defined by the Eq. (4). 

 𝑥𝑡 = ∑ 𝑎𝑖,𝑡𝑥𝑡−𝑖
𝑝
𝑖 + 𝜀𝑡  , (4) 

where ε is a zero mean white noise process that accounts for the differences between 

the signal and its linear weighted sum approximation. The parameter p is called the 

order of the AR model and determines the window of past inputs used for predicting 

the current input. It is either chosen through an optimization process such as cross-

validation. The traditional AR model assumes the statistical properties of the signal are 

stationary so that a single set of coefficients ai can be used. However, brain signals tend 

to be non-stationary, and one consequently requires a time-varying set of variables 
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𝑎𝑖,𝑡. The time-varying coefficients 𝑎𝑖,𝑡 can be updated online using a recursive least-

squares optimization procedure such as Kalman filtering. The coefficients 𝑎𝑖,𝑡 capture 

the local statistical structure of the signal as it evolves over time and can be used as 

features in classification in a BCI. The time domain methods discussed above do not 

explicitly maintain estimates of uncertainty of the signal properties being computed 

over time.  

Bayesian filtering techniques provide a statistically sound methodology for estimating 

signal properties and their uncertainty. Bayes’ rule has profound consequences for the 

statistical estimation of signal properties because it prescribes how evidence from 

measurements can be combined with prior knowledge and beliefs. The Kalman filter is 

perhaps the best known of Bayesian filtering algorithms. Kalman filters assume that the 

dynamics and measurement processes are linear and Gaussian. This simplifying 

assumption allows the update equations to be analytically derived, but the assumption 

may not hold true in many real-world examples. A relatively recent method for 

estimating a posteriori distribution over the hidden state for non-linear non-Gaussian 

processes is particle filtering.  

Fourier analysis decomposes a signal into a weighted sum of sine and cosine waves 

having different frequencies. For BCI applications, the brain signals are typically 

sampled at discrete time intervals. The Fourier series can be modified to apply to a 

discretely sampled signal as well. The fast Fourier transform (FFT) is a more efficient 

way of computing the discrete-time Fourier transform (DFT). It runs in time 

approximately T log T, which can result in huge savings in computation time for large 

sizes of T, where T is the number of points by which a signal is represented. The most 

common FFT algorithm uses a “divide and conquer” strategy to breaks down a DFT 

into smaller DFTs. Many BCI systems rely on features extracted from a brain signal 
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such as EEG or ECoG over a time interval. The power spectrum is first computed using 

an FFT, and the power in a particular frequency band is used as a feature in the analysis 

(such as classification). For example, motor movement reduces the power in the mu 

frequency band (8–12 Hz), we could use the power in the mu band as a feature in a BCI 

to allow a subject to move a cursor using motor imagery. 

Sparse source localization is used for features extraction to improve the performance 

measures of a BCI system [89]. Different methods of signal processing have been used 

for stress analysis in time, frequency and spatial domains. The existence of oscillatory 

activity in EEG/ECoG makes analysis, such as Fourier analysis, of the signals in the 

frequency domain particularly useful [65]. Neural oscillations in the frequency domain 

are considered important for the description of underlying activities occurring in the 

particular region of the brain. These regions include the prefrontal, frontal, occipital, 

temporal or parietal.  

SVM and KNN are used successfully for the classification of stress level perceived and 

reported by the participants [90]. Decision trees use divide and conquer methodology 

and are used for stress classification. There are many algorithms developed to generate 

decision trees, which have a flow chart like structure [91]. EEG signals can be used to 

classify stress using a decision tree model [61], however, there is a drawback with 

decision trees that they offer crisp splits for classification.  

ANNs have shown the significant result in stress classification when used with 

physiological features. Recurrent ANNs (RANN) have feedback connections and these 

have been successfully used to measure stress [92]. A small number of hidden layers 

are unable to differentiate between complex data, whereas a large number of hidden 
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layers give a poor generalization. In a study, the accuracy of the one and two hidden 

layers were equal when classifying fatigue [93].  

A Markov chain represents the state of a system with the help of a random variable. 

The random variable varies with time, where a state is dependent on previous states. A 

hidden Markov model (HMM) is a type of a Markov chain but it is partially observable. 

It is a fully connected structure where a state can be reached from any state. Markov 

models and  HMM, have been applied to recognize and predict behaviour [94]. To 

measure stress states, fuzzy clustering has been proposed [95]. It is a type of clustering 

in which data elements can be grouped into more than one cluster. Hybrid techniques 

include an adaptive neuro-fuzzy inference system [18], a fuzzy clustering technique 

[48], and a technique combining wavelet transform and ANN for modelling of stress 

[117]. However, hybrid techniques are not frequently used for modelling stress. 

2.5.2 Significant Regions and Waves of the Brain 

Neurons produce complex electrical signals that are captured by using electrodes on the 

scalp. The voltage of recorded EEG at the scalp ranges from 20µV to 100μV [96]. 

Different sites at the scalp represent different parts of the brain with specific functions. 

The electrical activity in each part shows that a specific action is taking place in that 

part of the brain. Major regions of the brain are shown in Figure 2.5-1. 

 

Figure 2.5-1: Regions of the brain [97]. 
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The waveforms of EEG are defined by their location, frequency, and amplitude. There 

are five major brainwaves distinguished by their frequency ranges. These frequency 

bands are called alpha (α), theta (θ), beta (β), delta (δ), and gamma (γ). Many brain 

disorders can be diagnosed by visual inspection of these waves. Age is another factor 

that affects the characteristics of brain waves. It has been shown that four rhythms of 

EEG signals, changes with an increasing level of stress or fatigue [98]. An increasing 

level of stress or fatigue could change EEG oscillatory behaviour [99].  

Delta waves (0.5-4 Hz) are considered to reflect deep sleep. These waves can be 

confused with muscular artefacts produced by neck and jaw. However, these artefacts 

can be easily determined by applying simple signal processing methods to EEG signals. 

Theta waves (4-7.5 Hz) originates due to drowsiness and have been associated with 

creative inspiration and deep meditation. Arousal of an individual is determined by 

theta wave. Pathological problems show larger groups of abnormal theta activity in 

waking adults. Variations in the theta activity are also used in emotion analysis based 

studies [63].  

Alpha waves (8-13 Hz) can be detected in all parts of the posterior lobes of the brain 

and it commonly appears like a sine wave or a round shaped signal. Relaxed alertness 

without attention is considered associated with alpha waves. The alpha wave is the most 

observable brain activity due to its prominence.  The alpha wave is claimed to be 

awaiting pattern by visual regions of the brain as in closed eye state alpha wave is 

produced. Activities like opening the eyes, listening to unfamiliar sounds, anxiety, or 

mental attention can reduce or even eliminate the alpha waves. It has an amplitude that 

is normally less than 50 μV and is found over occipital regions. Its origin and 

significance is not known physiologically and requires more research and 

experimentations. Stress has shown to be associated with a fall in alpha waves [100]. 
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The electrical activity of the brain that lies in the range of 14-26 Hz is considered a beta 

wave. This rhythm is found in waking normal individuals and is associated with 

thinking, attention, focus and a panic state. Beta activity is mainly originated in frontal 

and central regions of the brain.  It occurs around the tumoral regions of the brain. 

Among different neural oscillations, a higher level of beta waves acts as a marker 

denoting that a person is not in a calm state [63]. The presence of stress has been shown 

to increase the spectral power in the EEG beta band [101, 102].  

It has been found that a decrease in alpha band power and an increase in beta band 

power indicated the presence of intense and stressful activity [103]. Similarly, in 

another study, a decrease in alpha band power and an increase in beta band power has 

been reported under stressed condition [104]. For physical stress analysis [105], the 

ratio of power spectral densities of the alpha and beta bands has been computed [81].  

The brain activity that lies in the range of  30 Hz to 45 Hz is usually regarded as a 

gamma wave or fast beta wave. The occurrence of this wave is rare and associated with 

brain diseases. The gamma wave is considered as a good indicator of event-related 

synchronization (ERS) of the brain. Tongue movement, right and left index finger 

movement and right toe movement has been demonstrated to relate with gamma wave. 

Prefrontal relative gamma has also been used for human stress assessment using 

Montreal imaging stress task (MIST). These experimental designs rely on the stressor 

and using the stressed and calm states assess human stress [106]. Waves in 200–300 Hz 

frequency range have no role in clinical neurophysiology. These waves are treated 

much higher than the normal activity range of EEG.  

Neuro-physiologically, the presence of stress has been shown to affect the prefrontal 

cortex and frontal areas of the brain. Structural and functional imaging studies have 
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identified varying brain regions that are affected due to stress, but the prefrontal cortex 

appears to be a common area in most subjects [107]. The glucose metabolism and blood 

flow both are affected in the frontal brain regions during stress. The brain activity has 

been shown to vary with the behaviour of normal and depressed subjects in the 

prefrontal cortex area. Antidepressant treatment medications also affect prefrontal 

cortical activities [106]. The effect on the frontal site of the brain caused by 

neurochemical changes in response to stress has been established  [108]. Regularity 

indices like entropies to assess changes in the EEG time series and decreased alertness 

have been used to analyze stress [104]. It has been well established that neurochemical 

changes due to stress response affect a frontal portion of the brain considerably [108]. 

Hemispheric specialization is a major concern in neurophysiological research. The left 

hemisphere is associated with the processing of positive emotions, while the right 

hemisphere is associated with the processing of negative emotions [109]. The 

asymmetry of the hemisphere is observed to vary under chronic stress conditions [110]. 

During negative emotions, the right hemisphere of the brain is more active than the left 

hemisphere of the brain [111]. This fact can be used for stress detection as stress is 

processed in the right hemisphere [112]. Frontal asymmetry has been considered highly 

related to post-traumatic stress disorder. The role of the prefrontal cortex cannot be 

negated in the emotional and motivational processes [109]. Therefore, frontal EEG 

alpha asymmetry has been observed under depression [113] and examination stress for 

statistical differences [80].  

2.5.3 Studies with External Stimulus 

Numerous studies analyzed brain activities under stressful conditions induced by, tests 

or impromptu speech, words, video games, examinations, mental tasks, public speaking 

and cold pressor [62, 80]. The stress response is generated in response to a mental or a 
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physical challenge secreting several hormones including adrenaline, immunoglobulin 

A, and cortisol. Thereby increasing the heart rate, pulse, and blood pressure [64]. Stress 

is the response of the body to any demand for change [9]. There exists a balance 

between the sympathetic and parasympathetic arms of the ANS in healthy people. A 

fight-or-flight response is invoked, when there is an exposure to a threatening situation 

called stressor. Although daily stressors do not pose any danger to life, the fight-or-

flight response may still be invoked. This stress response may not present much harm 

in the short-term durations but for longer periods of time, it can have some detrimental 

effects. The hormones secreted due to stress can badly affect the human immune system 

making it vulnerable to infection. Therefore, stress has become a serious issue for 

human health that can reduce the working ability of an individual irrespective of their 

age [114].  

EEG has been used to classify relaxation levels, and these levels cannot be classified 

using blood pressure and heart rate [115]. A study recorded EEG of participants in 

resting-state, under the negative stimulus, under the neutral stimulus, and under positive 

stimulus using soundtracks from the international affective digitized sounds (IADS-2) 

that is widely used in the study of emotions [116]. Another study uses a simple method 

for stress detection based on frontal alpha asymmetry using a database for emotion 

analysis using physiological signals (DEAP), and classification is performed using the 

SVM, K-NN and Fuzzy K-NN [117]. Forty-nine participants are exposed to stress and 

their salivary cortisol and EEG are acquired before and after stress condition.  A 

camera-based variant of the TSST has been used in the study. Left frontal activity is 

observed as an attempt to deal with stress situation [57]. Furthermore, correlations 

between frontal and parietal alpha asymmetry and the geriatric depression scale (GDS), 

the hospital anxiety and depression scale (HADS) and the mini-mental state 
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examination (MMSE) are calculated [118]. Frontal theta is reported to decrease with 

the stressful mental arithmetic task in a study [119]. In another study, pre-frontal 

relative gamma power, based on the ratio of gamma and slow brain rhythms is proposed 

as a biomarker of identification of stress when a mental arithmetic task is presented as 

a stimulus [106]. In a recent study, the feasibility of using EEG in classifying multilevel 

mental stress is demonstrated using mental task. In a similar study, an alpha rhythm at 

the right prefrontal cortex is suggested as a suitable biomarker for multilevel stress 

assessment  [120]. 

EEG has been employed to analyze stress in computer game players [61, 121]. The 

popularity of video games becomes obvious by looking at the application download 

patterns on various mobile-based platforms [122]. This directly translates into a 

massive increase in the number of mobile game players, and hence, their analysis and 

cognitive assessment have gained significant importance. A magnetic resonance-based 

study has analyzed the functional connectivity during gameplay [123]. Mindball is a 

competition based game that uses EEG to assess stress and the person who keeps his 

level low during gameplay is the winner of the game [115]. Electrophysiological 

measurements have been used to examine the players’ response to games. EEG as a 

good measure for cognitive processing. The motivational states have been predicted 

based on brain activity for gameplay. In [124], an analysis of the experience of a video 

game player is presented based on recorded EEG signals and shows that wearable EEG 

devices can be used for game analytics and to differentiate various cognitive processes. 

In summary, there is various EEG-based stimulus presented in the literature for stress 

elicitation but the effect of the video game as a stress-inducing task is yet to be explored. 
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2.5.4 Studies without External Stimulus  

The modern era has brought a challenging daily life routine that causes the brain to be 

aroused constantly in response to a perceived threat. This frequent activation of stress 

responses leads towards to chronic stress states[125]. Exposure to chronic stress has 

long-lasting neurobiological effects and has been linked to risk factors such as 

cardiovascular diseases [126]. Chronic stress may give rise to depression if not assessed 

timely. Depression symptoms can be predicted accurately using chronic stress as 

compared to acute stress [127]. Chronic stress is necessary to assess by applying 

effective methods for prevention of the onset of the illness.  

