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ABSTRACT 

Stress, defined as a natural response by an organism to an intrinsic or extrinsic situation being 

positive, negative, physical, or mental (Unai Zalabarria et al., 2020) is undeniably one of the 

leading causes of physical and mental illnesses in humans (Felix Adochiei et al., 2019). It is 

reported to be the second most disease-causing factor in Europe and the United States. Out of 

four visits to the doctor, three are as a result of stress-related illnesses with some of these 

pathologies as serious as leading to death (Niraj K. Jha et al., 2017). A major source of stress 

in recent times is at the workplace, due to the intense mental and physical efforts that are 

required of workers and the needs of workers not being met as well as inadequate resources to 

promote work effectiveness and efficiency (Onur Parlak, 2021). Work-related stress has been 

shown to have several repercussions not only on the productivity of workers but also on the 

state at large. Approximately €617 billion is spent by the EU annually to cater for work-related 

stress depression, health costs and social welfare (Giorgia Acerbi et al., 2017). For this reason, 

work-related stress monitoring and management have recently become a fast-growing research 

field. This study aims to build on methods and algorithms for detecting and monitoring work-

related stress using heart rate variability. The SWELL dataset, collected by researchers at the 

Institute of Computing and Information Sciences at Radboud University and the Delft 

University of Technology in The Netherlands was used for the implementation of the study. 

The dataset, consisting of a series of ECG signals were prepared for heart rate and heart rate 

variability feature extraction after which it was evident, significant differences between the 

heart rate and the heart rate variability values. The results showed an increase in the LF/LH 

and LF values and, a decrease in the frequency domain index HF and the time domain 

measurements particularly, RMSSD thus, indicating autonomic nervous system activity and 

hence detection of stress.  A neural network was also created using machine learning techniques 

on MATLAB to implement the aim aforementioned using the heart rate variability features 

extracted from the data set. The model was also compared with other conventional models to 

determine which was best for the stress detection algorithm.  Overall, the goal of this study was 

achieved, and the chosen classification model (Artificial Neural Network) proved to be the best 

for the detection and classification of stress with an accuracy and error rate of 78% and 22% 

respectively. 
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CHAPTER 1: INTRODUCTION 

1.1.  BACKGROUND 

Stress is undeniably one of the leading causes of physical and mental illnesses in humans (Felix 

Adochiei et al., 2019). It is reported to be the second most disease-causing factor in Europe and 

the United States, it is estimated that out of four visits to the doctor, three are as a result of 

stress-related pathologies or disorders (Niraj K. Jha et al., 2017). Stress is defined as a natural 

response by an organism to an intrinsic or extrinsic situation being it positive, negative, 

physical, or mental (Unai Zalabarria et al., 2020).  It is the body’s way of dealing with an 

overwhelming or unfavourable condition and always tries to bring the body to its normal 

balance (Sharma DK, 2018).  

Stress is in stages and begins with the perturbation of an organism by a stimulus or event known 

as a stressor (Sharma DK, 2018). Stressors can be in so many forms but are generally grouped 

under two types; psychological which includes financial problems, loss of a relative, a job or 

even preparation towards an exam and physiological, with examples being hot temperature, 

lack of relaxation, infections etc. The responses to these stressors by the body may be short 

term or long term. Based on judgement by the body on a situation or an event as being stressful, 

the brain, specifically the hypothalamus activates and sends signals to the pituitary gland which 

in turn stimulates the adrenal gland to produce cortisol. The hormone produced stabilises the 

supply of blood sugar aiding in bringing back the body to normalcy. For short term stress 

responses, the hypothalamus stimulates the adrenal medulla which forms a part of the 

autonomic nervous system. During activation of the adrenal medulla, adrenaline is secreted. 

This hormone stimulates the sympathetic nervous system and produces the fight or flight 

response; this is the immediate response or reaction that is taken by an organism when it deems 

a situation as dangerous. The body goes back to normal after the stressor has been removed 

and the parasympathetic nervous system takes over (McLeod S. A., 2010; Sami Elzeiny et al., 

2018). 

Stress can be classified into three types and this classification is based on the time-lapse. There 

are specific symptoms, characteristics, duration, and management attributed to these three 

types. Acute stress; is the most common and frequent type of stress. It is brief and does not 

occur over a long period. It is caused by negative thoughts about certain events that may have 

occurred in the past, that may be currently present or yet to happen with an example being 

constant thinking about an upcoming assignment deadline. It may also be caused by daily 
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demands and can lead to physical and emotional distress such as headaches, anxiety and anger 

but does not cause any significant damage to the body (Sami Elzeiny et al., 2018). The second 

type of stress is episodic stress, which occurs when acute stress is repetitive over a significant 

amount of time that it becomes habitual. It is very common in people who are short-tempered 

and overly competitive. Symptoms may include chest pains and migraine with treatment 

usually requiring the intervention of a professional. When stress occurs over a long period it 

becomes chronic and poses a lot of risks to the health of an individual. Chronic stress is 

characterised by unending miserable situations, unrelenting demands, and long-time pressures. 

It may be as a result of past traumatic events and early childhood experiences that become a 

part of one’s life. Examples of situations or events that may lead to chronic stress include an 

unhappy marriage or career and poverty (Sami Elzeiny et al., 2018).  

The implications of stress on the body are in connection with the type, timing and how severe 

the applied stimulus (stressor) is to the body. These implications can be instability or changes 

in homeostasis and can sometimes be worse as leading to the death of the individual (Yaribeygi 

H et al., 2017). Through the constant increase in blood pressure as a result of the constant 

release of hormones that cause the constriction of blood vessels, stress can play a part in the 

development of certain cardiovascular diseases such as hypertension (Kulkarni S. et al., 1998). 

While the effects of acute stress may be easily manageable and not damaging to the body, that 

of chronic stress is otherwise. 

