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Abstract

Stress has become one of the most critical dangers to human health. Recently,
with the development of wearable devices that can measure physiological features
more accurately and collect more data, stress detection using the data collected
from wearable devices has become an emerging research topic. There are currently
many studies on detecting and predicting stress. However, these studies are not
comprehensive enough because (i) they provide limited comparison with other
methods, (ii) they simply use statistics to show correlation between physiological
features, (iii) they use mainly classical methods or advanced methods with raw
physiological data, or (iv) they do not compare to other methods using bench-
mark datasets. New data analytic approaches, such as topological data analysis
(TDA), which is robust to noise and can analyse high-dimensional data, can
also create more opportunities for research about stress. Using complex networks
representations of the physiological data and associated algorithms to detect stress
is a promising solution. Since complex networks have the potential to capture
phenomena of real-world systems.

This thesis presents novel approaches to present the relationship between
stress and physiological time series features using topological data analysis and
complex networks. Benchmark datasets named Driver Stress Data, WESAD and
SWELL KW are used to deploy experiments. This thesis has three contributions
to knowledge. Contribution one is a series of methods to detect stress from
conventional machine learning and statistical methods, as well as deep learning
methods with the outer product of time series data or image-based data as input.
These methods were validated on benchmark datasets. This chapter presents one of
the first experiments to compare classical machine learning and statistical methods
in the context of physiological data. This chapter also describes two novel deep
learning inputs, which are the outer product of the time series signal and image-

based data. In the future, the latter feature can be improved to utilise the current
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strong development of computer vision methods to develop a comprehensive
stress detection method. Contribution two is a novel topological data analysis
method for detecting stress in long multivariate physiological time series data.
This method can overcome the high computational expenses of TDA, especially
for multivariate time series data. It can predict stress with higher performance
than state-of-the-art time series classification methods and other stress detection
methods on a benchmark dataset. Contribution three is a novel complex networks
approach to classify stress. This is one of the first complex networks combined with
deep learning approach to handle long multivariate time series, and also has the
ability to classify each time stamp of a time series. This complex network method
achieved excellent results on stress detection benchmark datasets such as WESAD
and SWELL-KW. The results of this method are also better than those of state-of-
the-art time series classification methods and other stress detection methods. Two
feature extraction processes using TDA and complex networks, together with the
corresponding deep learning models for stress detection, are detailed in this report.
These two new approaches were validated on stress benchmark datasets, compared
with other stress detection methods on the same datasets, and evaluated against

state-of-the-art time series classification methods.



Chapter 1

Introduction

1.1 Background

Stress nowadays has become a critical problem for human beings. Long-term
stress contributes to significant neurological disorders, heart issues, stomach ulcers,
asthma, diabetes, headaches, accelerated aging, and early death in humans, and
70% of dangerous diseases can be caused by stress (Rasheed 2016). Stress is
harmful to human health. Stress can cause permanent emotional, physiological, or
behavioural changes in humans, increasing the risk of having diseases (Cohen et al.
2007; Davis et al. 2017). Stress is also a primary reason that causes an abundance
of mental health disorders, such as depressive disorder, bipolar disorder, and
posttraumatic stress disorder (Davis et al. 2017). According to research in 2019 by
the World Health Organization, 970 million people (1/8 of the world population)
were suffering from at least one type of mental health disorder (Kestel et al. 2022).
The rate of people who suffer from mental health disorders remained unchanged
at 1/8 of the world population from 2000 to 2019 (Kestel et al. 2022).

Stress is defined as the “non-specific response of the body to any demand upon
it” (Kirschbaum et al. 1993). Selye described the word “stress” as the consequence
of any significant threat to homeostasis (Selye 1978). The term “homeostasis” was
first defined by Walter Bradford Cannon in 1926 and refers to the maintenance of
a constant internal physical and chemical state by living systems (Cannon 1926;
Neligan and Baranov 2013). Based on this definition, Claude Bernard stated that
the ability to maintain a balanced life depends heavily on the capacity to keep

the human body’s internal environment stable despite changes in the external
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environment (Bernard 1957).