Behavioural and physiological parameters of stress have been observed from eighteen 

participants for five days. PSS, Pittsburgh sleep quality index and big five personality 

test have been employed in this study. Surveys have been used for validation purpose 

to gather data about the stress, mood, consumption and other significant factors. 

Correlation of these factors with an accelerometer, skin conductance and mobile phone 

usage have been found [90].  

Smartphone and wearable chest belt are used to assess the stress of thirty-five workers. 

Audio, physical activity and communication data of workers is collected during the 

daytime. HRV data is collected at night during the sleep period of workers. The duration 

of recording this data has a span of 4 months. Smartphone features provide the accuracy 

of 55%, and HRV features provide the accuracy of 59%. When all features are used in 

combination, the accuracy improved to 61% for a three-stress level classification [128]. 

The contextual information-based system is proposed to identify chronic stress 

situations of a participant. HMM model is trained using signal-contingent recording and 

supervised learning algorithms for the evaluation of chronic stress. A 7-point scale has 



36 

 

been chosen based on the subjective assessment tool, NASA Task Load Index (TLX). 

It is generally used to assess workload in various human-machine interactions [129]. 

Wristband sensor, a calendar application, and a questionnaire are used to record the 

events of daily life pertaining to stress. The results were available to the patient or 

consulted psychologist. Wristband consisted of multiple sensors including, skin 

conductance, 3D acceleration, band temperature, skin temperature and ambient light. 

The calendar application is used to collect subjective feedback based on the valence-

arousal model on a five-point scale. In order to get the additional comments, a free-

form was used [130].  

A study examined the relationship between workplace stressors and office workers' 

computer use. Data related to keyboard and mouse usage of office workers are collected 

for approximately two weeks with the help of a software. Linear regression analyses 

examine the associations between work output and perceived stress. Statistical analysis 

reveals that the patterns of using computer office workers vary across individuals with 

different levels of workplace stressors [131]. An automated novel system is proposed 

to analyze forum posts to detect the severity of distress. For distress indication, SVM is 

trained on features based on a suite of innovative intra- and inter-message  [132]. 

An EEG-based automated machine learning based method is proposed to discriminate 

among alcoholics, abusers and healthy controls with high accuracy.  Quantitative EEG 

features are used in combination with traditional screening method of the questionnaire. 

It improves the efficiency of alcohol use disorder (AUD) screening and assessment 

during clinical practice.  Results implicate the feasibility of using EEG spectral power 

for screening AUD patients. The baseline EEG is recorded during eyes closed and eyes 

open conditions without the introduction of any elicitation task.  
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Baseline EEG is used to test the relation of theta/beta ratio to self-reported trait 

attentional control in a study [133]. In another EEG based study, 11 participants are 

analyzed for identification of chronic stress without using any elicitation task [134]. In 

[135], mobile EEG is used to assess stress in humans using EPOC emotive headset in 

out of the lab environment. Frontal and parietal alpha asymmetry is used to differentiate 

between depressed and control elderly patients [118]. 

2.5.5 EEG-based Studies involving Expert-Novice Paradigm 

Expert-novice paradigm has been widely used in EEG-based studies to have an insight 

into brain activities in response to psychological conditions [136]. In a study, the 

benefits of using EEG in cartographic studies is analyzed by performing a visual search 

task. Expert and novice participants performed this task using simplified 2D static maps 

[137]. Expert and novice players of Scrabble have been analyzed to demonstrate that 

expertise related differences exist and these differences are linked to task performance 

as well. Using EEG in expert and novice cricket players experiment, it is revealed that 

an expert has better anticipation accuracy than the novice [138]. Novice and expert 

golfer have been analyzed for auditory distraction using EEG. The results show higher 

theta and alpha powers in experts than in novices, which indicate that experts are less 

prone to distracting stimuli as compared to the novices [139]. 

Expert-novice paradigm is also used to compare a group of karate expert and novices 

[140]. EEG is used to analyze brain activity during rest and mental workload conditions. 

Posterior alpha band power of the karate experts is higher to that of control novice 

players during rest and workload conditions. Two groups of experts and novices 

athletes are analyzed using magnetoencephalography (MEG) while performing motor 

imagery of four multi‐articular tasks. It was shown that brain activity during motor 

imagery is controlled by experience [141]. 
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2.6 Summary  

In this chapter, the idea of stress is defined by its three different types namely; acute, 

episodic and chronic stress. Chronic stress and its nine different forms are briefly 

explained. Three types of measures of stress are examined that are available in the 

literature. It is concluded that stress is a complex phenomenon, which can not be 

assessed easily by any single modality. There is a need to develop a method to assess 

human stress using physiological methods like EEG with some psychological method 

used for the validation purpose. The steps of EEG signal processing are related to BCI, 

an introduction to BCI is presented. Two types of BCIs are discussed, one is invasive 

and the other is non-invasive. For stress identification, the non-invasive approach to 

BCI is to be used due to the convenience attached to this technique. Five different 

paradigms of BCIs have been discussed in this chapter. It is identified that for the 

problem of stress quantification and analysis, mental task BCI is a relevant paradigm. 

A brief review of the available software tools and headsets is also presented. Feature 

extraction techniques are also discussed, and it is learned that frequency domain 

features are considered better for the problem at hand since they reflect the underlying 

neural activity of the brain.  

A summary of stress-related studies is presented at the end of the chapter. It is noted 

that the frontal region of the brain is considered important for stress response. 

Hemispheric specialization is an important neural mechanism that can be explored to 

distinguish between stress and control group. Studies assessing the stress in humans are 

divided into two types, one with stimulus and the other without the stimulus. Studies 

with external stimulus are targeted to analyze short-term induced stress. Among 

different stimuli, video gameplay is a stimulus that needs further investigation through 
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an EEG-based study. Video gameplay can easily exploit the expert-novice paradigm, 

which is significant in psychological studies. Studies without involving external 

stimulus are of interest for the assessment of long-term stress. Long-term stress arises 

from a number of stressors that a person encounters in his or her daily life. Baseline 

EEG is successfully used to differentiate between a disease and control group. 

Therefore, it can be employed in an experiment focusing to differentiate between a 

stress and control group.  
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Chapter 3  

Methods and Materials 
 

This chapter presents details of the methods and equipment used in the studies that are 

presented in this thesis. For data acquisition, the properties of EEG headsets namely; 

Neurosky, Emotiv Insight and Emotiv EPOC, used in three different studies are 

specified in the first section. For quantification of stress, classification and statistical 

methods are described in the next section. Classification methods used in the studies 

are SVM, NB, MLP, LR and KNN.  At the end of the chapter, parameters are identified 

for performance measurement and comparison of the methods used in the studies. 

3.1 Data Acquisition 

Data acquisition of humans in an EEG based experiment requires a written consent 

form filled by the participant. Such a form clearly mentions the purpose of the 

experiment and the role of the participant. The participant is informed about the 

duration of the experiment. At any stage of the experiment, the participant can quit the 

experiment.  A sample of a consent form used in one of the experiments is shown in 

Appendix A. 

Three datasets have been acquired for the three different experiment or studies. These 

datasets are acquired using commercially available headsets. The International 

Federation of Societies for electroencephalography and clinical neurophysiology has 

recommended a setting for electrode positioning, which is called the 10–20 system.  

Figure 3.1-1 shows one such arrangement for 21 electrodes [63]. Earlobe electrodes 

called A1 and A2 are used as reference electrodes. The 10–20 system recommends some 
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constant distances for placing electrodes. It uses 10 or 20% of inion to nasion distance 

as the electrode interval.  

 

Figure 3.1-1: Electrode positioning system [63] 

The electrodes on the left are odd numbered, while the electrodes on the right are even 

numbered. For the proposed studies, three different headsets are used. These headsets 

are selected on the basis of their cost and usage in research. Specifications of these 

headsets are given in the following subsections. 

3.1.1 Neurosky 

Neurosky Mindwave device provides a single channel of EEG recording from a dry 

electrode placed at the frontal location (FP1) of the brain, referenced to an electrode 

placed at the earlobe. The device uses Thinkgear application specific integrated circuit 

module (TGAM) dry electrode technology that operates at a minimum of 2.7V and 

covers a bandwidth of 3−100 Hz. The TGAM electrodes are made of silver and are 

suitable for non-hairy areas [142]. The wearable device is configured at a sampling rate 

of 512 Hz to record discrete EEG data. It has the patented algorithm, eSense with the 

facility of recording raw EEG. eSense provides mental states of the user, which can be 
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used in a variety of BCI based applications. An image of the Neurosky Mindwave 

headset is shown in Figure 3.1-2, in which an ear clip and TGAM electrode is indicated.  

 

Figure 3.1-2: A Nuerosky Mindwave Single channel EEG headset 

3.1.2 Emotiv Insight 

Emotiv Insight EEG headset is a mobile device with advanced electronics. It 

records activities of the brainwaves in the form of a clean and robust signal. Its 

data transmission rate is 128 samples per second. This high spatial resolution 

provides the ability to perform an in-depth analysis of brain activity. Its minimum 

voltage resolution is 0.51 volt least significant bit. It offers 5 EEG sensors AF3, 

AF4, T7, T8, Pz and 2 reference sensors. These sensors are polymer sensors, 

which are easy to dry and clean.  It has a minimal setup time of 1-2 minutes only. 

It has a rechargeable battery, which lasts up to nine hours to provide longer 

experimental recordings. It can be connected to computer and mobile wirelessly 

via Bluetooth communication. Electrodes position of Emotiv Insight provides 

coverage over frontal, temporal and parietal regions of the brain. 

3.1.3 Emotiv EPOC 

EMOTIV EPOC EEG headset with the EMOTIV Premium SDK software 

development kit (SDK) v 3.3.3, San Francisco, CA, USA is a commercially 

available headset that records raw EEG. The observed data are stored in the 
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European data format (EDF). The headset provides fourteen micro-electrodes for 

recording EEG activity including F3, F4, F7, F8, AF3, AF4, P7, P8, T7, T8, FC5, 

FC6, O1 and O2. The even- and odd-numbered channels represent electrodes for 

the right and left hemispheres of the brain, respectively. In addition to the fourteen 

channels, there are two additional electrodes that act as the reference for each 

hemisphere of the head. 

 

Figure 3.1-3: Electrode positioning followed by Emotiv EPOC. 

The saline liquid is used to hydrate the electrodes to reduce the resistance of 

connection between electrode and skull. Figure 3.1-3 shows the reference location 

of electrodes on the scalp providing coverage in the frontal, temporal, parietal and 

occipital regions of the brain. The exact location of these channels can vary 

depending on the head size and hair length of participants. 

The EMOTIV headset is made flexible to adjust to all head sizes. The recorded 

brain waves represent the activity in a local brain region, and with the sparse 

placement of electrodes, it is not affected by slight displacement in location. The 

recorded data are transmitted over a wireless Bluetooth interface using a 
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proprietary dongle that is connected through a USB connection to a computer 

system running the EMOTIV SDK. 

3.2 Classification Techniques 

Several classifiers have been employed to assess stress in humans. Mostly supervised 

learning techniques have been used in the literature. Detail of five algorithms used for 

classification of stress in the thesis is presented in the following subsections. 

3.2.1 Naïve Bayes Classifier 

Bayes classifiers demand a number of constraints and a linear in the number of features 

in a learning problem. Naive Bayes (NB) is a probabilistic classifier, based on Bayes 

theorem. It uses maximum posteriori hypothesis of statistics and works well for high 

dimensional input data. It is a nonlinear classifier and gives good results in real-world 

problems. In addition, the NB classifier requires a small amount of training data to 

approximate the statistical parameters like mean and variance. In NB, only independent 

variables are considered from each class. Therefore, only variances of the variables are 

required instead of the whole covariance matrix of the model [143].  

Let T be a training set of samples having 'k' number of class labels. Samples are 

represented by 𝑋1, 𝑋2 … 𝑋𝑛 showing that there are ‘n’ measured values of attributes 

represented by 𝐴1, 𝐴2, …, 𝐴𝑛. Naïve Bayes classifier classifies the sample 'X' to the class 

that has the highest posteriori probability, conditioned on X, which is classified into Ci 

if and only if,  

 𝑃 (𝐶𝑖|𝑋) > 𝑃 (𝐶𝑗|𝑋)  𝑓𝑜𝑟 1 ≤ 𝑗 ≤ 𝑚, 𝑗 ≠ 𝑖.               (5) 

The probabilities P (X1|C), P (X2|C)..., P (X𝑛|𝐶) are calculated from the training data 

[144]. 
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3.2.2 Multilayer Perceptron   

Multilayer Perceptron (MLP) is the simplest neural network with hidden layers and is 

used for the purpose of classification of stress [145]. A simple MLP consists of three 

layers, namely input, hidden and output layers. A neuron is a link between different 

layers and their inputs are mapped to outputs using transfer functions. Sigmoid function 

and the hyperbolic functions are used mostly as transfer functions. Determination of 

activity by a unit involves a two-step method. In the first step, it computes the total 

weighted input Xj as in Eq. (6),  

 𝑋𝑗 =  ∑ 𝑦𝑖𝑤𝑖𝑗
𝑛
𝑖   , (6) 

where 'yi' represents the level of the activity of the jth unit and Wij is the weight of the 

connection between the ith and the jth unit. In the second step, the unit determines the 

activity '𝑦𝑗 ' with the help of a function of the total weighted input. The sigmoid function 

is used in this study is given by the Eq. (7)   

 𝑦𝑗 =
1

1−𝑒−𝑗  , 
(7) 

The most suitable search algorithm used in MLP is the back-propagation that reduces 

the errors by adjusting the weights. 

3.2.3 K-nearest Neighbors 

K-nearest Neighbors (KNN) is a simple classifier, which learns from instances. In such 

a learning algorithm the instances used for training are stored in the original form. The 

distance of training instances to the test instance is calculated using a distance function. 

On the basis of distance calculation, the class of the nearest training instance is assigned 

to the test instance. If the attributes are numeric, the choice of the distance function is 

easy to make. Most algorithms use Euclidean formula as a distance function. The 

distance between an instance is calculated by Eq. (8). 