 A major source of stress in recent times is at the workplace, due to the intense mental and 

physical efforts that are required of workers (Onur Parlak, 2021). It may also be as a result of 

the needs of workers not being met or resources needed by staff to work effectively being 

inadequate. Work-related stress has been shown to cause frequent absenteeism, accidents, and 

decreased productivity (Martin Gjoreski et al., 2017). It has been shown that approximately 

€617 billion is spent by the EU annually to cater for work-related stress depression, health costs 

and social welfare (Giorgia Acerbi et al., 2017). This shows that not only does work-related 

stress affect individuals and productivity, but it also affects the state at large. For this reason, 

work-related stress monitoring and management have recently become a fast-growing research 

field. 

This study aims to build on methods and algorithms for detecting and monitoring work-related 

stress particularly, using heart rate variability to aid in combatting the adverse effects 

associated with the aforementioned. 
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1.1.1. THE ELECTRICAL ACTIVITY OF THE HEART 

The muscle of the heart has its conduction system and does not rely on the central nervous 

system for its activation. This self-activation is made possible by a type of muscle cells known 

as the pacemaker cells (sinoatrial node and atrioventricular node) and conduction fibres (Cindy 

L. Stanfield). The heartbeat starts with the generation of an action potential by the pacemaker 

cells of the sinoatrial node (SN). This node can be found in the wall of the upper right atrium 

where it merges with the superior vena cava. The electrical impulse then spreads first through 

the right atrium via the internodal pathway and then through the left atrium via the interatrial 

pathway.  The activation of the atria causes the atria to contract as a unit and then pump blood 

simultaneously, through the tricuspid and bicuspid valves of the right and left atria respectfully 

and then into the right and left ventricles. The electrical impulse spreads through the right 

atrium and propels towards the atrioventricular node (found near the tricuspid valve of the 

heart) and finally stimulates it. The activation of the atrioventricular node further causes the 

stimulus to travel through the bundle of His (a collection of muscle fibres located in the 

interventricular septum) which then branches, passing through the left and right bundle 

branches causing the activation and contraction of the left and right ventricles respectfully. This 

results in the pumping of blood from the ventricles through the pulmonary artery to the lungs 

and into the general circulation. From the left and right bundles, the signal is conducted through 

the Purkinje fibres (a network of fibres that run from the apex of the heart to the tricuspid and 

bicuspid valves) spreading through the ventricles after which it travels through the ventricular 

myocardial cells and collectively activating them (Goldberger et al., 2013). A pictorial 

representation of the phenomenon described above can be found in Figure 1 below. 

 

Figure 1. The diagram illustrates the pathway of the electrical impulse during a heartbeat. 

(Goldberger et al., 2013). 
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1.1.2. ELECTROCARDIOGRAPHY 

Electrocardiography is the method of recording the electrical changes (electrical activity) 

obtained concerning the contraction and relaxation of the cardiac muscles during each 

heartbeat. These electrical changes are developed in sensors known as electrodes which are 

placed in a standard convention on the skin. Electrocardiography produces an 

electrocardiogram, a graph of voltage against the time of the electrical activity of the heart from 

an electrocardiogram (ECG). (David B. Geselowitz, 1989) (Leonard S. et al., 2016) 

The electrocardiogram (ECG) is the most used tool for diagnosing pathologies related to 

cardiac electrophysiology (David B. Geselowitz, 1989) and it is used by physicians to 

determine and diagnose problems associated with the electrical activity of the heart (Cindy L. 

Stanfield). It is an all-around and relatively cheaper clinical test (Goldberger et al., 2013).  The 

ECG is a graph of voltage against time and is made up of a series of waves, intervals and 

segments that depict the various stages of the electrical activity of the heart during a cardiac 

cycle. The following describes the various parts of ECG (Goldberger et al., 2013). 

P Wave: It is the first wave of the ECG. It represents atrial depolarization, which is the 

activation or contraction of the right and left atria. 

QRS Complex: The QRS complex follows the P wave, and it characterizes the depolarization 

of the right and left ventricles. 

T Wave: This comes after the QRS complex and describes the repolarization or relaxation of 

the right and left ventricles. 

U Wave: The U wave is the last and not usually seen. It also depicts ventricular repolarization. 

P-R Interval: It occurs between the onset of the P wave and the beginning of the QRS complex. 

It represents the time of conduction through the AV node (electrode lead). 

R-R Interval: The R-R interval is the period between two successive QRS complexes. It 

represents the time between heartbeats.  

Q-T Interval: It is the time of the onset of the QRS complex to the end of the T wave. The Q-

T interval describes the time for ventricular depolarization to begin to the end of ventricular 

repolarization. 
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P-R Segment: It is the period from the end of the P-wave to the beginning of the QRS complex. 

It characterizes the time between the end of atrial depolarization and the onset of ventricular 

depolarization. 

S-T Segment: It is the period from the end of the QRS complex to the beginning of the T wave. 

This also describes the repolarization of the right and left ventricles. 

 

Figure 2. The figure illustrates the various waves that categorise the electrical activity of the 

heart (Atkielski, 2007). 

 

1.2.  HEART RATE VARIABILITY 

It refers to the changes in the time intervals between consecutive heartbeats (RR Interval). HRV 

describes the neuro-cardiac function, and it is non-invasively obtained from the heart-brain 

interactions and dynamic non-linear autonomic nervous system (ANS) responses. HRV 

determines the regulation of autonomic balance, blood pressure, gas exchange, gut, heart, and 

vascular tone (Shaffer & Ginsberg, 2017) and can be measured or extracted from the R-R 

interval (heart rate) obtained from an Electrocardiogram (ECG) (gold standard) or a 

Photoplethysmogram (PPG) (Mejía-Mejía E. et al., 2020). HRV differs between people of 

different sex, age, mental and physical well-being (Shaffer & Ginsberg, 2017). (Hjortskov, et 

al., 2004) mentioned in his study that HRV decreases when one is mentally stressed, and this 

is due to an increase in the heart rate which is a result of the changes that occur in the autonomic 
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nervous system function (increase in the sympathoadrenal activation). Changes in the HRV can 

thus be an indication of stress. The commonly used indices for stress detection are categorized 

into two groups, time domain and frequency domain. Time-domain indices are used to measure 

the differences in the inter-beat interval (period between consecutive heartbeats) measurements 

whereas frequency-domain indices distribute the HRV power spectrum into four frequency 

bands. Time-domain HRV indices decline with an increase in age and a decrease in fitness or 

physical well-being (Shaffer & Ginsberg, 2017). 