Detecting stress is urgent, as it is vital for improving human health. Humans
have become increasingly aware of their stress levels and are still seeking the best
way to detect stress. Classical stress detection methods use a blood or saliva sample
to measure cortisol levels or specialised medical devices to monitor physiological
signals (Jiménez-Mijangos et al. 2023; Ramirez et al. 2023). The most common
classical methods use questionnaires, interviews, or self-reports (Jiménez-Mijangos
et al. 2023; Ramirez et al. 2023). All these classical methods require participants
to either join a laboratory environment with specialised medical equipment or
answer questions (Jiménez-Mijangos et al. 2023). Meanwhile, evaluating questions
is time-consuming, so not all stress conditions are recorded promptly. Because of
these disadvantages, there is substantial demand for stress detection methods to
enable earlier interventions (Gedam and Paul 2021; Hickey et al. 2021). Stress
detection using physiological data collected from wearable devices is the most
suitable way for two reasons (Babu et al. 2024; Panicker and Gayathri 2019).

First, physiological signals are among the most common and reliable sources
for stress detection (Panicker and Gayathri 2019). There are numerous advantages
of physiological signals over other sources for detecting stress, including high
accuracy, high reliability, cost-effectiveness, non-invasiveness, and continuous
collection (Goshvarpour et al. 2017; Panicker and Gayathri 2019; Yoo et al. 2018).
There are several other advantages. Using physiological signals can also simplify
the entire stress detection process, from data collection to interpretation of results.
These can also make it easy for participants to join the stress detection experiment.
Using physiological signals increases trustworthiness because participants cannot
hide changes in their physiological signals. Finally, physiological signals cause
fewer potential sensitive issues due to cultural differences. The high accuracy
of physiological data collected from wearable devices has also been reported in
other studies. Ollander et al. (2016) deployed research to detect stress from a
wearable device (Empatica E4 wristband) and stationary laboratory sensors and
devices. Konstantinou et al. (2020) also compared the stress detection capabilities
of a wearable device (Microsoft Band 2) and standard stationary devices, such
as Biopac MP150. They both stated that wearable technology is equivalent to
stationary technology in its capacity to assess stress. Betti et al. (2017) confirmed

that physiological data collected from wearable devices can have a similar ability
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to detect stress as well as salivary cortisol.

Second, wearable devices can continuously monitor physiological data and are
promising tools for measuring stress (Babu et al. 2024). The rapid development
of technology can enable wearable devices to measure physiological signals more
precisely, making them more affordable (Babu et al. 2024). These reasons make
wearable devices more popular (492.1 million devices were sold worldwide in 2022)
and can be more common tools for detecting stress (Babu et al. 2024). The most
commonly used wearable devices in academic research on stress detection are the
Empatica E4, Apple Watch, Spire Stone Doppel, and Stila (Ramirez et al. 2023).

Stress detection research is still in the early stages of development. Numerous
stress detection methods used classical data analytic approaches. These classical
approaches used original time series data, time-domain and frequency-domain
features as inputs and machine learning models such as support vector machines,
random forest, and k-nearest neighbour to classify stress (Babu et al. 2024,
Hag et al. 2021; Mentis et al. 2023). State-of-the-art data analytic approaches,
combined with the rapid development of wearable devices, offer great potential
for developing excellent stress detection methods. This PhD project aims to
develop stress detection methods using novel data analytics and physiological
time-series data collected via wearable devices. The two state-of-the-art data
analytic approaches used in this PhD thesis are topological data analysis (TDA)
and complex networks. These can provide insights from complex, large-scale data,
a characteristic that traditional data analytic approaches cannot offer (Amaral
2022; Skaf and Laubenbacher 2022). Topological data analysis can capture the
“shape” of the data (Skaf and Laubenbacher 2022), and complex networks can
build connections between discrete and unstructured data to detect patterns and
predict behaviours (Amaral 2022).