 𝐷𝑔 = √ (𝑎𝑘 − 𝑏𝑘)2   (8) 
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Where, Dg is the distance between an instance with attribute values 𝑎1, 𝑎2, . . . , 𝑎𝑛 and 

b1, b2,..., bn and n is the number of attributes [146]. 

3.2.4 Support Vector Machines 

Support vector machine (SVM) is one of the popular linear classifiers and was 

developed by Vapnik. SVM has been used successfully for the stress classification task 

[120]. It works by determining a linearly separating hyperplane in a higher dimension 

by making use of support vectors. This hyperplane separates the features space into the 

classes according to the labels provided, if the training data has been transformed 

satisfactorily to a higher dimension. It classifies the input features into their respective 

classes by splitting them in a well-defined space. It works using the principle of 

structural risk minimization. It estimates a function by minimizing the upper boundary 

of the generalization error and is resistant to the overtraining problem. Training SVM 

is equivalent to solving a linearly constrained quadratic programming problem. 

Sequential minimal optimization (SMO) algorithm is used for the solution of the 

quadratic programming problem. EEG data can be analyzed linearly as well as non-

linearly by using SVM. The use of SVM  reduces the risk of overfitting the data.  The 

main goal of this technique is to ensure good generalization by increasing the 

performance of the system. It tends to reduce the difficulty of the training model but it 

has higher computational complexity than that of other classifiers. 

3.2.5 Logistic Regression 

It is based on a multinomial logistic regression model with a ridge estimator initially 

developed by le Cessie and van Houwelingen [147]. This algorithm guard against 

overfitting by penalizing large coefficients. Regression approach can be used for the 

purpose of classification by performing a regression for each class. The output is set to 

one for training instances belonging to the class and zeroes otherwise. However, there 
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are two problems, one is the membership values produced are not proper probabilities 

because they do not lie in the range 0 to 1. Second,  least squares regression assumes 

that errors are not statistically independent and are normally distributed with the same 

standard deviation. This assumption is invalid for classification problems because the 

classes only take on the values 0 and 1. Logistic regression overcomes these problems 

by using a linear model based on a transformed target variable. It uses transformation 

function to convert nonlinear function to linear function. 

3.3 Statistical Methods 

Statistical methods are used in EEG-based studies for different purposes [148]. In this 

thesis, statistical methods are used for efficient feature selection for the purpose of 

classification. Three methods are used that are briefly described in the following 

subsections. 

3.3.1 Student’s T-test 

Statistical methods are widely used in a variety of domains for analysis [149, 150]. 

Student’s T-test has been used for hypothesis testing, which means a statistical method 

to make a decision in the form of true or false. There is a null hypothesis which is 

denoted by H0 which is the original assertion and alternative hypothesis H1. A small 

sample is insufficient to assess the population. For a significance level of 5% means 

that the probability of incorrect rejection of the null hypothesis is 5%. T-test is 

computed from the given data and its value is used to reject H0 or H1. The p-value 

represents the probability of observation under H0  is true in the given data. The smaller 

p-value suggests that the null hypothesis is unlikely to be true.  

3.3.2 Multiple Linear Regression 

Multiple linear regression is used to explain the relationship between a dependent 

variable from two or more independent variables. In our case, the independent variables 
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are continuous. In the first step, multiple linear regression is applied over independent 

variables to predict the dependent variable. Mathematically, multiple linear regression 

in the case of two independent variables can be expressed as in Eq. (9) .  

 𝑦 = 𝑏0 + 𝑏1𝛽1 + 𝑏2𝛽2   (9) 

where, y is a dependent variable, b0, b1 and b2 are regression weights, β1, β2 are the 

value of independent variables. 

3.3.3 Correlation-based Feature Subset Selection Method 

Correlation-based methods have been used in various domains [151]. This method is 

based on the fact that it is possible to use the feature to feature and feature to class 

correlation to identify the significant features. Such a method is known as correlation-

based feature subset selection (CFS). It is a widely used method in machine learning 

for feature selection and reduction. This feature selection technique is used for discrete-

class supervised learning. The technique is based on the assumption that the correlation 

of useful feature subsets is low with each other but feature members of these subsets 

are predictive of class. The CFS method is based on a test theory that computes merit 

of the feature subset heuristically from pair-wise feature correlations in a reasonable 

time. After performing a heuristic search, it reports the subset with the highest merit. 

The merit of subset Ek containing k features is calculated as, 

  Ek =  
𝑘𝑟𝑐 𝑓

√𝑘+𝑘(𝑘−1)𝑟𝑓𝑓
 , (10) 

Where Ek represents merit of a feature subset which consists of k features, rcf is the 

average of correlation of features with respect to class f and rff is the average of 

correlation of features with respect to features. The numerator of Eq. (10) indicates the 

power of a set of features to predict a class, whereas, the denominator represents the 

redundancy among the features. 



49 

 

3.4 Labelling Methods 

Supervised learning classifiers use labels for the purpose of classification. In order to 

label data in three designed studies, three different methods are employed. The first 

study involves psychological questionnaire for the purpose of labelling. The second 

study hires psychology expert in addition to the questionnaire based method. The third 

study uses the score based method to label an expert or novice player of a game. Thes 

methods are explained briefly in the following subsections. 

3.4.1 Perceived Stress Scale  

The PSS commonly used psychological quesionnaire for stress assessment. It measures 

the degree of situations in one’s life that are considered stressful. Questions focus on 

how unpredictable, uncontrollable, and overloaded respondents find their lives during 

the last month. The respondent should have at least a junior high school education to 

fill the PSS questionnaire. The questions are easy to respond and are of a general nature 

relatively.  PSS assesses subjective perceptions of general life stress. In each case, 

respondents are asked how often they felt a certain way. The PSS has been administered 

in different domains such as work and relationships and for health-related issues like 

chronic pain. The chronic mental stress level has been measured widely, by using the 

PSS [152]. There exists a significant relationship between PSS, anxiety, and depression 

that has been shown [153]. The PSS has high reliability (0.84–0.86) and validity across 

different domains. Furthermore, the PSS scale has been validated in research 

establishing a link between perceived stress and negative health outcomes [154]. The 

PSS has been validated for high reliability across diverse samples [155].  

The questionnaire used in the thesis is PSS-10, that comprises of ten questions. This 

questionnaire is used with participants that have a minimum education level of junior 

high school. It records how frequent a stress-related event occurred during the last 
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month. The questions are answered in a range of 0 to 4, where 0 represents no 

occurrence and 4 represents a very frequent occurrence of a stressful event. The total 

response from PSS questionnaire directly correlates with the perceived stress level, 

where a higher score means a higher level of mental stress and vice versa. A sample of 

PSS-10 can be seen in Appendix-B. 

3.4.2 Expert’s Evaluation 

In this study, labelling is performed by an interview conducted by a psychology expert 

in addition to PSS questionnaire. PSS is a self-reporting measure, which investigates 

stressful conditions that a participant experienced in last month.  

Table 3.4-1: List of symptoms used in the interview conducted by an expert. 

Sr. No Symptom Type of Symptom 

1 Aches and pains Physical 

2 Diarrhoea or constipation Physical 

3 Nausea& Physical Physical 

4 Dizziness Physical 

5 Chest pain Physical 

6 Rapid heart Physical 

7 Depression or general happiness Emotional 

8 Anxiety or Agitation Emotional 

9 Moodiness Emotional 

10 Irritability Emotional 

11 Feeling overwhelmed Emotional 

12 Loneliness and isolation Emotional 

13 Memory problems Behavioural and Cognitive 

14 Inability to concentrate Behavioral and Cognitive 

15 Poor judgment Behavioural and Cognitive 

16 Seeing only the negative Behavioural and Cognitive 

17 Anxious or racing thoughts Behavioural and Cognitive 

18 Constant worrying Behavioural and Cognitive 
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Interview methods have yielded some different insights into stress research. The expert 

has a working experience of 3 years in Institue of Psychiatry, Benazir Bhutto Hospital 

Rawalpindi as a clinical psychologist and research assistant. On average, she deals with 

5-7 patients a day related to stress and depression. The psychologist asks questions 

about 18 symptoms related to stress during the interview, which involve physical, 

emotional behavioural and cognitive symptoms. These symptoms are listed in Table 

3.4-1. 

 

3.4.3 Labelling based on Scores 

In the third study, for the labelling of an expert or a novice player, a score-based 

labelling is used. For supervised learning, each player is assigned a novice or expert 

label based on a threshold, Z, calculated by Eq. (11). 

 𝑍 =
1

𝑈×𝑅
∑ ∑ 𝑆𝑐𝑜𝑟𝑒(𝑖, 𝑗)𝑅

𝐽
𝑈
𝐼    (11) 

where U is the number of users, R is the number of turns and Score (i, j) is the score for 

the jth turn by the ith player. The assigned labels corresponded to the self-reported 

expertise level of players. 

3.5 Performance Parameters 

In order to measure and compare the performance, it is necessary to identify the 

performance parameters of a system. Performance of classifier is evaluated in terms of 

accuracy and other related parameters [156]. We briefly review some of the major 

performance parameters in the following subsections. 

3.5.1 Confusion Matrix  

For evaluation of the classifier, it is useful to compute the Ny×Ny “confusion” matrix 

M, where Ny denotes the number of classes. The rows of M represent the true class 
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labels and the columns represent the classifier’s output. When a parameter of a classifier 

is varied, we obtain different numbers of true positives and false positives. For Ny=2, a 

confusion matrix is given in Table 3.5-1. 

Table 3.5-1: Confusion matrix of a binary class. 

True class Positive Negative 

Positive true positives (TP) false positives (FP) 

Negative false negatives (FN) true negatives (TN) 

3.5.2 ROC Curve 

A plot of the proportion of true positives versus the proportion of false positives, when 

some parameter of the classifier is varied, is known as a ROC curve (“receiver operating 

characteristic”). A ROC curve is shown in Figure 3.5-1. 

 

Figure 3.5-1: Receiver operating curve. 
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3.5.3 Precision, Recall and Accuracy 

Let us assume TP denotes true positives, TN denotes true negative, FP denotes false 

positives and FN denotes false negatives. The precision, recall and accuracy of the 

classification system can be calculated using Eqs. (12-14). 

 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
   (12) 

 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
   (13) 

 

 𝐴𝐶𝐶 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑁+𝐹𝑃+𝑇𝑁
   (14) 

We can then define the error rate as err =1− ACC.  

3.5.4 F-Measure 

F-measure is generally considered as a harmonic mean of precision and recall of a 

system. The range of its value is from 0 to 1. A higher value means better precision and 

recall of a system. F-measure is calculated by Eq. (15) if precision and recall of a 

classification system are given. 

 𝐹 − 𝑀𝑒𝑎𝑠𝑢𝑟𝑒 =
2 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
   (15) 

3.5.5 Kappa Coefficient 

By definition, the kappa coefficient is independent of the number of samples per class 

and the number of classes. κ =0 means chance level performance and κ =1 means 

perfect classification. κ < 0 means that classification performance is worse than chance, 

If ACC is accuracy and ACC0 is the reciprocal of a number of classes, Kappa can be 

calculated by Eq. (16). 

 

 Ƙ =
𝐴𝐶𝐶−𝐴𝐶𝐶0

1−𝐴𝐶𝐶0
   (16) 
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3.5.6 Error Parameters 

Any single metric provides only one projection of the model errors and only emphasizes 

a certain aspect of the error characteristics [157]. Therefore, different error parameters 

including, MAE,  RMSE, RAE and RRSE are calculated and included in the analysis. 

The mean absolute error (MAE) root absolute error (RAE), root mean squared error 

(RMSE), root root squared error (RRSE) are defined by the Eqs. (17-20). 

 

                            𝑀𝐴𝐸 = ∑ |𝑜𝑖 − 𝑎𝑖
𝑛
𝑖=1 |  , (17) 

 

 𝑅𝐴𝐸 =
∑ |𝑜𝑖−𝑎𝑖|𝑛

𝑖

∑ |�̅�𝑖−𝑎𝑖|𝑛
𝑖

  , (18) 

 
𝑅𝑀𝑆𝐸 = √

∑ (𝑜𝑖−𝑎𝑖)2𝑛
𝑖=1

𝑛
 ,  

(19) 

 
𝑅𝑅𝑆𝐸 = √

∑ (𝑜𝑖−𝑎𝑖)2𝑛
𝑖=1

∑ (�̅�𝑖−𝑎𝑖)2𝑛
𝑖

  , 
(20) 

Where oi is the observed outcome and 𝑎𝑖 is the actual outcome, i is first observation and 

n is the total number of observations. 

3.6 Summary  

In this chapter, the methods and materials that are used in this thesis are described in 

detail. Three selected commercially available headsets are used in three different 

studies. These headsets follow the 10-20 electrode positioning system, which is also 

illustrated in the figure. Three different statistical methods are used for the selection of 

useful features for quantification of stress. Five different supervised learning algorithms 

have been used for the classification purpose. These algorithms require labelling for 

classification, for which three methods are used. In the end, the performance parameters 

of an EEG based brain-computer interface system are also identified. 
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Chapter 4  

Quantification of Human Stress using 

Single Channel EEG Headset 
 

This chapter presents the study focusing on stress measurement using EEG signals 

recorded with a single channel device. The process involves EEG data acquisition, 

feature extraction, and classification of stress. EEG signals of twenty-eight participants 

are recorded for the duration of three minutes in the baseline condition.  Three different 

methods have been adopted for the quantification of stress. In the first method, eight 

frequency domain features are extracted to classify stress. In the second method, 

regression analysis is performed to figure out features with the highest predictive 

ability. The third method involves the correlation based features subset selection to 

improve the accuracy by selecting highly contributing features for stress classification.  

In all these methods, supervised learning algorithms have been used for classification 

with a ten-fold cross-validation technique and the stress level of each participant is 

labelled using the self-reporting PSS questionnaire.  

4.1 Introduction 

In this study, the data acquisition is performed using a single-channel EEG headset. The 

problem of human stress classification is addressed by using labels assigned by the PSS 

score. Two groups of participants have been considered i.e stressed and control group. 