The following table describes briefly the commonly used HRV indices and the type of 

activation they reflect. With the first four being the time domain indices and the rest, frequency 

domain indices. 

 

HRV INDEX DESCRIPTION ACTIVATION TYPE 

RMSSD The square root of the mean of the sum of 

the squares of the difference between 

adjacent RR intervals 

Parasympathetic 

SDSD The standard deviation of all intervals of 

differences between adjacent RR intervals 

Sympathetic 

pNN50 Percentage of adjacent RR intervals 

which differs by more than 50 ms 

Parasympathetic 

SDNN The standard deviation of all N-N interval Sympathetic 

LF The low-frequency band of the HRV 

power spectrum 

Sympathetic 

HF The high-frequency band of the HRV 

power spectrum 

Parasympathetic 

LF/HF The ratio of the LF to the HF Parasympathetic 

VLF The very-low-frequency band of the HRV 

power spectrum with 

Parasympathetic 

 

Table 1. Heart Rate Variability Indices and their description (Nkurikiyeyezu, Shoji, 

Yokokubo, & Lopez, 2019). 
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CHAPTER 2: LITERATURE REVIEW 

2.1.   APPROACHES TO STRESS DETECTION AND MONITORING 

The detection of stress first came about during a study to gather and assess the physiological 

data obtained while performing real-life driving tasks. The researchers utilized wires and 

electrodes that were intrusive in their methods and there was additionally the problem of a less 

intelligent and unresponsiveness of their method (Healey Jennifer, Picard Rosalind, 2005). The 

traditional method of stress detection also involved the use of psychometric instruments, scales, 

questionnaires, or surveys (Ulstein et al., 2007; David Carneiro et al., 2019). Questionnaires 

although inexpensive and easily used, have some demerits which makes them less effective to 

use for the aforementioned function. They are based on individual perceptions, participants 

may withhold needed information, researchers may assume what is important or not at the time 

of creation and some information that one would deem as important, if not present in the 

questionnaires, may be omitted (David Carneiro et al., 2019).  

Aside from the traditional detection of stress through questionnaires and behavioural 

observations, studies have shown that it can also be obtained and quantified from physiological 

and psychological/neurological responses (Sami Elzeiny et al., 2018; Mengru Xue et al., 2019) 

due to its association with the autonomic nervous system with the indicative parameters being 

heart rate variability (HRV), galvanic skin response (GSR), respiratory rate, blood oxygen 

saturation, cortisol level, blood pressure (BP) and brain signals (Niraj K. Jha et al., 2017; David 

Carneiro et al., 2019). These parameters specifically HR, GSR and BP can be measured when 

the body activates the autonomic nervous system in response to the brain perceiving a situation 

as stressful (Mengru Xue et al., 2019).  

 

2.1.1. PHYSIOLOGICAL MEASUREMENT OF STRESS 

Cortisol level: This is produced as a response to the activation of the adrenal glands of the 

kidneys by the hormone adrenocorticotropic (ACTH) (produced by the pituitary gland). It aids 

the body in the metabolism of fats, glucose and also stress management and can be measured 

in the saliva and blood. Cortisol levels are affected in response to certain conditions such as 

physical and emotional stress. The constant release of cortisol into the bloodstream in response 

to stress can cause vasoconstriction which can lead to an elevation in blood pressure. The 
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connection between stress and the release of cortisol into the bloodstream makes cortisol a 

biomarker for stress detection (David Carneiro et al., 2017). 

Electrodermal Activity/Galvanic Skin Response: It is the measure of the changes in the skin’s 

electrical activity or characteristics (Boucsein & Wolfram, 2012). It is due to changes in the 

autonomic nervous system (ANS) function caused by sympathetic activation due to changes in 

the emotional state of a person. The active state of sweat glands determines the variations in 

the skin’s resistance. An increase in the sympathetic activity of the ANS increases sweat 

production and cutaneous blood flow which in turn causes a decrease in skin resistance leading 

to an increase in conductance. A decrease in the sympathetic activity of the ANS causes an 

increase in skin resistance and hence, a decrease in conductance. A common example of a 

situation that promotes sympathetic activation is stress. Skin conductance can be used as a basis 

for measuring stress. (A.N. Jayanthi, 2015). 

 

2.1.2. RESEARCH BY OTHERS 

Over the years, there has been a surge in the development of biomedical sensors and the Internet 

of Things. This has led to the significant improvement of stress detection questionnaires and 

intrusive methodology to non-invasive procedures, and easily require the use of sensors, 

machine learning and signal processing. These procedures are not complicated and do not 

require the need for skilled personnel. Below are some papers that summarise the recent trends 

in stress detection and monitoring. 

With the negative impacts of stress on workers and productivity at the workplace becoming a 

concern, G. Niezen et al., (2016) designed a wearable stress monitoring system that uses a body 

sensor network, which can be used daily to help alleviate the adverse issues associated with 

occupational stress. 

The monitor was designed using a microcontroller that received signals from three sensors in 

the form of voltages. An infrared photodiode and a photodetector were used to measure the 

heart rate, a GSR sensor was used to detect the galvanic skin response and a negative 

temperature coefficient resistor was used to measure the temperature. Because the galvanic 

skin response and temperature signals were in the resistance, a voltage source was connected 

to convert them into voltages. Using a serial communication, the output from the 

microcontroller was sent to a Bluetooth module which in turn relayed the output signal to a 
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mobile phone. The mobile phone then used the measurements to plot graphs of the 

corresponding physiological signals via an application written using Java ME and then sent the 

data to a website via an SMS which was then stored in a database. Inferences are then made 

from the saved data to determine the stress levels of the user. Depending on the outcome that 

is, the stress level, an SMS was sent back to the mobile phone. 

After setting up an experiment that involved subjecting participants to various stressful 

conditions, the output of the device was tested. It was seen that the outputs of the sensors varied 

in response to changes in the physiological signals of interest due to stress. High levels of stress 

corresponded to low voltages from the sensors and vice versa. The device was able to do that 

for which it was designed with a reasonable amount of accuracy. 