1.1.1 Definitions of stress

Stress is a widespread aspect of daily human life. One of the most common
experiences of humans nowadays is facing stressful situations (Anisman and
Merali 1999). However, there is still no official definition of stress. According to
Mason (1975), there are three approaches to define stress. It can be defined as
an organism’s physical, emotional, and cellular reactions (the strain), external
events that cause these reactions (the stressor), or events that occur when a person

reacts to the surrounding environment. Mason (1975) called these three definitions:
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response, stimulus and stimulus-response interactions, respectively. With the first
definition, stress can be easily recognised when unusual reactions occur, such as
the human body becoming sweaty, the human heartbeat becoming faster, the
human face becoming pale, or trembling in the human’s hands. Regarding the
second definition, external events primarily relate to a physical or socio-cultural
context (Aldwin 2007). Physical context can arise when certain physical factors,
either immediately or later, cause harmful effects on the human body. Examples
of immediate results include fire, catastrophe, and tsunami, and examples of the
last-effect case include pollution and noise (Aldwin 2007). Socio-cultural contexts
are associated with a person’s well-being, status and role. Lack of well-being can
be a source of stress. With the third type of definition, stress is related to the
demands of the surrounding environment and personal resources; stress occurs
when personal resources cannot meet these demands.

Hans Selye was the first researcher to describe biological stress and coined the
term ‘response’. He made the rudimentary definition of stress as “the nonspecific
neuroendocrine response to the body” (Selye 1936). He first used the term ‘stress’
in 1950 in his paper (Selye 1950). He also called the factor that causes stress the
stressor, for example, fear, anxiety, cold, heat or pain (Rochette and Vergely 2017).
Stress can be defined as a human reaction to demand or threat (Can et al. 2019a).
Other researchers used the combinations of ‘stimulus’ and ‘stimulus-response
interactions’ approaches to define stress since they mentioned relationships between
the external environment and incidents caused by interaction between human
beings and stressors. According to Fink, stress occurs when an environment’s
demands exceed a person’s awareness and endurance (Fink 2016). Beehr and
Newman defined workplace stress by surveying various studies; they consider any
work-related aspect that causes abnormal changes in workers’ psychological and
physiological states to be stress (Schuler 1980).

People experience stress at least once in their lives, yet nobody clearly defines
or describes it (Fink 2016). The reason is that stress is highly subjective (Can et al.
2019a). Stress can vary among individuals, depending on personal susceptibility
and resilience (Fink 2016). An acceptable level of stress is beneficial in daily life,
helping to improve productivity, focus, and emotional state (Can et al. 2019a).
However, if the stress reaches a dangerous level, it will harm the human’s well-

being, affecting the emotional state, quality of life and productivity (Fink 2016;
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Umematsu et al. 2019b). Stress is nowadays a critical mental health problem.
As the World Health Organization reported, stress affects more than 450 million
people around the world (World Health Organization 2021). For this reason, early

stress detection is essential.

1.1.2 Significance

Stress is one of the most dangerous threats to human well-being. Early detection
of negative stress responses becomes more practical with the rapid development
of wearable devices. This research area is at an early stage of development. Many
researchers create benchmark datasets, stress induction tests, and methods for
stress detection and prediction. However, there is still a lack of a standard for
negative stress detection methods. This research will provide some approaches to
this research topic.

First, it will provide a comprehensive survey of the relationship between
physiological features and the stress response from several perspectives, such as
machine learning, deep learning, complex networks, and algebraic topology. As a
result, more unique insights about these relationships can be discovered. Second,
it will provide new stress detection methods using novel data representations.
These results can improve human health, as the effect can be detected earlier from

physiological characteristics.

1.2 Research challenges

Stress detection is an emerging research topic right now. This thesis focuses
on detecting stress in multivariate physiological time series data. The data are
physiological signals such as brain signals (electroencephalogram), skin conduc-
tance, muscle signals, blood volume pulses, skin temperature, and respiration data,
collected from wearable devices. A wearable device is a small electronic device that
can be worn on the body or attached to clothing and enables noninvasive, long-
term monitoring of essential physiological and biochemical parameters (Babu et al.
2024). Wearable devices are smartwatches, rings, wristbands, and smart patches
(Babu et al. 2024). Examples of wearable devices are ActiGraph devices, Fitbit
devices, Garmin devices, Apple watches, Empatica devices, Zephyr BioHarness,
Astroskin and Hexoskin (Cosoli et al. 2024; Inibhunu et al. 2021; MacQuarrie et al.
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2024; McGregor 2021; Miyakoshi and Ito 2024). The data format is a time series
of various physiological measures sampled at a particular rate; each time series
of physiological measures contains multiple timestamps, and each timestamp is
associated with a stress value.