Eight different features from EEG signals are extracted in the frequency domain to 

classify two stress groups. Three different classifiers namely SVM, NB, and KNN have 

been used. The main contribution of the chapter is four-fold: 
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1. A new dataset of EEG signal is created from twenty-eight participants in 

baseline condition using a single channel EEG headset (Neurosky Mindwave headset) 

in which labels are assigned by self-reported PSS questionnaire. 

2. NB classifier shows the best performance in terms of computation time, whereas 

SVM shows the best accuracy with 71.4%. Also, kappa statistic and error performance 

are best for the purpose of classification in case of SVM. Frequency bands of stressed 

group show low power in alpha, gamma and delta bands. But an increase in the power 

of beta in a stressed person is also observed. These findings are consistent with the 

previous studies with a greater number of electrodes. 

3. Multiple linear regression analysis is performed on beta waves since beta waves 

are found to vary under stress condition. Regression analysis reveals that low beta 

waves can predict PSS scores at a confidence level of 94%. The NB algorithm has 

shown considerable improvement in terms of performance parameters when the low 

beta wave is solely used as a feature. Single feature for classification provides the 

potential of using low beta as a feature for daylong monitoring of stress in an online 

application. 

4. CFS method is applied over the features to improve the classification accuracy. 

CFS reduces feature vector from eight neural oscillations to three oscillations, 

comprising of low beta, high beta and low gamma for effective classification of human 

stress using a single channel EEG headset. It not only reduced the computational time 

by a factor of 8 but also improved the accuracy of the SVM classifier up to 78.5%. It 

means out of ten persons, more than seven people can be classified as stressed or not 

stressed using single-channel EEG headset. 
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4.2 Methodology 

A block diagram of the steps involved in this study to analyze the recorded data is 

shown in Figure 4.2-1. These steps are explained in the following sections. 
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Figure 4.2-1: Methods used for stress classification using single channel headset. 

4.2.1 Participants 

In this study, data is recorded from twenty-eight healthy participants (66% male and 

33% female), age in the range 22-33 years, with a mean value of 27.5 years. The data 

is recorded from the participants who reported no mental illness and head injury. The 

experimental design does not rely on an induced stressor like Montreal imaging stress 

task [106] and is proposed to monitor variations in the brain activity during long-term 

stress. All participants selected for this study belong to the education sector i.e., either 

a university student or a faculty member. They fulfilled the basic aptness requirement 

for filling the PSS form. 



58 

 

4.2.2 Procedure 

First of all, a consent form was given to the participant in order to get a willingness for 

the recording of data. The purpose of the experiment and the role of the participant in 

the experiment was clearly explained. After filling of the consent form, the PSS 

questionnaire was given to participants for filling it with their answers. It comprised of 

ten questions that asked the participant how frequent certain experiences of stress 

occurred in the last month. The questions were easy to comprehend and make the 

responses simpler. A description of the PSS questionnaire is available in section 3.4.1. 

After filling of the PSS questionnaire, raw EEG discrete data was recorded with the 

NeuroSky's MindSet headset. All the twenty-eight subjects were individually asked to 

wear the headset one by one and close their eyes for a duration of three minutes. A 

participant in the EEG recording stage is shown in Figure 4.2-2. 

 

Figure 4.2-2: A participant in closed eye condition during experimentation. 
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4.2.3 Feature Extraction 

Features are extracted by applying a fast Fourier transform (FFT) over the recorded 

EEG samples, to transform these samples into the frequency domain. By applying 

bandpass filters, frequency sub-bands are extracted from the EEG signals to create a 

feature vector. These frequency subbands include, delta (1-3 Hz), theta (4-7 Hz), low 

alpha (8-9 Hz), high alpha (10-12 Hz), low  beta (13-17 Hz), high beta (18-30 Hz), low 

gamma (31-40 Hz) and mid gamma (41-50 Hz), which were extracted from EEG 

signals. 

4.3 Results 

PSS scores are calculated from the responses of each participant. The higher score of 

PSS correlates with a higher mental stress level of the participants. The threshold T 

selected for participants to be in the stress group was calculated as T = µ + σ /2, where 

µ and σ represent the mean and standard deviation of the PSS scores respectively. All 

participants with PSS scores below T are considered to be relatively free of stress and 

those having scores equal or above T are considered to be relatively stressed. After 

thresholding, the participants are divided into two groups, i.e. stress and control group. 

These labels are provided for the classification algorithms for the purpose of training. 

The analysis of the responses recorded showed that a mean and standard deviation of 

the PSS of total responses was μ = 17.6 and σ = 4.04, respectively. For this study, all 

participants with PSS scores below threshold T = 19.6, are considered to be relatively 

stress-free and those above T are considered to be relatively stressed. Scores of PSS for 

participants, who are involved in the study are shown in Figure 4.3-1. 
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Figure 4.3-1: PSS Scores of participants involved in the study. 

The red and green bars show participants that are labelled as stressed and not stressed 

respectively. The label of not stressed does not represent that stress is totally absent, it 

represents a scale where the stress is well below the critical levels.  Nine out of twenty-

eight participants are labelled as stressed while nineteen participants are considered as 

not stressed. The results of the analysis performed in this study are explained in the 

following subsections.. 

4.3.1 Classification 

To classify the participants into stressed and control condition, based on extracted 

features from EEG data, three different classification algorithms are selected namely, 

NB, SVM and MLP. For the validation of results, 10 fold cross-validation is used in 

this study. Figure 4.3-2 shows percentages of correctly and incorrectly classified 

instances by the classification algorithms used. 
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Figure 4.3-2: Pie graphs showing average classification accuracies of the NB, SVM and 

MLP algorithm  

It is clear that the SVM classifier gives the maximum accuracy of  71.43%, which 

means SVM is able to identify at least 6 out of 9 participants with high stress. The 

accuracy of SVM is considerable, keeping in view the limitation of recording time and 

a single channel headset. Minimum accuracy of 64.28% was achieved for the NB 

classifier, which is still able to correctly classify 5 out of 9 participants with high stress. 

MLP shows a moderate accuracy of 67.85% for two-level classification of 

psychological stress.The details of simulations steps and system specification are 

mentioned in Appendix-C. Table 4.3-1 presents a performance comparison of different 

classification algorithms used in the analysis. 

Table 4.3-1: Performance of algorithms used in terms of various error parameters 

Algorithm 

Used 

Kappa Time  

Taken 

MAE RMSE RAE RRSE 

SVM 0.2057 0.08 0.2857 0.5345 64.61 114.03 

NB -0.687 0.03 0.3571 0.5976 80.76 127.49 

MLP 0.137 12.45 0.3849 0.5137 87.05 109.59 
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It shows the performance of algorithms used in terms of computational time and the 

kappa statistic. The time consumed to classify the data by the NB algorithm is 0.03 

seconds, which is three times and four hundred times faster than SVM and MLP 

respectively. But NB shows negative Kappa statistic of -0.687, which may be 

interpreted as a significant disagreement. SVM gives Kappa statistic of 0.2, whereas 

MLP gives a kappa statistic of 0.13. So, it becomes evident from the results that SVM 

classifier is best suitable for the purpose, showing maximum accuracy, efficient 

computation time and minimum errors as compared to other classification algorithms.In 

addition to the classification results, frequency analysis of the EEG signal is also 

performed. EEG signals were transformed to the frequency domain using a fast Fourier 

transform. Frequency bands of participants were observed in the frequency domain. 

The power of frequency bands in highly stressed participant and participant without 

stress are plotted on a dB scale in Figure 4.3-3. The green coloured bar represents the 

brain activity of participant labelled as not stressed, while the red coloured bar 

represents the brain activity of participants labelled as stressed. Power of frequency 

sub-bands is plotted on a dB scale by taking 10*log(p).  

 

Figure 4.3-3: Difference of log powers graph of frequency bands. 
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It is evident from Figure 4.3-3 that for the participants in a high-stress condition, the 

power of alpha, delta and gamma bands becomes lower than for those of in a low-stress 

condition. But the power of beta band is increased in highly stressed condition by as 

much as 0.5dB as compared to the low-stress condition. This means that beta activity 

of brain becomes 1.5 times greater in stressed condition as compared to those who are 

not stressed. Previous studies with a greater number of electrodes also validate the 

correlation of beta activity to high stress. The results show that beta activity can be used 

as a marker to measure stress in a participant even with a single channel EEG headset. 

In the next section, multiple linear regression analysis is performed over the low and 

high beta wave to further investigate the role of beta waves to predict the stress 

condition. 

4.3.2 Regression Analysis 

Multiple linear regression is used to explain the relationship between a dependent 

variable from two or more independent variables. In our case, the independent variables 

in this analysis are continuous. Multiple linear regression analysis has been performed 

over beta waves of EEG as variations of beta waves is associated with stress. Frequency 

domain analysis of the EEG data is done by applying a fast Fourier transform. The data 

was filtered into low beta (13–17 Hz) and high beta (18–30 Hz) bands. A block diagram 

of the major steps followed in the analysis is shown in Figure 4.3-4.  

In the first step, multiple linear regression is applied over frequency subbands of low 

beta (13–17 Hz) and high beta (18–30 Hz) to predict the PSS scores of a participant. In 

this case, multiple linear regression can be expressed mathematically as in Eq. (21). 

 PSS score = 𝑏0 + 𝑏1𝛽𝐿 + 𝑏2𝛽𝐻   (21) 

where, PSS score is a dependent variable, b0, b1, and b2 are regression weights, βL, βH 

are the values of low beta high beta wave respectively. 
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Figure 4.3-4: A block diagram of the major steps involved in the regression analysis. 

The NB algorithm is used for classification of stress levels. It is a nonlinear classifier 

and gives good results in real-world problems. In addition, it only requires a small 

amount of training data to approximate the statistical parameters like mean and 

variance, which is essential for classification. Because independent variables are 

assumed in each class, only the variances of the variables are required instead of the 

whole covariance matrix of the model [146]. 

Results of multiple linear regression applied over frequency subbands of beta waves in 

terms of coefficients, standard error, t-stat and P-value are given in Table 4.3-2. It can 

be observed that the P-value of the high beta wave is considerably higher than that of 

the low beta wave. A low P value of low beta wave indicates that a change in the value 

of beta wave will change the PSS score considerably. It can be seen that at the 

confidence level of 94%, the P-value of the low beta wave is acceptable for prediction 

of PSS scores. R Squared has a low but non-negative value of 0.134. Even when R 

Squared is low, a smaller P value of low beta wave indicates its relationship with PSS 

score. Another reason for low R Squared is a smaller number of predictors in our 

regression model.  

Table 4.3-2: Parameters related to multiple linear regression. 

 Coefficients Standard Error t-stat P-value 

Intercept -2.35 13.30 -0.17 0.86 

Low beta 2.29×10-6 1.20 ×10-6 1.89 0.06 

High beta 1.20×10-7 1.33×10-6 0.09 0.92 
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The value of significance F is 0.16, which indicates 84% of the confidence level that 

overall regression results are not by chance. The residual scatter plot for regression 

analysis is shown in Figure 4.3-5. It is evident from Figure 4.3-5 that residuals have no 

pattern, which shows the linear marginal relationship between dependent and 

independent variables. The regression plot for normalized low beta power and PSS 

score is shown in Figure 4.3-6. The trend shows that the normalized low beta power 

increases with the PSS score.   

 

Figure 4.3-5: Residual scatter plot for regression analysis. 

 

Figure 4.3-6: Trend of the Normalized Power of low beta with respect to the 

PSS score. 
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Table 4.3-3: Comparison of performance parameters of the NB algorithm when all 

and low beta waves are used as a feature. 

Brainwaves Accuracy% Kappa  F-Measure Time RMSE RAE 

All 64.269 -0.68 0.531 0.032 0.59 80.76 

Low Beta 71.43 0.2 0.662 0.004 0.52 65.29 

 

Persistence of high PSS scores increases the risk of depression. These results follow 

that low beta wave can be used as an effective feature for classification of stress level 

in humans. Our result suggests that variability in the normalized beta power can 

differentiate normal from prodromal stages of stress. Table 4.3-3 gives a comparison of 

performance parameters for the NB algorithm. It can be observed that the NB algorithm 

when used with only low beta waves as a feature gives 7.14% higher accuracy as 

compared to the case when all brain waves used as a feature vector. Moreover, the 

Kappa statistics has a non-negative value of 0.2 when the low beta wave is used as a 

feature; the F-measure is improved from 0.531 to 0.662 that clearly indicates that the 

precision and recall of stress classification system is improved.   

Kappa statistic is also improved to a positive value of 0.2 from a negative value of 0.6. 

Values of error parameters like RMSE and RAE are reduced, while computational time 

is reduced by a factor of 7 in case of low beta waves. 

4.3.3 Correlation-based Feature Subset Selection 

Stress is classified using a correlation-based feature subset selection method that 

efficiently reduces the feature vector length and improves the classification accuracy 

[158]. The feature selection method has shown that among the EEG oscillations, low 

beta, high beta, and low gamma are the most significant oscillations for classifying 

human stress. 
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Figure 4.3-7: Block diagram of steps followed in the CFS based classification. 

For the very first time, we highlight the importance of low beta, high beta, and low 

gamma waves as a feature for classification of human stress by using single-channel 

EEG headset placed at the frontal site (FP1). The correlation-based feature subset 

selection method is applied to the feature vector to reduce its length, which results in 

improved accuracy and efficiency for the classification of human stress. 

A block diagram of the major steps followed in the correlation-based feature selection 

is shown in  Figure 4.3-7. The features are extracted in the same way as described in 

section 4.2.3. The power in each of these frequency sub-bands is normalized in the 

range of 0 to 1 by using Eq. (22). 

 
np =   

𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
  , 

(22) 

Where np is the normalized power, x is an instance of power. xmin is the minimum 

power, and xmax is the maximum power value of all instances. 

 

Figure 4.3-8: Pie graph indicating the percentage of selected features. 

40

40

20

Low beta High beta Low gamma



68 

 

CFS method is one of the popular machine learning methods. CFS method is applied 

over eight features and is described in section 3.3.3. The result of applying CFS over 

neural oscillations is shown in Figure 4.3-8 in terms of the percentage of selected 

features from each frequency sub-band.  