Scaling down measurements to allow for the correct display of the graph and rounding off 

values to be able to satisfy the requirement of using integers for drawing graphs on the mobile 

phone was a limitation and resulted in inaccuracies. There was also the problem of loss of 

signal due to proximity while using Bluetooth for the communication between the sensor and 

the mobile phone. G. Niezen et al., (2016) recommended that other forms of communication 

be used to transmit information from the wearable sensor to the mobile phone.  

To solve the problem of stress subjectivity when it comes to its detection and the direct 

monitoring of stress, Martin Gjoreski et al., (2017) proposed a method that can accurately, 

continuously, and unobtrusively detect and monitor psychological stress in real life. They 

explored the use of a wrist device as a source of physiological data, recognised user’s activity 

by the assessment of the acceleration data obtained from the wrist device and used real-life 

contextual information. Stress detection using machine learning and signal processing 

techniques in laboratory conditions (constrained environment) was also explored using 

Empatica E3 and E4 and the extracted laboratory information was then applied to real-life data 

(unconstrained environment). Their proposal consisted of: 

1. a laboratory stress detector that was trained on laboratory data and detected short-term 

stress every 2 min. 

2. an activity recognizer that continuously recognized the user’s activity and thus provided 

context information 

3. a context-based stress detector that used the output of the laboratory stress detector, 

activity recognizer and other contexts to provide the final output.  
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Cognitive tasks and stressors from real life were analysed on 21 subjects to obtain input for the 

laboratory stress detector and 5 subjects for context-based stress detector. The collective data 

represented 55 days of real-life data. For the constrained environment data collection, subjects 

were made to solve mental arithmetic tasks under a varying time duration after which they 

provided answers verbally. The time to execute the task was shortened by 10% for every 2 

consecutive answers and increased by 10% for each 2 consecutive wrong answers. Participants 

filled out a questionnaire after the sessions and the data was statistically analysed. 

The data from the experiment showed that the proposed method detects 70% of the stressful 

events with a precision of 95% and therefore can be used in real life. 

They were hurdled with the problem of sample size; a small population was used. Their method 

was tested only on a small and healthy population who had a mean age of 28 and a standard 

deviation of 4. They also mentioned that their proposed method was biased towards the device 

used for the physiological data collection.  

For future work purposes, Martin Gjoreski et al., (2017) suggested an increase in sample size, 

the use of a population with a variety of ages, sex, and the use of their method on 

multiple/different devices to prevent biases. 

In 2017, Giorgia Acerbi et al., (2017) proposed a method to illustrate the feasibility of mental 

stress detection and monitoring with the help of physiological data specifically, heart rate 

variability (HRV) and electrodermal activity (EDA)/galvanic skin response (GSR) collected 

by wearable sensors.  According to them, HRV and EDA were used because of how they are 

the signals that have the most correlation with stress and can be obtained non-invasively.  

To be able to measure the GSR/EDA and HRV respectively, two wearable sensors namely 

Shimmer GSR and Zephyr BioHarness™ were used because of their accuracy and 

unobtrusiveness. The former is composed of two electrodes worn around the finger that 

transmits the GSR using Bluetooth. The latter is a chest belt that uses Bluetooth to obtain the 

heart rate by measuring the R-R interval of the ECG. It has the capability of also measuring the 

breathing rate, temperature, and details about the posture. 

12 participants with ages ranging from 21 to 30 years and no history of any neurological or 

cardiac disorder were made to undergo a series of tasks that put them in emotional and cognitive 

stress. The experiment consisted of a no activity, stressful and relaxing stage with the 

physiological parameters of interest being measured at each stage. Before and after each 
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stressful phase, a psychometric instrument (Questionnaires) was given to the participants to 

obtain a “subjective perception about the level of stress, anxiety and drowsiness.” Another 

experiment was done to obtain a strong emotional response from the participants after being 

made to undergo neuropsychological tests with participants wearing the sensors throughout the 

tests. The emotional reactions as a response to stress were measured with psychometric 

instruments. 

The output of the system was able to establish that through physiological data there is the 

possibility of differentiating stressed and non-stressed people. This could be indicated by the 

significant differences between the HRV and GSR/EDA parameters concerning the baseline 

and stressful phases of the experiment. The values of the psychometric analysis were also able 

to measure emotional state and the level of stress. It was concluded that the system will be able 

to detect and indicate stress levels of ageing workers helping to alleviate stress because of 

increased workload. 

When the psychometric instruments (questionnaires) were used as a reference in determining 

the possibility of finding the stress levels from the physiological data, a low correlation was 

established.  

They suggested that for future work, their feature extraction method used could be improved 

and a system that detects the stress level of the user in real-time could be obtained by the use 

of classification algorithms. Suggestions of ways of managing stress could also be incorporated 

into the system. 

In 2018, Amudha et al. proposed a method that uses the Internet of Things to detect stress levels 

whilst providing management techniques to reduce the effects it has on the mental and physical 

health of an individual.  The physiological parameters that were considered in their study were 

heart rate (HR) and galvanic skin response (GSR). The elements of the proposed system 

consisted of a Grove GSR sensor (a two-electrode sensor that measures and converts electrical 

resistance into voltages) embedded in a wearable wristband, a chest band with a 3-Lead ECG 

electrode, an Arduino Lilypad microcontroller and an ESP8266 Wi-Fi device. To establish the 

relationship between the galvanic skin resistance obtained and the heart rate variation in 

response to stress, two hypotheses were formulated. They state that 

1. The mean of the galvanic skin response during stressful and non-stressful situations has 

no significant differences. 
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2. The mean of the heart rate variation during stressful conditions and non-stressful 

conditions has no significant differences. 

A 30-minute experiment was conducted on 10 subjects with good vision during which videos 

of non-stressful scenes (baseline phase) were played for 5 minutes followed by stressful scenes 

for 10 minutes after which another non-stressful video was played for another 5 minutes. This 

was done to induce stress whilst the sensors measured the needed input. The signals obtained 

from the sensors were then processed by the microcontroller and the output was transmitted by 

the communication device to “ThingSpeak”, an open IoT platform where data is stored for 

analysis. To classify the stressful and non-stressful events, MATLAB Analytics was used, and 

the outcome was plotted into a graph. 