However, there are still various limitations to current research approaches.
First, numerous researchers use simple statistical or machine learning techniques
to analyse stress, so the insights are unclear, or the designed methods can not
detect stress effectively. As a result, these research approaches are not helpful in
real-world contexts. Some researchers used statistical techniques such as ANOVA
and Pearson’s correlation to examine correlations between signals that can cause
stress and stress levels (Sano et al. 2018; Wang et al. 2014). However, the statistical
approach cannot provide a proper and complete stress detection system, as these
studies merely present correlations between input features and stress rather than a
complete method for detecting stress from input features. Some other researchers
applied classical machine learning models, such as logistic regression, Support
Vector Machines, Random Forest, and k-nearest neighbour (Babu et al. 2024;
Mentis et al. 2023) to detect stress. Logistic regression typically works well only
for detecting linear relationships in the data and cannot capture complex patterns
(Schober and Vetter 2021; Stoltzfus 2011; Tu 1996). Support Vector Machines incur
high computational costs when trained on large datasets and are unsuitable for
unbalanced datasets (Bhavsar and Ganatra 2012; Cervantes et al. 2020). Random
Forest tends to incur high computational expense when working with large datasets
and is also sensitive to noise (Hengl et al. 2018). K-nearest neighbours have poor
runtime performance with huge datasets (Cunningham and Delany 2021; Dhanabal
and Chandramathi 2011; Triguero et al. 2016). But nowadays, with the rapid
development of technology, wearable devices have become common and can collect
complex, lengthy data that contains multiple signals. So, these research studies
using classical methods are not very applicable.

Deep learning overcomes the disadvantages of classical machine learning models
such as logistic regression, Support Vector Machines, Random Forest, and k-nearest
neighbour. Feature selection is necessary for all classical machine learning models
to make these models become effective and achieve good classification results;
however, it is time-consuming and requires expert knowledge (Badr et al. 2024;

Craik et al. 2019). Meanwhile, deep learning models can still perform well with
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direct input data and even without feature selection, since these models can
perform classification tasks alongside feature selection (Aloysius and Geetha 2017;
Badr et al. 2024; LeCun et al. 2015). Deep learning can handle vast amounts
of data compared to conventional machine learning (Badr et al. 2024). It is an
important advantage because of the rapid development of wearable devices, which
enables the collection of more and more data.

Secondly, researchers have mainly used simple handcrafted features that apply
some time-series transformation methods, so these features may not provide com-
plete information about the physiological data (Li and Liu 2020). The calculation
of these handcrafted features also adds burden to the data preprocessing process,
since each set of features must be manually generated from the corresponding
physiological signals (Li and Liu 2020). The most common features used to de-
tect stress are heart rate, heart rate variability, skin temperature, galvanic skin
response, blood pressure, respiration rate and their classical time-domain and
frequency-domain indices (Gedam and Paul 2021; Li and Liu 2020). The limit of
classical frequency-domain indices is the ability to handle non-stationary data
(Al-Fahoum and Al-Fraihat 2014; Mohammed and Rantatalo 2020). The classical
time-domain indices also have drawbacks in complexity and the possible loss of
temporal precision (Cohen 2004).

Some data transformations may yield better input features for stress detection
experiments; for example, instead of using the original time series data, the outer
product of the time series data, or images generated from the time series data, can
be used. More advanced and novel data analytics approaches, such as topological
data analysis (TDA) and complex networks, can provide more comprehensive
inputs to deep learning models for stress detection. Topological data analysis is
able to capture the “shape” of the data and preserve the global information of the
data (Pun et al. 2022; Skaf and Laubenbacher 2022). Complex networks have the
power to analyse complex systems, from natural systems to social systems (Ding
et al. 2024; Gao et al. 2021; Rubinov and Sporns 2010). Complex networks have the
ability to analyse multivariate, noisy and non-stationary physiological data, which
can be a promising approach for classifying responses to stress. However, there
are no suitable roadmaps for applying new techniques to real-world applications,
such as stress detection. Stress detection involves physiological data in the form of

long, multivariate time series. A TDA experiment with a proper feature extraction
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method and acceptable computational cost for long time series data remains
lacking. Finding a suitable graph topology for representing physiological time
series and extracting suitable complex network features from multivariate time
series data is still a research topic that must be addressed.