It is evident that 40% of the selected features belong to high beta oscillation, 40% 

belong to low gamma oscillation, and 20% are selected from low beta oscillation, 

whereas, no features have been selected by CFS from any other neural oscillation. 

Based on these results, low beta, high beta, and low gamma oscillation are selected as 

features for classification of human stress. To validate the classification results, the 10-

fold cross-validation technique is used. In this technique, the input data is partitioned 

into 10 equal parts, 9 of them are used as the training data and 1 of them is used as the 

test data. This process is performed repeatedly by trying all combinations of test and 

training data, and finally, the averaged results are reported that compares the 

performance of the algorithms used in single channel based studies for classification of 

human stress. For accuracy, Kappa, F-Measure, RMSE, and RAE Eqs (14-17) and  Eq 

(19) are used respectively. It is observed from Table 4.3-4,  the SVM algorithm, when 

used with proposed features selected by CFS, gives 7.1% higher accuracy as compared 

to the case where all neural oscillations are used as features. Moreover, the Kappa 

statistic is improved to 0.44 from 0.20, which indicates that the classification accuracy 

is now much better than chance. F-measure represents the harmonic mean of precision 

and recall related to the classification system. The F-measure, in this case, is improved 

to 0.66 from 0.53 that clearly indicates an improvement in the precision and recall of 

stress classification system. The values of RMSE and RAE is also reduced as a result.  
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Table 4.3-4: A classification comparison of the single channel EEG based 

studies on stress. 

 

Features 

 

Accuracy 

    (%) 

Kappa 
F-

Measure 
Time RMSE RAE 

 

Classifier 

 

All 

Oscillations 

 

71.43 0.20 0.531 0.08 64.61 114.03 NB 

Low Beta 71.43 0.2 0.662 0.004 52 65.29 SVM 

Low Beta, 

High Beta, 

Low 

Gamma  

78.57 0.44 0.662 0.01 48.46 98.75 SVM 

Discrete 

Cosine 

Transform 

(2%) [159] 

72 - - - - - K-NN 

Delta, 

theta, 

alpha, beta 

and 

IMFs[160] 

83.33 - - - - - NB 

Furthermore, the classification time is reduced by a factor of 8 as the number of 

significant oscillatory features is reduced from 8 to 3 by using CFS namely; low beta, 

high beta and low gamma oscillations. 

Similarly, classification accuracy is improved by 7.1% as compared to our previous 

analysis, in which low beta is used as a sole feature for classification. F-measure of 

proposed features is equal to that of the low beta-based classification system. RMSE is 

lowered to 48.46 from 52. The number of features used is increased from one to three 

and so is the time to build a classification model. It can be seen that classification 

accuracy is improved by 6.5% in the proposed methodology as compared to the [159], 

in which DCT of EEG signal has been used. Our proposed method suggests SVM for 

classification, while in [159], KNN is suggested for classification. However, 

classification accuracy is better reported in [160], but in this study, both workload and 

stress are classified using NB. 
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Figure 4.3-9: Trendlines of  normalized frequency sub-bands power (a) delta,(b) theta 

(c) low alpha (d) high alpha (e) low beta (f) high beta (g) low gamma (h) mid gamma 

Furthermore, intrinsic mode functions have also used a feature in addition to the delta, 

theta, alpha and beta waves.  Also, stress and workload inducing task have been used 
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in the study. In our case, baseline EEG is used for classification purpose. No task has 

been performed in our proposed methodology. The relationship between the normalized 

power of each frequency sub-band and PSS score is shown in Figure 4.3-9. A general 

trend of decrease in normalized power is observed with the increase in PSS score in 

Figure 4.3-6. The trend lines for the beta oscillations, (e) and (f) show an increase, 

conforming to the fact that an increase in stress shows an increase in the power of the 

beta band as described in [104]. The trend of gamma power shows higher values for 

lower PSS score. The relative gamma (RG) in the prefrontal region has been shown to 

correlate with the induced stress [106], but this EEG marker requires inducing stress in 

the participant. The proposed method measures baseline stress without inducing any 

stress and are more suited for day to day activities. These trends using a single electrode 

device show a similar trend as shown by studies done with multiple electrodes and 

hence a low channel wearable EEG device can be used for a mobile human stress 

analysis system. 

4.4 Summary 

In this chapter,  a new method is proposed to classify the stress level of a participant, 

based on EEG signals, captured from a single-channel EEG headset. For this purpose, 

eight frequency sub-bands of EEG signals are extracted from the recorded EEG data of 

participants, while being in a closed eye condition. Three different algorithms i.e. NB, 

SVM, and MLP are used to classify the stress level from recorded EEG data. The NB 

classifier shows the best performance in terms of computation time, whereas SVM 

shows the best accuracy with a value of 71.4%. Also, kappa statistic and error 

performance are best for the purpose. Frequency bands of stressed participant show low 

power in alpha, gamma and delta bands. But, it is also observed that there is an increase 

in the power of beta in a stressed person.  
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In the second analysis, it is revealed that low beta waves can be used as a sole feature 

for effective quantification of human stress by using a single channel headset. It not 

only reduces the computational time but also improves the accuracy of the NB 

algorithm by 7.14%. When regression analysis of beta waves is performed, it has been 

observed that low beta waves can predict PSS scores at a confidence level of 94%, and 

the significance ‘F’ shows with 84% confidence that these results are not by chance. 

The advantage of using a low beta wave as a sole feature with the NB algorithm is that 

it can monitor stress of a person in daily life activities with lesser computational time 

and is intended to identify the stressors that can affect the beta activity of a person. 

CFS-based classification reduced feature vector from eight neural oscillations to three 

oscillations, comprising of low beta, high beta and low gamma for effective 

classification of human stress using a single channel EEG headset placed at the frontal 

site. It not only reduces the computational time by a factor of 8 but also improved the 

accuracy of the SVM classifier by 7.1%. The results suggest that among the machine 

learning algorithm tested in this novel method, SVM classifier has the potential to be 

used in applications for measuring stress for longer time duration and in daily life 

routine with a single channel EEG headset. It can indicate the stress level of a 

participant with considerable accuracy. 

Stress recognition with a single channel EEG headset reduces the computational cost 

as compared to those with dense electrode EEG data acquisition systems. Single 

channel headset is easy to wear for longer duration and this fact will lead to potential 

real-time applications in both monitoring and identification of stressed individuals. A 

complete system that can use such arrangements to monitor and manage daily life stress 

requires to be more versatile in terms of the long-term wearability of EEG device and 

this is a challenge that needs to be addressed. The role of beta, gamma and delta wave 
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in stress classification is in conformity with the previous studies with a higher number 

of electrodes. The classification accuracy can be improved by employing a larger 

number of electrodes, but it would be cumbersome to find a wearable solution for 

everyday use. Although the results are promising, these results need further validation. 

This can be done by increasing the number of participants and validating the self-

reported questionnaire by other methods. 
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Chapter 5  
 

Multi-channel Stress Classification 
 

In the previous chapter, it has been established that neural oscillatory features are 

important for stress classification using single-channel EEG headset. In this chapter, 

the long-term stress is classified using baseline EEG signals, which are recorded from 

thirty-three volunteer participants using multi-channel EEG headset. The labelling for 

stress and control group is performed using two different psychological methods. These 

include the PSS score, which is a widely used self-reporting measure, and an expert ’s 

evaluation, which involves an interview and the PSS scores. Additional features of 

frontal and temporal alpha and beta asymmetries and the overall alpha asymmetry are 

computed to be used as features. Feature selection is performed by applying a t-test and 

statistically significant features are identified for both stress and control groups. Five 

classifiers are trained for the classification purpose using the selected features.  

5.1 Introduction 

The problem of human stress recognition is addressed by using labels assigned by PSS 

questionnaire and expert’s evaluation. Two groups of participants are considered 

including stressed and control group. A total of forty-five different features from EEG 

signals are extracted in the frequency domain to classify stress and control group. 

Features have been selected using a t-test to differentiate between stress and control 

group. Five different classifiers including SVM, NB, KNN, LR and MLP are used in 

this study to classify human stress using selected features. The main contributions of 

the chapter are four-fold: 
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1. A new data-set of EEG signal is acquired from thirty-three participants in the 

baseline condition by using five channel EEG headset (Emotiv Insight), which is easy 

to wear and computationally efficient. 

2. To the best of our knowledge, it is for the first time that the stress level of 

participants is labelled by an expert in an EEG based study, which improved the 

classification accuracy in comparison to the labels assigned by using the PSS 

questionnaire. 

3.  Out of forty-five features, three different features from frequency domain are 

selected for stress classification using the t-test. Alpha asymmetry (all channels), beta 

and gamma(AF3) proved to be statistically different in stress and control groups. 

4.  SVM performs best for the classification of long-term human stress 

outperforming other classifiers used. Alpha asymmetry proved to be the best feature 

with SVM classifier for the classification of long-term stress in comparison to beta and 

gamma waves from AF3 channel. 

5.2 Experimental Setup 

A machine learning based human stress classification system using EEG signals 

generally consists of five steps. It includes data acquisition, preprocessing, feature 

extraction, feature selection, and classification as shown in Figure 5.2-1. In this chapter, 

A supervised model is used for the classification of human stress. Thirty-three 

participants are involved in this study. Data is acquired using Emotiv Insight headset 

in closed eye condition to record baseline EEG for three minutes. After recording, 

participants were asked to fill the PSS-10 questionnaire. After filling out the PSS-10 

questionnaire, a psychology expert interviewed each person for an average time of 30 

minutes. Considering PSS scores and interview of the participant, psychology expert 

grouped each participant into stress or control group. 
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Figure 5.2-1: A supervised learning based stress classification framework using EEG 

signals. 

Recorded EEG signals are made noise free in the pre-processing stage. Neuro-

physiological features alpha, slow, low beta, beta, gamma, delta, theta and relative 

gamma (RG) power are extracted from the signals acquired from each channel. 

Additionally, frontal and temporal alpha and beta, and the overall alpha asymmetries 

are calculated from these extracted features. SVM, NB, KNN, LR and MLP are five 

supervised learning algorithms that have been used to classify human stress. Two 

different labelling methods have been used for supervised learning. One involved the 

perceived stress scale and the other involved expert’s evaluation, which considers PSS 

score as well as interview method. The focus is on the classification of long-term stress 

in closed eye condition. Detail of each block is described in the following subsections. 
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5.3 Participants 

A total of thirty-three participants, who are related to the education field volunteered 

for data collection in the study. In our case, out of 33 healthy participants, 20 

participants were male and 13 were females (60.6% male,39.4%female). Participant’s 

ages ranged from 18 to 40 years (µ = 23.85, SD = 5.48). The study is in accordance 

with the Helsinki declaration and the department ethical guidelines. All students 

voluntarily participated in the study and were fully briefed about the research goals. 

Students were aware of the possibility to decline or terminate the study at any time of 

the study. In addition, signed informed consent sheets were obtained. 

5.3.1 EEG Data Acquisition 

All EEG recordings were performed in an acoustic noise-free lab to avoid the 

distraction of participants. Participants were asked to close eyes for a duration of three 

minutes and were instructed to keep their heads still to reduce movement artefacts. The 

closed-eye condition is used in this study for EEG recordings as correlates of long-term 

stress have been found in this condition in previous studies [161] [134]. Another 

advantage of the closed eye condition is the minimization of eye blink artefacts. Signal 

acquisition was set up to record EEG signals using Emotiv Xavier TestBench v3.1.21. 

EEG signals were recorded from the scalp of participants using Emotiv Insight headset 

in a comfortable chair as shown in Figure 5.3-1. 

 

Figure 5.3-1: A participant in close eye condition for recording EEG data. 
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5.3.2 Preprocessing 

Recorded EEG signals from the scalp contain noisy brain signals due to external 

interference. Before feature extraction, noise should be removed from the signals for 

better classification of the features. In our case, the continuous offset is removed from 

EEG signals by computing the average of each channel over the baseline and by 

subtracting it from the channel. This removes the baseline value of each sensor, i.e. the 

continuous offset that is added permanently on top of the EEG recordings. For 

minimizing muscular artefacts, participants were instructed to keep their head still 

during the EEG recordings. In closed eye condition, blink artefacts are minimal. Emotiv 

insight has a frequency response of 1 – 43 Hz, which makes the signal noise free from 

the AC line source of 50 Hz. 

5.4 Feature Extraction 

Neural oscillatory features have been widely used in literature for EEG-based 

classification problems [62].  EEG signals are categorized by different frequency bands. 

For feature extraction, power spectral densities of eight neural oscillatory waves 

namely, delta (1-3 Hz), theta(4-7 Hz), alpha(8-12 Hz), beta(13-30 Hz), gamma (25-43 

Hz), slow(4-13Hz), low beta(13-17 Hz) and relative gamma waves are computed from 

each channel. Relative gamma waves are computed by taking the ratio of slow and 

gamma waves. Welch method is used to extract power spectral densities of these bands. 

For the recording of 3 minutes, the whole time slot of 0 to 180 sec is selected. A window 

length of 1 sec with 50 per cent overlap was used in the Welch method. Frontal, 

temporal and overall alpha asymmetries are calculated by the Eqs. (22-25). 

 𝛼𝑓 =
𝛼𝐴𝐹4−𝛼𝐴𝐹3  

𝛼𝐴𝐹4+𝛼𝐴𝐹3
 (23) 

 𝛼𝑡 =
𝛼𝑇8−𝛼𝑇7  

𝛼𝑇8+𝛼𝑇7
   (24) 
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 𝛼𝑂 = 𝑎𝑓 + 𝑎𝑡   (25) 

where αf, αt and αo represents the frontal, temporal and overall alpha ratios. AF3 and 

AF4 denote the frontal channel of the headset. T7 and T8 represent the temporal channel 

of the headset. Similarly, frontal and temporal beta asymmetries are calculated by using 

the Eqs (26-27). 