After a statistical analysis was performed, it was shown that the value of the GSR during a 

stressful event and that during a non-stressful event differ significantly. The same could be said 

about HR and therefore the hypotheses were rejected. A correlation test is done between the 

two physiological parameters also showed that they are negatively correlated. As the value of 

the HR increases during a stressful event, that of the GSR decreases and vice versa during a 

non-stressful event.  

They proposed that in the future, more physiological parameters, an activity recognition 

system, and a machine learning technique should be added. 

Kriti Sethi et al. in 2019 developed a model that uses physiological parameters measured from 

sensors incorporated in a cap to detect stress levels of an individual during his daily routine or 

at his/her workplace. They additionally explored the possibility of monitoring the stress levels 

of users telemetrically via an IoT network and where levels are beyond normal, an alert is sent 

to a medical practitioner or caregiver for immediate action.  

Input signals in the form of heart rate and brainwave signals were measured by a cap that 

contained PPG and Electroencephalogram sensors. The measured input is then transmitted to 

an Arduino mega 2560 REV 3 where it is processed. The microcontroller unit uses an algorithm 

to determine whether the user is stressed or not by comparing and finding deviations from 

predefined real-time values. When the user is found to be stressed, the output is transmitted to 

coin vibration motors located at strategic points in the cap to alleviate stress by massaging. The 

output is additionally sent to a media player containing saved binaural beat music. The media 

player plays the music stored on its SD card when it receives a signal to cause auditory 
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stimulation. The output can also be displayed on a screen or sent to the IoT platform for storage 

and analysis via a Wi-Fi module included in the microcontroller. 

They recommended that as the elements of the device use low power due to optimised data 

collection, the device could be powered using solar energy. Furthermore, they proposed some 

elements of the device could be miniaturised to allow the user to be more comfortable with just 

the cap on the head without all the wires. Since stress is experienced by many people, the device 

in future works should be cost-effective and more sensitive than specific. 

To monitor the mental health of robot operators in factories of the future to ensure a healthy-

life-promoting work environment, Alessandro Leone et al., (2020) proposed a system that can 

determine excessive stress or cognitive load from physiological values specifically heart rate 

(HR), galvanic skin response (GSR) and electrooculogram (EOG) signals. 

Five volunteers with ages ranging from 24 to 34 and of both genders participated in five 

cognitive tasks; assembling and manual handling (simulated using Legos) which were 

separated by a 2-minute resting period. During these tasks, two wearable devices (Empatica E4 

and J!NS MEME) were worn. The physiological parameters were first recorded using the 

sensors before the tasks were initiated. The mistakes made by each participant after the task 

was recorded and the one with the most mistakes were considered to be more stressed than the 

others. The wearable sensors were used to measure the HR, GSR and EOG while performing 

the tasks after which the data were sent through a low energy Bluetooth to a PC for signal 

processing and analysis. 

They concluded that the proposed method had a 93.6% ability to detect stress and an accuracy 

of 92.7%.  The use of a few subjects for their experiment was a limitation to their work and 

affected the generalization capability of their classification method. 

They suggested that future works should involve the development of a real-time stress 

identifier. Additionally, to improve the classification between stressful and non-stressful 

conditions and also to be able to identify different levels of stress, more feature extraction 

procedures and machine learning classifiers should be explored. 

Jerry Chen et al. had a review in 2021 on techniques for detecting modern physiological and 

behavioural related pain and stress detection as well as an investigation into the demands for a 

monitoring system that uses wearables and the possibilities of using these wearables to solve 

pain and stress management issues. They made mention of several sensors that uses 
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physiological parameters such as heart rate, electro-dermal activity and others in assessing 

stress with examples being the Empatica E4 wristband (a wearable wristband that allows the 

collection, streaming and visualization of multiple physiological data in real-time), Autosense 

(a wireless sensor that measures cardiovascular, respiratory and thermoregulatory signals 

through radio transmission), Sleepsense (a piezoelectric film sensor that detects respiration 

waveforms), BioHarness 3, BN-PPGED, Q-Sensor, Shimmer sensor, Wahoo chest belt, Mind 

wave mobile EEG headset, DataLog and Cardiosport TP3.  

They concluded that for future works, wearables for pain and stress detection and monitoring 

should be lightweight and miniaturised for user comfortability and should dissipate low heat 

and radiation to ensure safety. Also, there should be the use of a good security system to protect 

the privacy of users during data transmission. They further discussed that to be able to reduce 

a large amount of money used in stress management and to make it affordable for all to use, 

low-cost stress monitors with easy-to-use features must be employed. 
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CHAPTER 3: MATERIALS AND METHODS 

This section presents an overview of the materials and methods used in implementing the 

objective of this study. To develop an algorithm used in detecting, quantifying, and monitoring 

work-related stress, data are known as the SWELL-KW dataset was used. All the details about 

the dataset were obtained from (Koldijk et al., 2014). The project was fully written using 

functions and toolkits in MATLAB. 

 

3.1. DATA SOURCE 

The SWELL dataset was used for the implementation of the study. This dataset was collected 

by researchers at the Institute of Computing and Information Sciences at Radboud University 

and the Delft University of Technology in The Netherlands, as part of the Smart Reasoning 

Systems for Well-being at Work and Home (SWELL) project, an initiative supported by the 

Dutch national program, COMMIT. This project aimed to develop “user-centric sensing and 

reasoning techniques that help to improve physical well-being (mostly in a private context) and 

to improve well-working (in a work context)”. 

 

3.2. SUBJECT AND EXPERIMENT DESIGN 

The dataset was collected on 25 healthy subjects which no record of heart diseases of which 17 

were male and 8 were female. The subjects had a mean age of 25 years. Most of them were of 

Dutch origin and were university students who were already familiar with the use of computers, 

report writing, presentations and had experience with the handling of huge amounts of 

information. 