Thirdly, numerous studies on stress detection did not provide comprehensive
comparisons with other research, making it difficult to assess the method’s effec-
tiveness. Most researchers use their own collected data (Airij et al. 2018; Asif et al.
2019; Cheema and Singh 2019; Lanius et al. 2024; Mandal et al. 2023; Phutela et al.
2022; Ray et al. 2023; Tian 2022; Vila et al. 2018; Xia et al. 2019). The unique
characteristics of these datasets can lead to better classification results in the
associated research, which may not occur when validated on other datasets. Some
researchers just showed their results and concluded without complete comparisons
with different stress classification methods (Keshan et al. 2015; Li et al. 2019;
Rizwan et al. 2019). There are only a few comparisons using benchmark datasets
(Mishra et al. 2020).

This PhD thesis provides methods that integrate deep learning with TDA and
also complex networks features to detect stress from long multivariate time series
data. The results of these methods and associated experiments were validated on
common stress detection benchmark datasets, which makes it easier to compare
the results with other methods.

1.3 Research questions

The central theme of this project is to detect stress and analyse its manifestation
through changes in physiological data. This research will concentrate on answering
these research questions:

Research question 1 : How can we detect stress using conventional machine
learning and statistical methods, deep learning models with the outer product
of physiological time series as inputs or deep learning models with image-

based inputs?

Research question 2 : Is it a promising approach to detect negative stress

responses in physiological time series data using topological data analysis

(TDA)?
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Research question 3 : Is it a promising approach to detect negative stress

responses in physiological time series data using complex networks?
These research questions lead to the following objectives.

Objective 1 : Develop and validate methods that use conventional machine
learning and statistical approaches, or the outer product of physiological
time series data or image-based data, generated from physiological time

series data, to detect stress.

Success condition: deploy methods to detect stress from conventional machine
learning and statistical methods, stress detection methods where the inputs
are in novel formats, such as the outer product of physiological time series
or image-based data. Stress detection methods based on conventional ma-
chine learning and statistical methods are among the earliest approaches
to physiological multivariate time series data. The latter stress detection

methods utilised novel 2D data formats similar to images.

Objective 2 : Develop and validate topological data analysis methods to detect

negative stress responses.

Success condition: deploy a novel topological data analysis method that identi-
fies stress, validate this method on benchmark datasets, compare with other
stress detection methods on the same datasets and compare with time series

classification methods.

Objective 3 : Develop and validate complex networks methods to detect negative

stress respomnses

Success condition: deploy a novel complex networks method to detect negative
stress response, validate this method on benchmark datasets, compare with
other stress detection methods on the same datasets and compare with time

series classification methods.

1.4 Contributions to knowledge

This research will contribute novel approaches to analysing physiological fea-

tures and time series analysis. These approaches also align with the declared
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research objectives.

Contribution 1: Validated stress detection methods that use conventional ma-
chine learning and statistical methods, and stress detection methods with
inputs that are the outer product of physiological time series data or image-
based data.

This contribution includes a complete and one of the first comparisons be-
tween conventional machine learning methods and a conventional statistical
method to detect stress in a physiological context. This contribution also
provides novel input for stress detection from time series data. The new
image-based input can be combined with advanced computer vision methods

to develop a comprehensive stress detection method from time series data.

Contribution 2: A novel topological data analysis approach to detect stress.
This method is validated on benchmark datasets, compared with stress
detection methods on the same datasets and compared with time series

classification methods.

Contribution 3: A novel complex networks method to detect stress. This method
is validated on benchmark datasets and compared with stress detection

methods on the same datasets and time series classification methods.