 𝛽𝑓 =
𝛽𝐴𝐹4−𝛽𝐴𝐹3  

𝛽𝐴𝐹4+𝛽𝐴𝐹3
   

(26) 

 𝛽𝑡 =
𝛽𝑇8−𝛽𝑇7  

𝛽𝑇8+𝛽𝑇7
   

(27) 

where 𝛽𝑓 and 𝛽𝑡 represents the frontal and temporal beta asymmetries. 

5.5 Classification and Labeling 

In this study, five different types of classifiers have been used for classification that are 

NB, MLP, KNN, SVM, and LR and which has been described in section 3.1. These 

classifiers are supervised learning algorithms in which labelling is required. The labels 

are provided by using a predetermined procedure. In this study, two methods for 

labelling has been used. 

In the first step, PSS is used as the stress questionnaire to subjectively evaluate the 

stress of thirty-three participants. PSS responses lie from the range of 0 to 40. Using 

PSS scores, two groups are made, one is control and the other is stress group. A 

threshold is selected, which is given by the Eq. (28).  

 𝑇𝑝 = 𝜇 ±
𝜎

2
   (28) 

where Tp is a threshold of PSS score, µ is the mean and σ is the standard deviation of 

the PSS scores. The labelling method using PSS is shown in  Figure 5.5-1. 
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The other method to label the participants is an expert’s evaluation. In this method, the 

participant is labelled in to control or stress group based on two factors. One factor is 

the PSS score and the other is the number of stress-related symptoms result identified 

as a result of the interview conducted by a psychology expert. The interview lasted 

about an average time of 30 minutes for each participant. A description of the expert’s 

evaluation method is available in subsection 3.4.2. The psychology expert asked 18 

different symptoms to label a participant into a stress or control group. The method 

employed to label data by expert’s evaluation is shown in Figure 5.5-2. These labels 

are used for classification purpose in supervised classifiers. 

 

Figure 5.5-1: Labeling method using PSS. 

 

PSS 

Questionnaire

PSS

 Score

Participant
Expert’s 

Evaluation

Interview

Labels

Symptoms
 

 

Figure 5.5-2: Labeling method using an expert’s evaluation. 
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5.6 Results 

The results of the analysis performed in this study are summarized in the following 

subsections.  

5.6.1 PSS score-based labelling 

The histogram of PSS scores acquired from the PSS questionnaire is shown in Figure 

5.6-1. Green bars represents the PSS score of the participant that belong to the control 

group, and red bars represent the PSS score of the participants belonging to the stress 

group. Yellow bars indicate the PSS score of the participants that are not considered as 

a member of the stress or control group. In our case, the value of µ is 20.4 and the value 

of σ is 6.14. The value below 17.33 is considered as in the control condition. Whereas, 

a value higher than 23.47 represents the stress condition. Those with the PSS value 

between these two values are rejected. Out of 33 participants, 11 participants are labelled 

in stress and 9 in the control group. 

 

 

Figure 5.6-1: Histogram of PSS scores of the participants. 

5.6.2 Expert’s Evaluation based Labeling 

In this method, a psychology expert is involved for the purpose of labelling the 

participants in to stress or control group. For the assessment of long-term stress, only 
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PSS scores are not considered enough due to their inherent limitations. Therefore, in 

this method, a psychology expert considers PSS scores as well as symptoms obtained 

as a result of the interview method. After carefully observing the PSS scores and the 

results of an interview conducted, psychologist provided the label for each participant. 

Out of 33 participants, 10 are assigned stress group, while 10 are assigned, control 

group. Thirteen participants are neither included in the stress group nor included in the 

control group. Details about each participant regarding gender, PSS score, the label 

assigned by using the PSS score, and the label assigned by an expert is given in 

. (A represents a member of the control group, B represents a member of stress group, 

X represents neither A nor B). It can be seen from that thirteen differences of labelling 

exist in PSS and expert’s evaluation method. Out of these thirteen differences in 

labelling of participants, four participants are females and eleven participants are male.  

 

Such female participants account for 30.77% of total female participants and male 

participants are 55% of the total male participants involved in the study. Seven 

participants are not grouped into either stress or control group by PSS method. Three 

of these participants are grouped in to control group and four are grouped into stress by 

expert’s evaluation method. Similarly, four participants are grouped in to stress group 

by PSS labelling but are ignored when evaluated by an expert. Two participants are 

considered in the control group by the PSS method but ignored by Expert’s evaluation 

method. Overall, it can be observed that the label of a single participant is not changed 

from stress to control group or control to stress group. The difference in the labelling 

can be observed in Table 5.6-1 in bold letters. 
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Table 5.6-1: Age, gender and labels of the participants according to PSS and 

expert-based labelling.  

Participant 

 No. 

Gender Age PSS 

Label 

Expert 

label 

1 M 28 X X 

2 M 29 X X 

3 M 23 X X 

4 M 32 A A 

5 F 19 X A 

6 F 18 B B 

7 M 24 B X 

8 M 33 A A 

9 M 21 X B 

10 M 22 B X 

11 F 20 B B 

12 M 19 B B 

13 M 24 X A 

14 F 20 B B 

15 M 23 A X 

16 M 21 X X 

17 F 19 A A 

18 M 25 A A 

19 F 21 X B 

20 M 34 A A 

21 M 33 B X 

22 F 21 B B 

23 M 31 X B 

24 F 24 B B 

25 F 20 X B 

26 M 19 A A 

27 M 21 X A 

28 M 21 A X 

29 F 21 X X 

30 F 23 B X 

31 M 20 X X 

32 M 40 X X 

33 F 20 A A 
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5.6.3 T-test 

The t-test is applied to all extracted features of EEG to check if there are any statistically 

significant differences exist between stress and control group. Both labelling methods 

are considered for the t-test, PSS and expert evaluation method. 

 

Table 5.6-2: P-values of features when labels are assigned by PSS. 

Channel Delta Theta Slow Alpha 
Low 

beta 
Beta Gamma RG 

AF3 0.119 0.092 0.126 0.276 0.304 0.209 0.325 0.528 

AF4 0.892 0.812 0.615 0.214 0.579 0.853 0.523 0.359 

T7 0.149 0.161 0.164 0.195 0.287 0.465 0.636 0.299 

T8 0.893 0.974 0.951 0.871 0.489 0.971 0.902 0.260 

Pz 0.143 0.120 0.131 0.219 0.197 0.153 0.230 0.791 

 

Table 5.6-3: P-values of features when labels are assigned by an expert. 

  

Channel Delta Theta Slow Alpha Low 

beta 

Beta Gamma RG 

AF3 0.651 0.502 0.512 0.076 0.954 0.038 0.034 0.231 

AF4 0.917 0.604 0.513 0.146 0.986 0.424 0.541 0.992 

T7 0.908 0.894 0.900 0.903 0.926 0.689 0.338 0.399 

T8 0.545 0.508 0.554 0.478 0.846 0.962 0.846 0.562 

Pz 0.112 0.122 0.117 0.347 0.250 0.207 0.276 0.607 

 

Table 5.6-4: P-value of alpha and beta asymmetries used as a feature in PSS 

and expert evaluation. 

Labelling Method 𝜶𝒕 𝜶𝒇 𝜷𝒕 𝜷𝒇 𝜶𝒐 

Expert’s Evaluation 0.210 0.0671 0.48976 0.735 0.000498 

PSS 0.230 0.387 0.909 0.446 0.11297 

The results of t-test applied over features of stress and control group are shown in  

Table 5.6-2 when labels are assigned by PSS. It is evident that at a confidence level of 

0.05, none of the extracted features is found statistically significantly different in stress 

and control group. Theta wave from frontal channel AF3 shows the minimum value of  

0.09, which is still greater than the threshold value of 0.05. 
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In a similar fashion, the t-test is applied over the stress and control group, which are 

made by using labels provided by the psychology expert. Results of the t-test are shown 

in Table 5.6-3 and it is evident beta and gamma waves from AF3 electrode are the 

statistically significant features in stress and control group. AF3 channel is a frontal 

channel and nearly located to channel FP1, which is used in single channel 

quantification of stress in the previous chapter. It is noted that channel AF3 provides 

important brain activity for stress classification, whether the labelling is performed by 

PSS or an expert. 

CFS selection method in the previous chapter highlighted gamma and beta waves in the 

frontal region as significant features. This fact validates our finding of gamma and beta 

wave as a significant feature for the classification of human stress when labelled by the 

psychological method. Five additional features to these features are calculated which 

are frontal, temporal and overall alpha, and frontal and temporal beta asymmetries. 

Results of t-test applied over these features in stress and control group are presented in 

Table 5.6-4.  It can be seen that alpha ratio is different in stress and control conditions 

statistically. At the confidence level of 0.05, the P value is less for the alpha ratio.  

Consequently, it can be inferred that the alpha ratio is significantly different for long-

term stress classification when labels are provided by an expert. For classification 

purpose, five different classifiers namely; KNN, NB, SVM, LR and MLP have been 

applied on the overall alpha ratio, beta and gamma waves from channel AF3 to classify 

long-term stress. 

Table 5.6-5: Accuracies of five different classifiers with all combinations of selected 

features. 

Features SVM NB KNN LR MLP 

𝜶𝒐 85 80 65 85 80 

Γ 70 50 50 50 50 
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Β 55 50 50 50 50 

β, γ 70 50 50 50 50 

𝜶𝒐, β 85 80 65 85 85 

𝜶𝒐, γ 80 80 65 85 85 

𝜶𝒐, β, γ 80 80 65 85 85 

 

Each combination of selected features is evaluated with each of the five classifiers. The 

results of these classifiers in terms of average accuracy is shown in Table 5.6-5. It can 

be observed that the accuracy of the classifier is on the higher side, whenever overall 

alpha asymmetry is used as a single feature or in the combination of features. In case 

of a combination, the computational cost is higher as compared to the case when the 

alpha asymmetry is used as a sole feature. There are two classifiers SVM and LR, which 

show the maximum accuracy of 85% when the alpha asymmetry is used as a feature. 

Performance comparison of both these classifiers is shown in Table 5.6-6.  

Table 5.6-6: Performance of top-two accurate classifier when the alpha asymmetry is 

used as a feature. 

Classifier Average 

Accuracy % 

Kappa 

Statistic  

F-Measure MAE RMAE 

LR 85 0.7 0.85 0.22 0.36 

SVM 85 0.7 0.85 0.15 0.38 

 

Table 5.6-7: Confusion matrix of SVM and LR algorithms. 

Classifier A B 
Classified 

as 

Individual  

Accuracy 

SVM 
8 2 a=Control 80 

1 9 b=Stress 90 

LR 
9 1 a=Control 90 

2 8 B=Stress 80 
 

It can be observed from the table that SVM and LR, both have equal kappa statistic as 

well as F-measure. SVM has a slightly lesser mean absolute error of 0.15 than that of 

logistic regression i.e., 0.22. Whereas, LR has a lesser RMAE of 0.36 than that of SVM 

i.e., 0.38. The confusion matrices of SVM and LR classifiers are shown in Table 5.6-7. 
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It can easily be observed from confusion matrices that stress condition is classified with 

higher accuracy by SVM as compared to the control condition. On the other hand, the 

control condition is classified more accurately by LR as compared to the stress 

condition. Overall classification accuracy of both the classifier came out to be the same. 

It can be concluded that SVM may be a better choice for assistive stress recognition 

system using EEG as it is better in recognizing stress. 

5.7 Performance Comparison 

Numerous studies have been conducted to assess stress in humans using EEG but very 

few studies address the classification of long-term stress. To the best of our knowledge, 

none of the EEG based studies involved expert’s evaluation for the labelling of the 

participants. From Table 5.7-1, it can be observed that several stress-inducing tasks 

were used to induce stress, like driving simulation, examination, and mental arithmetic 

tasks. Specialized instruments like MIST and Stroop tests are also used to induce stress. 

But in long-term stress there are several stressors, but not a particular one that raises 

the stress level. 

 

 

 

Table 5.7-1: Performance comparison of EEG based stress classification. 

 

Author Mental Task Participants Classifier 
Accuracy 

(%) 

Lin (2008) 

[162] 

Driving 

Simulator 
6 KNN, NB 71.77 

Saidstul 

(2011) 

[163] 

Mental 

Arithmetic 

task 

5 NN 91.17 

Khosrowabadi 

(2011) 

[152] 

Examination 26 
KNN, 

SVM 
90 

Jun (2016) 

[164] 

Arithmetic 

task and 

Stroop test 

10 SVM 96 
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Al-Shargie 

(2017)[120] 

Mental 

Arithmetic 

Task 

18 
SVM 

ECoC 
95.37 

Subhani (2017) 

[2] 
MIST 21 

LR, SVM, 

NB 
94.6 

Proposed Baseline 33 SVM 85 
 

It could be any stressor that could affect physical, emotional, cognitive or behaviour 

well being of an individual. Previously, baseline EEG was recorded for two minutes 

in the study but a nonlinear analysis was performed instead of classification [134]. In 

Table 5.7-1, studies involving EEG to classify human stress are presented for 

comparison purpose. The number of participants involved in such studies varies from 

5 to 21. The greater number of participants in studies to assess the stress help to 

generalize the results but it may increase the time and cost consumed by the study. In 

EEG-based studies, generally, less than thirty participants are reported to take part in 

the experiments. In our experiment, there are thirty-three participants involved. 

SVM and NB are the classifiers that have been used in most of the studies. The proposed 

scheme is able to classify stress with considerable accuracy better than that of reported 

for assessment of stress during driving simulation [162]. SVM is an efficient classifier, 

which gives a maximum accuracy of 96% in another study when stress is induced by 

the mental arithmetic test [164]. Whereas, in our case, SVM gives the maximum 

accuracy of 85%, because baseline EEG is used without any stressor for stress 

classification.  

Chronic stress has been classified up to an accuracy of 90% but that study involved 

EEG recording from eight electrodes [152]. Also, there was a stress-inducing condition 

of examination, and the recording of EEG was performed before and after the 

examination. In our proposed study, the only five-channel headset is required for the 

classification of long-term stress. 
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SVM with error correcting code is able to classify between the stress and relax states 

with an accuracy of 94.79% using seven electrodes of the EEG acquisition system 

[120]. The mental arithmetic task is used to elicit mental stress in eighteen male 

participants, whereas in our proposed study there are 33 participants from both the 

genders. A total of 840 features extracted to classify human stress using SVM with error 

correcting code, whereas in our study a total of 45 features extracted and only single 

feature of overall alpha asymmetry provides the accuracy for long-term stress 

classification using SVM. 