They were each made to undergo a series of knowledge worker tasks such as report writing 

and presentations on predetermined topics, on a computer in a controlled lab setting where the 

conditions under which they worked were manipulated. Everything done was to emulate the 

knowledge work setting. The conditions under which they worked were three: neutral, stressor 

‘time pressure’ and stressor ‘interruption’. Under the neutral condition, the subjects were made 

to work for a maximum of 45 minutes on their tasks under no pressure and with no 

interruptions. Under the stressor ‘time pressure’ condition, participants worked on their tasks 

within a limited amount of time and the stressor ‘interruptions’ condition involved the 
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participants being interrupted with emails as they worked on their tasks. Some of the emails 

that were sent during the tasks were essential to the work that was being done and required a 

response, others were of no importance and therefore did not require a response but were sent 

as a means of inducing stress. A block diagram of the three conditions under which the 

participants worked is shown in Figure 2 below. 

To eliminate influences on the data, the subjects were asked not to smoke or drink caffeine or 

alcohol 3 hours before the experiment. The participants worked under the neutral condition 

first followed by either the stressor ‘time pressure’ or the stressor ‘interruption’. The last two 

were always interchanged. There was an 8-minute period of rest after working under each 

condition. They were made to answer questionnaires after working under each condition. The 

subjects wore body sensors (Mobi TMSI) throughout their tasks to record the ECG and skin 

conductance in response to stress. Video recordings were also made with a high-resolution 

camera to capture the facial expressions of the participants as they worked. A Kinect 3D depth 

camera was used to record the posture features of the participants such as leaning back and 

sitting upright whilst performing the tasks.  

 

Figure 3.  This figure shows the experiment design emphasizing the three conditions 

(Neutral, Time pressure and Interruption) under which the tasks were performed. The 

relaxation period refers to the 8 minutes resting period. 
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3.3.  PRE-PROCESSING OF DATA 

For this study, only the ECG data obtained from the body sensors will be used. 

The originators of the data set used a TMSI Mobi device with 8 channels in obtaining the 

physiological signal of their experiment. The ECG signal used in this study was then taken 

from the 6th channel of the body sensor device and has a sampling frequency of 2048Hz. 

It was then filtered with a 6th order Butterworth bandpass filter with a bandwidth of 0.4Hz - 

45Hz to attenuate the low and high fluctuations below and above the bandwidth frequency of 

the filter such as common ECG noise; baseline wandering (caused by respiration) and 

powerline interference. The baseline wandering usually has a frequency between 0.15Hz – 

0.3Hz and the powerline interference 50Hz or around 60Hz. 

The resulting signal as shown in Figure 4 below, was then detrended with a 6th order 

polynomial filter to remove the mean/DC components of the signal. This allows the visibility 

of the actual amplitudes of the peaks. This can be seen in Figure 5. 

 

 

Figure 4. A 20s sampled raw ECG signal with trends, belonging to participant 1 under the 

neutral condition. 
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Figure 5. A 20s sampled filtered ECG signal belonging to participant 1 under the neutral 

condition. 

 

3.4. EXTRACTION OF HEART RATE. 

The position of the peaks corresponding to the R-waves of the filtered ECG signal was located 

using the Pan-Tompkins algorithm toolbox written by (Sedghamiz. H, 2014) made available 

on MATLAB file exchange (Figure 6). Using a 6th order polynomial filter, all other peaks 

other than the R-peaks were removed or made zero to allow for the prominence of the R-peaks 

since those are the important part of the signal that is going to be used (Figure 7). R peak 

positions for every 5 minutes of the ECG signal up until the last minute was generated. The 

time intervals between successive R peaks (R-R interval) were then found by finding the 

difference between adjacent R peak positions. The computed R-R intervals were filtered to 

remove intervals with missed peaks and ectopic (premature) heartbeats which could cause 

errors in the heart rate computation. The filtering was done using the “RRfilter” function in the 

HRV toolbox written by (Marcus Vollmer, 2019) available on MATLAB file exchange. All 

the R-R interval values below 0.5s and above 1.2s which would have computed heart rates 

below 60bpm and above 120bpm were removed and replaced with the median of the previous 

R-R intervals after which the heart rates were computed using the heart rate function in the 

HRV toolbox.  
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Figure 6.  20s sampled filtered ECG signal showing the located R-peaks. Data belongs to 

participant 1 under the neutral condition. 

 

 

Figure 7.  20s sampled filtered ECG signal showing the located R-peaks excluding all other 

peaks. Data belongs to participant 1 under the neutral condition. 
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3.5. EXTRACTION OF HEART RATE VARIABILITY 

Using the HRV toolbox, the following HRV indices were computed: RMSSD, PNN50, SDSD, 

SDNN, LF, HF, LF/HF, and VLF. They were then written into an excel spreadsheet to be used 

as the input data for the machine learning classifier. To obtain the target and response for the 

classification, the input data was annotated.  Stressful conditions (Stressor “Time Pressure” 

and “Stressor Interruption”) were labelled as 1 and neutral conditions as 0 and these were 

written on a separate spreadsheet.  

 

3.6.  MACHINE LEARNING MODELLING 

Artificial Neural network (ANN) was chosen to fulfil the task of detecting and classifying the 

input data into two classes: stress and no stress. This is because of its ability to model high 

dimensional signals of a non-linear nature, higher classification accuracy and its multiclass 

classification function as opposed to other conventional methods such as logistic regression 

(Renganathan V, 2019). The ANN was implemented using the neural network toolbox in 

MATLAB. “Patternet”, a variation of the feedforward approach was used. In this method, the 

product of each input and their corresponding weights are taken, fed into the first hidden layer, 

each multiplied by a bias and then fed into the next layer as its input. The procedure goes on 

until it reaches the output layer where it is then passed through an activation signal (sigmoid in 

this study) and the output retrieved with no information being fed back to the input layer. 

The HRV features extracted from the ECG signal were organized into a table and used as the 

input data. The spreadsheet containing the labelled values corresponding to the classes of the 

individual HRV values were also organised into a table to be used as the target data. The target 

data consists of 2 columns each representing a class (stress and no stress). Each value of the 

HRV belonging to the class “stress” (that is those belonging to the time pressure and 

interruption conditions) has a value of 1 and for those who do not belong to this class (values 

belonging to the neural condition), a value of 0. A similar approach was taken for the column 

of the class “no stress”. Before modelling, the data for participant 8 was removed as it consisted 

of invalid heat rates and HRV values and could have altered the accuracy of the classifiers. 