1.5 Thesis structure

The remainder of this thesis is structured as follows:

Chapter 2 reviews the literature on stress detection using wearable devices. This
chapter presents a comprehensive literature review of physiological feature
analysis across several topics. First, this chapter presents physiological and
derived statistical features for detecting stress. This chapter then presents
the current challenges in collecting data for stress detection research. This
chapter also includes tests to induce stress and an overview of the most
common stress benchmark datasets. Methods for analysing physiological

data and for stress detection research using classical machine learning, deep
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learning, and forecasting methods were also provided in this chapter. Finally,

research gaps are presented.

Chapter 3 describes three benchmark datasets named Driver Stress Data, Wear-
able Stress and Affect Detection (WESAD), and Smart Reasoning for Well-
being at Home and at Work Knowledge Work (SWELL-KW) and two data
analytic techniques named topological data analysis and complex networks
used in this thesis. The section on topological data analysis provides infor-
mation on the core concepts of TDA, a literature review of state-of-the-art
research on TDA and machine learning, and time series and change point
detection. A section on complex networks presents how to use time series
segmentation methods and complex network approaches to convert time
series data into networks, current complex network approaches to analyse
time series data, and a literature review of state-of-the-art research on

complex networks and time series.

Chapter 4 presents methods to detect stress using the outer product of physio-
logical time series data and image-based data. This chapter also contains
an experiment using the conventional machine learning methods (LSTM,
RNN) and statistical method (VAR) to classify stress from multivariate

physiological time series.

Chapter 5 presents a method for detecting stress in physiological time series
data using topological data analysis. The results of the classification methods
are validated on a common benchmark dataset, Wearable Stress and Affect
Detection (WESAD). The results are also compared with other time series

classification and stress detection methods on the same datasets.

Chapter 6 presents a method for detecting stress in physiological time series
data using complex networks. The results of the classification methods are
validated using common benchmark datasets such as Wearable Stress and
Affect Detection (WESAD) and Smart Reasoning for Well-being at Home
and at Work Knowledge Work (SWELL-KW). The results are also compared
with those of other time series classification and stress detection methods

on the same datasets.
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Chapter 7 concludes the thesis by reviewing the findings’ implications and

potential future research directions.



Chapter 2

Literature review

This chapter critically reviews the literature related to this research project.
It provides information on stress detection using data collected from wearable
devices. The topics include a list of standard physiological features usually used
to detect stress, current data collection challenges for stress detection research,
laboratory tests used to simulate stressful situations, and benchmark datasets
to detect stress. Classical approaches to detect stress and their limitations are
presented, followed by a critical review of more recent approaches. This chapter

ends with a summary of the research gaps in the area.

2.1 Physiological features to recognise stress

The stress signal will be sent to the hypothalamus when the human body
faces physical or psychological stressors such as strenuous physical activities or
challenging exams. The hypothalamus mobilises the sympathetic nervous system
(SNS). The sympathetic nervous system awakens the body using several hormones
such as cortisol and epinephrine. As a result, the value of several physiological
features of the human body will rise, such as heart rate, blood pressure, speed
of respiration, blood sugar and the amount of oxygen in the lung and brain (see
figure 2.1) (Healey and Picard 2005; Ollander et al. 2016; Schuler 1980). These
changes in physiological measurements can be detected using wearable devices.
These transformations will make the body stronger and boost focus and reaction.
When the indicators of stress disappear, the autonomic nervous system (ANS)
will dismiss all these above stress processes, activate rest, and bring the human

body to a normal state. The value of all these physiological features will return to

13
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baseline (Can et al. 2019a; Fink 2016; Gjoreski et al. 2016). This process is called
the fight or flight mechanism (Fink 2016; Gjoreski et al. 2016).

[Production note: This figure is not included in

this digital copy due to copyright restrictions.]

Figure 2.1: Stress and physiological features (Ledoyt 2019)

There are several ways to measure stress: estimating biological markers such as
human cortisol level and amylase, analysing answers to subjective self-evaluation
questions, and evaluating the physiological measurements of stress (Kim et al.
2018; Muaremi et al. 2014). These are also common ways to label the stress levels
of stress detection datasets.