In a recent study, three different classifiers have been used namely, SVM, NB and LR 

for stress classification with a maximum accuracy of 94.6% using a 128-channel EEG 

acquisition system.These results are based on 22 participants from the education sector. 

For the stability of results, the 10-fold cross-validation technique is used. MIST is used 

as stress invoking task, whereas in our experiment there is no induce stressor. Also, our 

analysis is performed using five channels and a lesser number of features [2]. Our study 

can’t be generalized due to a limited number of participants and all belonging to the 

same field. Also, their ages ranged from 18 to 40 years. It is also consistent with the 

available literature [120]. Based on this experiment, it is recommended to that 

questionnaire like PSS and NASA-TLX[120] has discrepancies in labelling the stress 

and control group.  Therefore, labelling should be done by a psychology expert in order 

to truly recognize the participants to be in stress or control group. And alpha asymmetry 

of the EEG can be considered as a potential biomarker for recognition of long-term 

human stress 
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5.8 Summary 

In this chapter, two different labelling methods have been used for the classification of 

long-term stress in humans using EEG signals. Forty-five features have been analyzed 

for classification purpose. Alpha asymmetry has been found to be the significant feature 

statistically when labelling is assigned using the expert's evaluation. Using PSS scores 

only for labelling none of the features has been found significant. Furthermore, it is 

evident from the result that SVM and LR give the best accuracy rate of 85% as 

compared to KNN, MLP and NB classifiers. Furthermore, it is also observed that stress 

group is better classified as compared to control group in case of SVM and control 

group is better classified in the case of LR classifier. Finally, it is established that alpha 

ratio can be used as a potential biomarker for the classification of long-term stress with 

SVM. The question is whether this biomarker is effective for a scenario, where a 

stimulus is presented to the individual. For this purpose, we applied these features to 

analyze the expertise level of a game player, as it is commonly believed that an expert 

handles a stress situation in a better way. The proposed methodology and experimental 

results are presented in the following chapter. 

Statistically differentiating features are not found in the stress and control group, when 

labels are assigned by the PSS method. Beta and gamma waves from AF3 channel are 

found to be statistically different in stress and control group along with overall alpha 

ratio when participants are labelled by an expert. 

It is evident from performance parameters, that SVM is the best-suited classifier to 

classify long-term human stress when used with alpha asymmetry as a feature. It is 

observed that the expert’s evaluation based labelling has improved the classification 

accuracy up to 85%. Based on these results, it is concluded that alpha asymmetry is a 
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promising biomarker for stress classification when labels are assigned by using expert 

evaluation. But, there is a limitation in the study results due to lesser number of 

participants. Further studies should be conducted with larger data set in order to validate 

the results.  
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Chapter 6  
 

Classification of Expertise Level using 

Stress Related Features 
 

In this chapter, an EEG-based application of stress analysis is presented. In the previous 

chapter, it is shown that alpha asymmetry can be used as a potential biomarker for 

analysis of stress. Alpha asymmetry analysis of an expert and novice player is examined 

in this experiment during their gameplay. Many psychological studies suggest that 

expert and novice handle stress differently. Classification of expert and novice player 

is performed using alpha asymmetry and compared with the classification performed 

with morphological features to check the fact that whether it is possible to get any 

considerable accuracy. Thirteen morphological features have been extracted and three 

supervised learning classifiers have been used to classify expert and novice level of a 

video game player. 

6.1 Introduction 

The video game industry is one of the major industries that incorporates many sub-

disciplines. The target audience of this industry has grown from a narrower client base 

to the mainstream in recent years. Gaming has been a major part of the entertainment 

industry and is now becoming a way of life in learning, task management and 

simulation activities. A positive effect is seen in the gaming industry with the 

advancement in computing capabilities. This renewed interest is mostly seen in mobile- 

and handheld device-based games as compared to console games. The focus of recent 

development in the gaming industry covers both entertainment and educational 

purposes [165]. BCIs have already been used in game development. Automated 
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controls within the gameplay that come from human brain signals can be the next big 

thing in the gaming industry. This would also increase the spectrum of game users to 

those people who have some physical impairment and are not able to perform game 

controls through physical movements. The time and money spent on mobile games have 

increased considerably. 

A direct window to see how an end user responds to a stimulus is to look at their brain 

activity. In this study, EEG is used to record human brain activity during gameplay. A 

commercially available EEG headset is used for this purpose giving fourteen channels 

of recorded EEG brain activity. The aim is to classify a player as expert or novice using 

the brain activity as the player indulges in the gameplay. Three different machine 

learning classifiers have been used to train and test the system. Among the classifiers, 

NB has outperformed others with an accuracy of 94.1%, when data from four EEG 

channels are used. Furthermore, the alpha asymmetry which is thought to be the 

indicator of stress is used to classify the expertise level of a video game player.  

To the best of our knowledge, the same task has not been achieved using EEG and is 

presented in this study by using a method that classifies the expertise level of a game 

player into two classes, i.e., expert and novice. The aim is to explore whether EEG can 

be used to tell how good a player is in a video game just by looking at the brain activity 

recorded during the gameplay and how certain brain areas play a more significant role 

than others. Game analytics and the human psychological response comprise a very 

interesting field of research as seen from the literature and the increasing use of mobile 

games in different fields of life. Video gameplay holds exciting promise as an activity 

that may provide generalized enhancement to a wide range of perceptual and cognitive 

abilities.  
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6.2 Methodology 

The steps involved in analyzing the brain signals recorded using wearable EEG for the 

expert-novice classification of a game player are shown in Figure 6.2-1. The detail of 

each step is as follows. The electrical activity of the brain is recorded using EEG by 

electrodes placed on the human scalp.  

 

Figure 6.2-1: Block diagram of steps involved in the classification of the expertise 

level of video game player. 

The recorded brain activity is represented as waves with varying frequencies and 

amplitudes. The frequency variation of the signal is measured in hertz, whereas the 

amplitude variation is in the micro-volt range and represents the electrical activity of 

the brain. The frequency behaviour of the EEG signals is generally classified into five 
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different bands i.e., alpha, beta, theta, gamma and delta, where each band could signify 

different physiological states of mind. The details of stimuli, participants and 

procedures used in this study are presented as follows. 

6.2.1 Stimuli 

A stimulus is required to activate the desired response in EEG-based studies. The game 

named Temple Run is selected as a stimulus for this study. The game has been widely 

downloaded and played and is selected due to its popularity among smartphone and 

tablet device users. Temple Run is a never-ending game developed by IMANGI studios 

http://imangistudios.com/. In this game, a character that runs in the temple after stealing 

the treasure is controlled by the mobile game player. The character is followed by 

“demonic monkeys” that can eat the character. The game ends in the case of character 

death either by falling from the temple or being eaten by the monkey. The player can 

manoeuvre the character in left and right directions, jump and slide to avoid obstacles. 

The direction of the character can also be controlled by tilting the smartphone and hand-

held devices.  

6.2.2 Participants  

The EEG data are recorded using a wearable device for 20 healthy participants 

including 70% male and 30% female participants. The age of these participants ranged 

between 18 and 23 years, with a mean age of 20.33 years. The participants are selected 

from a relatively younger age group since this age group is most likely to engage in 

mobile gameplay. All participants belonged to the Asian Pacific ethnicity, having a 

similar educational background with no self-reported mental illness. The participants 

involved in this experiment used to play mobile games with an average frequency of 

four days per week. This frequency of gameplay is self-reported by the participants and 



96 

 

is recorded to analyze the expertise level. Informed consent was taken from all 

participants for using the recorded brain signals for the purpose of this research. 

6.2.3 Procedure 

The data were recorded in a room, where participants were provided with a comfortable 

environment and a smartphone for gameplay. The sources of environmental noise were 

kept to a minimum by avoiding electric cabling near the setup. The wireless headset 

and the SDK were properly synchronized to avoid any error in EEG signal acquisition 

during the gameplay. The sequence of steps, including the setup, gameplay and rest 

durations, is shown in Figure 6.2-2. Each participant was given a briefing on the 

sequence of steps, and the device was properly placed on the participant’s head. For 

each individual, five turns of playing temple run were used for the purpose of data 

recording separated by a rest time of one minute. The time for each turn varied for each 

participant and is represented by T1, T2, T3, T4 and T5. 

Initial 

briefing 

and 

Setup 

15 min 

Turn 

1 

Rest 

1 min 

Turn 

2 

Rest 

1 min 

Turn 

3 

Rest 

1 min 

Turn 

4 

Rest 

1 min 

Turn 

5 

 

Figure 6.2-2: The experimental procedure used to record data of game players. 
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The average time taken to record the complete data for five turns for a single participant 

was 14.3 minutes with a total of 286 minutes of EEG recording used in this study. Since 

the expertise level cannot be reliably judged with a single turn, to be more rational, five 

turns were used. The number of turns was selected after careful experimentation, where 

the average scores were able to differentiate between an expert and novice player in the 

training set.  

 

6.2.4 Preprocessing 

The EEG data recorded by the wireless EMOTIV headset are affected by different kinds 

of artefacts and need to be preprocessed to improve the quality of signals. These 

artefacts include noise from electrical lines, muscle movement, heartbeat, sweating, 

electrode movement, and so on. The EEG signals have a bandwidth between 0.2 and 

100 Hz and are recorded with 128 samples per second. In order to remove the DC offset, 

the mean value is subtracted from the entire data. For noise removal, a two-step process 

is applied including filtering and independent component analysis (ICA). The artefacts 

caused by physical movements such as heartbeat and eye blink appear in the frequency 

range between 1.2 Hz and 5 Hz. The muscular movements affect the EEG oscillations 

above 45 Hz.  A first-order band-pass Butterworth filter with a pass-band of 5–45 Hz 

is used to remove artefacts caused by biological movements. The filtering process 

removes part of the delta and gamma waves, but the experimental procedure does not 

include any audio source. The selected game for this study does not rely on memory, 

as the gameplay is random for each turn. The filtering process is also useful in removing 

the power interference that occurs at 50 Hz. The proposed method also finds the 

significant channels that can be used for classification of player expertise level. It is a 

known fact that EEG recordings from multiple channels represent information that is a 
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mixture of underlying sources from different brain areas. Hence, ICA is used to estimate 

independent sources from highly correlated EEG data [166]. ICA is a blind source 

separation technique, which statistically separates uncorrelated signals. ICA is 

performed using EEG lab on the raw EEG data, and the separate components are used 

for feature extraction. 

6.2.5 Feature Extraction 

The important information contained in the data can be retained using features that are 

significant and uncorrelated. In the feature extraction stage, thirteen morphological 

features in the time domain are extracted from all the recorded EEG data. The features 

represent the underlying structure of the EEG signal that is expected to vary with the 

expertise level of game players. Thirteen morphological features are extracted from 

fourteen channels. These features are namely, maximum value, sample time for 

maximum value, minimum value, sample time for the minimum value, maximum 

absolute value, peak to peak value, latency to the minimum value, the latency for 

maximum value, peak to peak time, sum, average value, power and energy. The 

mathematical details of the features are reported in [167] and are described in the Eqs.  

(29-41). 

1. Maximum value  

 𝑆𝑚𝑎𝑥 = max {𝑠(𝑡)}   (29) 

2. Minimum value  

 𝑆𝑚𝑖𝑛 = 𝑚𝑖𝑛 {𝑠(𝑡)}   (30) 

3. Maximum value time 

 𝑡𝑆𝑚𝑎𝑥
= 𝑡|𝑠(𝑡) =  𝑠𝑚𝑎𝑥   (31) 

 

4. Minimum value time 
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 𝑡𝑆𝑚𝑖𝑛
= 𝑡|𝑠(𝑡) =  𝑠𝑚𝑖𝑛   (32) 

Where Smax and Smin are the maximum and minimum value of the signal 

5. Maximum absolute value 

 𝑀𝐴𝑉 = | 𝑠𝑚𝑎𝑥|   (33) 

6. Peak to peak signal value 

 𝑆𝑝𝑝 =  𝑠𝑚𝑎𝑥 − 𝑠𝑚𝑖𝑛   (34) 

7. Latency to the minimum value 

 𝐿𝑚𝑖𝑛 =  
𝑡𝑆𝑚𝑖𝑛

𝑠𝑚𝑖𝑛
   (35) 

8. Latency to the maximum value 

 𝐿𝑚𝑎𝑥 =  
𝑡𝑆𝑚𝑎𝑥

𝑠𝑚𝑎𝑥
   (36) 

9. Peak to peak time window 

 𝑡𝑝𝑝 =  𝑡𝑆𝑚𝑎𝑥
+ 𝑡𝑆𝑚𝑖𝑛

   (37) 

10. Sum of values 

 𝑆 =  ∑ 𝑠(𝑡)𝑡    (38) 

Where the summation is performed over a period of time. 

11. Mean 

 𝜇 =
1

𝑁
 ∑ 𝑠(𝑡)𝑡    (39) 

Where N is the total number of samples. 

12. Signal power 

 𝑃 =
1

𝑇
 (lim 𝑡 → ∞) ∑ |𝑠(𝑡)2|𝑡    (40) 

Where T is the time period. 

13. Signal energy 

 𝐸 =  ∑ |𝑠(𝑡)2|𝑡    (41) 
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Frontal, temporal and overall alpha asymmetry are extracted from the channels AF3, 

AF4, T7, and T8. These are parameters that were identified in the previous chapter as 

stress indicating parameters. Mathematical formulae are for these parameters are given 

in section 5.4. 

6.2.6 Classification 

The features are separated into different classes using different machine learning 

methods, which are generally categorized into supervised and unsupervised techniques. 

In this study, three different classifiers have been trained NB, MLP, and SVM [120]. 