The ANN was created to have 3 hidden layers with the first layer having 500 neurons, the 

second 400 neurons and the last also having 400 neurons. The conjugate gradient algorithm, 

trainscg was used as the network’s training function as it is the fastest for function 
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approximation problems and consumes less memory and mean square error was used to analyse 

the network’s performance. The network was modelled to divide the input data into 3 subsets 

to prevent over-training of the input and for robust performance. 70% of the input data was 

used for training and 15% each was used for validation and testing of the network. The network 

was given a learning rate of 0.15 (default) and a maximum number of epochs of 60 to prevent 

overtraining. The trained network was afterwards, used on the whole input data to obtain an 

output after which it was used together with the target data to derive a confusion matrix and a 

receiver operating characteristics plot. A visual representation of the network architecture has 

been illustrated in Figure 8 below. 

The input data was also used in other classification models to allow for comparisons, and this 

was made possible using the classification learner app on MATLAB. The other models in 

which the data was tested were logistic regression and support vector machine (SVM) models. 

The features, in this case, the HRV values, were used as predictors and the target data as a 

response for the models with five-fold cross-validation. The flow chart of the algorithm used 

for the stress detection has been highlighted in Figure 9. 

 

 

Figure 8. This figure illustrates the artificial neural network architecture used to 

implement the classification. 
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Figure 9.  This figure gives an overall summary of the methods used in stress detection. It 

represents the stress detection algorithm used in this study. 
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CHAPTER 4: RESULTS AND DISCUSSION 

4.1.  RESULTS 

This section describes the results obtained after implementing the features extracted on the 

machine learning classifier. The HRV computations together with the heart rate computations 

of participant 1 during each of the three conditions (Neutral, Stressor ‘Time-pressure’ and 

Stressor ‘Interruption’) after the feature extraction can be found in Table 2. The metrics used 

in the performance evaluation were accuracy, positive predictive value (PPV) also known as 

precision and true positive rate (TPR) also known as sensitivity. These evaluation metrics were 

obtained from the confusion matrices plots (as shown in Figures 10, 11, 12, 13, 14, 15 and 16) 

and can also be computed from the equations listed below. 

 

1. TPR (No Stress) = TP/ (TP + FN) *100  

2. TPR (Stress) = TN/ (TN + FP) *100 

3. PPV (No Stress) = TP/ (TP + FP) *100 

4. PPV (Stress) = TN/ (TN + FN) *100 

5. Accuracy = (TP + TN)/ (TP + TN+ FP + FN) *100 

Where TPR = true positive rate (percentage of all actual true positive predictions), PPV = 

positive predictive value (the number of all positive predictions), TP = true positive (actual true 

observations), FP= false positive (observations that were not true but predicted as true), TN = 

true negative (actual negative predictions) and, FN = false negative (observations that were 

true but predicted as false) 
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Table 2. This table shows the HR and HRV values for participant 1 under the 3 conditions. P 

= participant, N = neutral condition, IN = stressor ‘interruption’ and T = stressor ‘time 

interruption’. 

 

The confusion matrix of the ANN (Figure 9) shows the number and percentage of correct 

classifications by the trained ANN. The confusion matrix shows that 145 

observations(features) are correctly classified as “No Stress” and this corresponds to 26.2% of 

all 554 observations. Comparably, 287 observations are correctly classified as “Stress”, and 

this is congruous with 51.8% of all observations. 48 of the Stress observations are incorrectly 

classified as No Stress and this corresponds to 8.7% of all 544 feature values. Similarly, 74 of 

the No stress observations are incorrectly classified as Stress and this corresponds to 13.4% of 

the total data. The neural network is also able to precisely predict 75.1% of the 193 No stress 

observations correctly and 24.9% of the 193 No stress observations incorrectly.  It is also able 

to precisely predict 79.5% of the 361 Stress observations correctly and 20.5% of the 361 Stress 

observations wrongly.  Out of 219 No Stress cases, 66.2% are correctly predicted as No Stress 

and 33.8% are predicted as Stress. Out of the 335 Stress observations, 85.7% are correctly 
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classified as Stress and 14.3% are classified as No Stress. The artificial neural network model 

has an overall accuracy of 78% with 22% incorrect predictions. 

 

 

 

Figure 10. Illustrates the accuracy and precision of the ANN from a confusion matrix. Class 1 

= No Stress, Class 2 = Stress. The values in the green boxes represent the true values (upper 

left, TP and lower right, TN) and the values in the green boxes represent the false values (upper 

right, FP and lower left FN). The values at the far-right column except the blue box represent 

the PPV values and those at the lower row represent the TPR values. 

 

Furthermore, the logistic regression model Figure 11, was able to correctly classify 99 

observations as No Stress and 120 of the Stress observations wrongly classified as No Stress. 

271 Stress observations were correctly predicted as such and 64 of the No stress observations 

on the other hand were incorrectly predicted as Stress. The logistic regression model Figure 

13 has a No Stress precision of 61%. That is, out of the 219 No Stress observations, 61% of 
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this figure were accurately classified as such. The model also recorded a Stress precision of 

69% showing that out of the 335 observations classified as Stress, 69% of this number were 

correctly classified as Stress. The logistic regression model Figure 12 recorded a 45% 

sensitivity to the class No Stress and an 81% sensitivity to the class Stress. The model was able 

to accurately classify the observations into their respective classes by a 66.8% rate with an 

error rate of 33.2%. 

 

 

Figure 11. shows the number of observations predicted by the logistic regression model. Class 

0 = No Stress and Class 1 = Stress. The values in the green boxes represent the true values 

(upper left, TP and lower right, TN) and the values in the green boxes represent the false values 

(upper right, FP and lower left FN). 
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Figure 12. shows the TPR predicted by the logistic regression model. Class 0 = No Stress 

and Class 1 = Stress. Green boxes = TPR and red boxes = false negative rate 

 

 

Figure 13. shows the PPV predicted by the logistic regression model. Class 0 = No Stress 

and Class 1 = Stress. Green boxes = PPV and red boxes = false discovery rate. 
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It can be seen from Figure 14 that the SVM model was able to predict correctly 58 No Stress 

observations however 161 of the Stress observations were wrongly classified as No Stress. 298 

Stress observations were correctly predicted whereas 37 of the No stress observations were 

incorrectly predicted as Stress. The SVM model Figure 16 has a No Stress precision of 61%. 