6.2.7 Labelling  

For supervised learning, each player was assigned a novice or expert label based on a  

 

threshold, Z. The formula to label the data is already described in section 3.4.3. 

Participant average scores and the threshold value are shown in Figure 6.2-3. The 

horizontal solid line shows the threshold value. This resulted in 8 players classified as 

an expert and 12 players classified as a novice and are shown by blue and orange bars, 

respectively. 

 

Figure 6.2-3: The average score of players and the threshold value for the players as 

novice or expert.  
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6.2.8 Configuration and Parameter Settings 

The data are divided into a 70–30 ratio, where 70% of the data is used for training 

purpose and the remaining 30% data to test the proposed system. The experiments are 

performed on a core i5 system with 6 GB RAM. To classify the recorded EEG data into 

an expert-novice level based on extracted features from the fourteen-channel headset, 

three different classification algorithms were trained, including naive Bayes, SVM and 

MLP. The MLP used in this study consists of a hidden layer with 15 neurons, and the 

network is fully connected such that all neurons in each layer have a connection with all 

neurons in the following layer. The network is trained using the back-propagation 

algorithm, while cross entropy is used as the cost function. The weights are initialized 

randomly from a zero mean. Gaussian distribution. The learning follows the stochastic 

gradient descent algorithm and selects the optimized weights for the neuronal 

connections giving an accurate classification of game player expertise level. The 

network hyper-parameters including the learning rate are selected using a grid search. 

For the SVM classifier, a linear kernel is used. 

6.3 Results 

The details about the results and performance analysis are presented in the following 

subsections. 

6.3.1 Channel Selection 

Statistical analysis is performed to select the most significant channels for classifying 

the expertise level. A box-plot for the normalized power spectral densities (PSDs) of 

the fourteen EEG channel recordings for expert and novice players are shown in Figure 

6.3-1. The + symbol indicates the outliers, and the red lines within the box represent 

the median value. The rectangular box lies in between the first and third quartile of the 

data values.  
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Figure 6.3-1: Box-plot for the normalized power spectral densities of fourteen EEG 

channels for (a) expert players and (b) novice players.  

The results show that on average, expert players have more brain activity as compared 

to novice players. A t-test is applied to the PSD values of expert and novice players. A 

t-test is used to compare the averages of two results, and the resulting t-score and p-

value are a measure of the significance of the results. A p-value of less than 0.005 

indicates that the difference between averages is significant and not by chance. The 

results show that only channels F7, O1, F4 and AF4 are significant for the purpose of 

player classification with a p-value < 0.005.  
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6.3.2 Performance Analysis 

The performance of these algorithms is evaluated using different performance metrics 

for three cases, i.e., by using data from all fourteen EEG electrodes and selected four 

electrodes. The performance parameters include classification accuracy, computation 

time, kappa statistic, precision, recall and area under the curve (AUC) of the receiving 

operator characteristic (ROC) curve. In Chapter 5, it is shown that overall alpha 

asymmetry can be used as a potential biomarker for stress classification. It is used as 

sole features to classify the expertise level of a game player. Three different classifiers 

are used for classification purpose namely NB, SVM and MLP. 

It can be observed from  Table 6.3-1 that there is a considerable accuracy in classifying 

expertise of a game player using the potential stress marker, that is overall alpha 

asymmetry. From chapter 5, we already know that frontal and temporal alpha asymmetry 

constitutes the overall alpha asymmetry as shown in the Eq (23). 

In order, to improve the classification accuracy of expertise level of a video game player, 

frontal and temporal alpha asymmetry features are added. Table 6.3-2 also shows the 

results of performance parameters for fourteen and four significant channels that are 

selected by t-test. Also, it shows the performance parameters of alpha asymmetry based 

on four channels.  

Table 6.3-1: Classification accuracies NB, SVM and MLP when alpha asymmetry is 

used as a feature. 
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0.55 0.811 0.804 0.758 
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It is evident that the performance parameters of the alpha asymmetry based four-

channel classification have a clear difference as compared to the selected four and 

fourteen-channel case. In particular, the classification accuracy improves for NB 

significantly and slightly for SVM and MLP. NB algorithm shows the highest accuracy 

of 94.11% with only three features. Also, the SVM and MLP show better accuracies of 

86.27% and 88.23% with asymmetry based on three features. It can be also observed 

NB shows the best kappa statistic, precision, recall and ROC for classification of the 

expertise level of a player.  This shows that by selecting the significant channels, on the 

basis of alpha asymmetry analysis, NB can be reliably used for classification of 

expertise level of a player.  

Table 6.3-2: Performance comparison of fourteen channel, selected four channel and 

asymmetry based four channels for classification purpose 
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(a) 

 
(b) 

 
 

(c) 
 

Figure 6.3-2: Error magnitudes of different algorithms used: (a) fourteen channels; (b) 

four selected channels with higher activity (c) four channels with overall, temporal and 

frontal alpha asymmetry. 
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It is clear from Figure 6.3-2 (a) that the NB classifier gives the minimum error 

magnitude for all the error measuring parameters as compared to other classifying 

algorithms. Figure 6.3-2 (b) shows the error performance of the algorithms used in the 

four-channel classification. It can be observed that error performance in the case of 

fourteen channels is slightly better, but in the four-channel case, the computational cost 

has been reduced. Feature vector reduction has resulted in the reduction of the time 

taken by each classifier. Moreover, there is not much difference in terms of the kappa 

statistic. But Figure 6.3-2 (c) shows that the NB classifier gives the MAE, RMSE, 

RRSE and RAE values. Also, it can be noted that the error performance for the MLP 

algorithm is also improved considerably. 

6.4 Summary 

The expertise level of a game player on a consumer-based gaming device has been 

classified using EEG recordings, where the classification is based on the brain activity 

recorded using a wearable EEG device. Multiple classifiers are used to classify the 

player’s expertise level during gameplay on a smartphone, by extracting alpha 

asymmetry from the recorded EEG data. Among the classifiers, the NB algorithm has 

given the best error performance, as well as accuracy and kappa statistic for 

classification. These results show that the NB classifier has the potential to be used in 

gaming applications, which can suggest the player’s expertise level from EEG data 

recordings on the basis of the stress analysis of a player. It has been established that 

alpha asymmetries performed better than the thirteen morphological features for stress 

classification using fourteen and four selected channels for the three classifiers used.  
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Chapter 7  
 

Conclusion and Future Work 
 

This thesis intends to contribute to stress research using single- and multi-channel 

commercially available EEG headsets. It investigates stress and intends to develop an 

objective measure of stress by making use of psychological instruments. The results of 

this study made it clear that it is possible to analyze and quantify human stress using 

commercially available EEG headsets. Three different datasets were recorded from 

human participants using three different commercially available EEG headsets. The 

first dataset consisted of EEG signals recorded from 28 participants belonging to the 

education sector. These participants also reported their stress level using PSS-10 forms. 

The second dataset consisted of EEG recordings of 33 healthy participants. These 

participants filled PSS-10 forms for their stress assessment. A psychology expert also 

interviewed all these participants for an average time of 30 minutes to assess their stress 

levels. The expert assessed the participant based on the PSS form and the conducted 

interview. The third dataset is a record of EEG signals of video game players during 

gameplay. All these players belonged to the education sector with different level of 

expertise related to the game. For this dataset, fourteen channel EEG headset, EMOTIV 

EPOC was used. 

These EEG-based datasets were previously not available, especially targeting the 

Pakistani population. A total of five supervised machine learning methods were applied 

to perform classification in three different experiments. Three different statistical 

methods were used for feature selection among various neural oscillations. In the first 

study, it was observed that pre-frontal low beta can predict stress better in humans when 
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labelled with PSS questionnaire. Although, for the classification of stress low beta, high 

beta and gamma in the prefrontal cortex are the key features identified by the CFS 

method. In the second study, no significant feature was observed using the t-test, when 

labelling was performed by PSS. But, overall alpha asymmetry, beta and gamma 

oscillations in the frontal region of the brain are found significant, when labelling is 

performed using expert evaluation. All these brainwaves were found significant 

(p<0.05) using Student’s t-test. But for classification of long-term stress, the overall 

alpha asymmetry proved to be the most vital feature, which is also consistent with 

literature. In the third experiment, alpha asymmetry was used alone for the 

classification of an expert-novice problem, it shows a considerable accuracy of more 

than 80% with all three used classifiers. This classification only uses 4-channel and a 

single feature of alpha asymmetry, which was further subdivided into frontal and 

temporal asymmetry and used as a feature. The average classification accuracy 

improved up to 94.1%. This suggests that alpha asymmetry could be a good feature for 

detecting long-term stress, but frontal and temporal alpha asymmetry should be 

considered when a stimulus is presented. 

For our datasets, NB and SVM perform better than the rest of classifiers which 

conforms to the existing literature. Furthermore, when the data for training is lower, 

NB performs better than SVM. The performance of classification algorithms is 

dependent upon the data on which it is applied.Regularization property of SVM can 

overcome the problem of noise and outliers of BCI signals and increase the 

generalization of a particular classifier. This is the reason for the better performance 

shown by linear SVM as compared to linear discriminant analysis. The second reason 

may be the simple linear function in the kernel space which makes SVM stable and 

therefore, have a low variance. Since BCI features are very unstable over time, having 

a low variance may also be a key for low classification error in BCI. The last reason 
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probably is the robustness of SVM with respect to the curse-of-dimensionality. This 

has enabled SVM to obtain very good results even with very high dimensional feature 

vectors and a small training set. NB performs better when features are independent of 

other features. NB is probabalistic, whereas SVM is geometrical in nature. Therefore, 

NB is simpler in implementation as compared to SVM. 

 The results of the experiments are compared with state-of-the-art researches at the end 

of each experiment. It is concluded that very few EEG-based researches performed 

recording in the baseline condition and focused on long-term stress, which is more 

damaging than acute stress. Most of the researches used a larger number of channels in 

their studies. Throughout the thesis neural oscillation-based features are used, because 

they reflect the underlying processes occurring in the brain and have a well-defined 

meaning in computational neuroscience.  

In future, the monitoring of stress for longer durations in an out-of-the-lab environment 

using EEG recording will be considered. In such an environment, artefacts removal 

would be a challenging task. Investigating a larger number of participants to further 

validate results and to find correlates of long-term stress in baseline conditions will also 

be considered. Furthermore, stress research has potential applications, in which 

cognitive aspects of an individual can be observed and considered for performance 

improvement.  It will lead to potential real-time applications in both monitoring and 

identification of stressed individuals. Although, a wearable system should be 

unobtrusive and the real-time data recordings that are in an uncontrolled (out-of-the-

lab) environment are affected by artefacts reducing the quality of observed EEG. These 

limitations need to be addressed before the system can be adopted for daily life use. For 

the improvement of classification accuracy, features other than neural oscillatory 

features should be explored. The video game stimulus should be compared with the 
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standard stress-inducing task like MIST to elicit the relation of stress and alpha 

asymmetry. More specialized methods for feature selection can be used to select useful 

features. Different models of regression may be applied to quantify human stress more 

accurately by introducing more variables.  
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Appendix-A 

 
Consent Form 

 

The Department of Computer Engineering at University of Engineering and 

Technology, Taxila supports the safety of human participants in research studies.  The 

researcher will provide you with the necessary information to make the decision of 

participation. If you agree to participate, please be informed that you can quit the 

experiment at any stage without any penalty.  

In this study, we will ask you to fill a form containing ten questions. Then you will be 

asked to close your eyes for 3 minutes. Then you will be asked to look at a particular 

screen for 3 minutes.  All information provided by you will remain confidential and 

will be discarded if you leave the experiment. Your duration of participation in this 

study will be almost 35 minutes.  You will be informed with the results of the study on 

request. For any further questions concerning this study, please feel free to contact us 

through phone or email: sanay.muhammad@uettaxila.edu.pk or 

s.anwar@uettaxila.edu.pk.  Please indicate with your signature on the space below that 

you understand your rights and agree to participate in the experiment. 

Your participation is solicited, yet strictly voluntary.   

 

  

______________________________                                    _____________________ 

            Signature of Participant                                  Investigator 
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Appendix-B 

 

PERCEIVED STRESS SCALE   

 

Name ____________________________________________________________    

Date ______________  

Age ________    Gender (Circle):    M    F            Other ____________________ 

  

0 = Never     1 = Almost Never     2 = Sometimes     3 = Fairly Often      

4 = Very Often  

 

1. In the last month, how often have you been upset because of something that 

appended unexpectedly?  

0        1        2         3    4   

             

2. In the last month, how often have you felt that you were unable to control the 

important things in your life? 

0        1        2         3    4   

             

3. In the last month, how often have you felt nervous and “stressed”?     

0        1        2         3    4   

              

4. In the last month, how often have you felt confident about your ability to 

handle your personal problems?   

0        1        2         3    4   

              

5. In the last month, how often have you felt that things were going your way?  

 

0        1        2         3    4   

       

6. In the last month, how often have you found that you could not cope with all 

the things that you had to do?   

0        1        2         3    4   

              

7. In the last month, how often have you been able to control irritations in your 

life?   

0        1        2         3    4   

              

8. In the last month, how often have you felt that you were on top of things?   
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0        1        2         3    4   

       

9. In the last month, how often have you been angered because of things that 

were outside of your control?   

0        1        2         3    4   

              

10. In the last month, how often have you felt difficulties were piling up  so high 

that you could not overcome them?   

0        1        2         3    4  
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Appendix-C 

Simulation Specification 
 

Description Name 

Simulation Software Weka 3.8 

System Processor Intel Core (R) Core (TM) i5 

System Clock 2.50 GHz 

System Memory 4 GB 

Operating System Windows 7 Professional 

64-bit 

 

General Steps of Simulation 

 All the simulations of machine learning algorithms are performed using WEKA 3.8 

version.  

 Open the explorer tab of Weka 3.8 version. 

 Open CSV file containing data and labels. 

 In classify tab, choose the desired classifier from the drop down 

 For implementation, the 10-fold cross validation technique is used with default 

settings of all parameters. 

 The output of the classifier is exported in the form of another CSV to analyze the 

results of the desired classifier.  
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