That is, out of the 219 No Stress observations, 61% of this figure were accurately classified as 

such. The model also recorded a Stress precision of 65% showing that out of the 335 

observations classified as Stress, 65% of this number were correctly classified as Stress. The 

SVM model Figure 15 recorded an 89% sensitivity to the class Stress. The model however has 

poor sensitivity to the class No Stress as it recorded a low 26% rate. In all, the model was able 

to accurately classify the observations into their respective classes by a 64.3% rate with an 

error rate of 35.7%. 

 

 

Figure 14. shows the number of observations predicted by the logistic regression model. 

Class 0 = No Stress and Class 1 = Stress. The values in the green boxes represent the true 

values (upper left, TP and lower right, TN) and the values in the green boxes represent the 

false values (upper right, FP and lower left FN). 
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Figure 15. shows the TPR predicted by the SVM model. Class 0 = No Stress and Class 1 = 

Stress. Green boxes = TPR and red boxes = false negative rate 

 

 

Figure 16. shows the PPV predicted by the SVM model. Class 0 = No Stress and Class 1 = 

Stress. Green boxes = PPV and red boxes = false discovery rate  



35 
 

The following table is a summary of the performance of the ANN, logistic regression and 

SVM models. 

Model/Algorithm Accuracy 

(%) 

PPV (No 

Stress) (%) 

PPV (Stress) 

(%) 

TPR (No 

Stress) (%) 

TPR 

(Stress) 

(%) 

Neural Network 78.0 66.2 85.7 75.1 79.5 

Logistic 

Regression 

66.8 61.0 69.0 45.0 81.0 

SVM 64.3 61.0 65.0 26.0 89.0 

 

Table 3. Illustration of the performance of the machine learning classifiers. 

 

4.2.  DISCUSSION 

It can be inferred from Table 3, that the neural network model with a positive predictive value 

of 66.2% and 85.7% in both the No Stress class and the Stress class observations respectively, 

is more precise in predicting positive observations than the Logistic regression and SVM 

models. Although the SVM model has the same positive predictive value in the No Stress class 

as the logistic regression model, it has the overall lowest precision. The same can be said about 

the sensitivity of the three models when they are compared. From these findings, it can be 

established that the ANN with an accuracy of 78% is more accurate and produces fewer errors 

as compared to the logistic regression and SVM models. This outcome buttresses the point 

made by (Renganathan V, 2019) that ANN has a higher classification accuracy and is better in 

modelling high dimensional signals of a non-linear nature like the data used in this study and 

as such the most useful in stress prediction.  

Furthermore, it can be seen from Table 2 the differences in HR and HRV in the different 

conditions. The HRV values are generally lower than the HR values during stressful conditions 

signifying changes in the autonomic nervous system function as a response to a stressor as 

stated by (Hjortskov, et al., 2004) in his study.  The participants, under a lot of pressure to 

complete their tasks while working for a short period, and also being interrupted, recorded a 

higher heart rate and a lower HRV. There are also visible differences between the HRV values 

in the neutral condition and those in the stressor ‘time pressure’ and stressor ‘interruption’ 
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conditions. The time-domain HRV and HF values are seen to decrease during the stressor ‘time 

pressure’ and stressor ‘interruption’ conditions and the frequency domain indices, particularly, 

the LF/HF and LF increase during the stressful conditions when compared to those of the 

neutral condition. This buttresses the point stated by (Shaffer & Ginsberg, 2017) that the time 

domain indices and the frequency domain index HF reflect parasympathetic activation and are 

therefore lower during stressful conditions and, the LF and LF/HF represent sympathetic 

activity and are therefore higher during stressful conditions. These HRV characteristics during 

stressful conditions that were shown are also similar to the findings of existing research by 

(Nkurikiyeyezu, Shoji, Yokokubo, & Lopez, 2019). These changes and differences in the HRV 

values show that indeed stress was detected. Although the obtained performance is not the 

highest as compared to the performance in other studies, for example (Nkurikiyeyezu, Shoji, 

Yokokubo, & Lopez, 2019), the goal of this study which is to detect stress using HRV was 

attained. 
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CHAPTER 5: CONCLUSION 

The objective of this study is to write an algorithm to detect work-related stress. An overview 

and physiology of stress were elaborated and the approaches to which it can be measured was 

explained. The recent trends and similar works done by other researchers were summarized to 

give a perspective of the subject of interest. A data set was obtained, pre-processed, features 

were extracted, input and target data were determined, and the classification model architecture 

was created and implemented based on the data provided.  

The results show that a non-invading system that can predict stress using heart rate variability 

is possible to design and that HRV is indeed an indicator of stress. Overall, the goal of this 

study was achieved, and the chosen classification model (ANN) was able to accurately 

implement this goal by a rate of 78%. Nonetheless, some limitations influenced the outcome 

of this study. 

 

5.1.  LIMITATIONS 

The quality of the results obtained from a classification model depends on the quality of the 

dataset used in creating the model (Stephan Dreiseitl, Lucila Ohno-Machado, 2002). The 

dataset used had some inconsistencies and errors that could not be completely rectified without 

altering and making the ECG signals very synthetic. Some of the data particularly that of 

participant 8 generated invalid heart rate and heart rate variability computations and had to be 

removed. All of these contributed to the satisfactory results obtained. 

 

5.2.  RECOMMENDATIONS  

For future works, a separate data set not used for model building should be used to test the 

efficacy of the algorithm to minimize generalisation error. An improved version of the 

algorithm should also be tested on a wearable device to capture its performance in real-time 

taking into consideration, fast communication and security systems and telemetry.  Also, the 

other physiological parameters that are associated with stress detection should be explored.  
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