Commonly used subjective self-evaluation questions are the Perceived Stress
Scale (PSS), Stress Response Inventory (SRI), Stress Self-Rating Scale (SSRS),
State-Trait Anxiety Inventory (STAI), Self-Assessment Manikin (SAM) and Posi-
tive and Negative Affect Schedule (PANAS), Short Stress State Questionnaire
(SSSQ) and Rating Scale Mental Effort (RSME) (Alberdi et al. 2016; Can et al.
2019a).

An emerging trend to detect stress is using wearable devices due to their
mobility and accuracy compared to stationary devices when detecting stress-
related features (Ollander et al. 2016). In a survey, a wearable device (Empatica

E4 wristband) was compared with stationary laboratory sensors and devices to
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estimate physiological features and detect stress (Ollander et al. 2016). Ollander
et al. (2016) confirmed that wearable devices have the same ability to measure
heart rate and stress as stationary devices. This unique ability has the potential
to open a promising research area of using wearable devices to detect stress.
Some types of physiological measurements can be collected to identify stress,
such as heart signal, brain signal, skin conductivity, muscle signal, blood volume
pulse, skin temperature and respiration data (measured by chest cavity expansion)
(Alberdi et al. 2016; Gjoreski et al. 2016; Healey and Picard 2005; Hernandez et al.
2011; Hovsepian et al. 2015; Muaremi et al. 2014; Sano and Picard 2013). These

are reviewed below.

2.1.1 Heart signal

The electrocardiogram (ECG) evaluates the heart’s electrical activity, and the
ECG is measured by electrodes attached to the human body (Can et al. 2019a).
There are four components of heart behaviour as captured by an electrocardiogram:
the baseline, P wave, QRS wave and T wave (Baldoumas et al. 2018). The heart
signal is one of the most important features for measuring human stress, and it
includes several measures, namely the ECG, heart rate variability (HRV), and
RR intervals, which are the times between heartbeats (see figure 2.2) (Gjoreski
et al. 2016). RR intervals are also known as inter-beat intervals (IBI). When stress
occurs, heart rate variability decreases, and RR intervals become shorter. The
normal-to-normal (NN) intervals are another form of RR interval, but normal-
to-normal intervals only measure the time between what algorithms determine
are normal heartbeats (McCraty and Shaffer 2015). The ECG data was used in
experiments of this thesis.

There are several statistical formulas to calculate time and frequency domain
features from the normal-to-normal interval (see Table 2.1 and 2.2). The two most
common ones are the root mean square of consecutive interbeat interval differences
(RMSSD) and the standard deviation of the beat-to-beat interval (SDNN) (Kemper
et al. 2007; Kleiger et al. 2005). However, there are still limitations with both
time and frequency domain features for real-world stress detection experiments.
Real-world stress detection experiments handle long physiological time series
data. Generating time domain features are high computational expense processes
(Al-Fahoum and Al-Fraihat 2014; Mohammed and Rantatalo 2020). This process
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can become harder when handling long time series. Frequency domain features

can only handle stationary data (Cohen 2004). Meanwhile, almost all physiological

time series data is non-stationary (Weber et al. 1992).

[Production note: This figure is not included in

this digital copy due to copyright restrictions.]

Figure 2.2: Normal ECG signal and RR interval (Baldoumas et al. 2018)

Table 2.1: Heart rate variability and main statistical time-domain features (Shaffer

and Ginsberg 2017)

Time-domain features | Unit Descriptions
AVNN ms Average of all normal-to-normal intervals
SDNN ms Standard deviation of all normal-to-normal intervals
Root mean square of successive
RMSSD s RR interval differences
Percentage of differences between successive
pNN50 % )
normal-to-normal intervals that are greater than 50 ms

2.1.2 Brain signal

The brain signal is measured by the electroencephalogram (EEG). There are four
wavebands of EEG: Alpha (8 to 13 Hz), Beta (13 to 30 Hz), Delta (0.1 to 4
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Table 2.2: Heart rate variability and main statistical frequency-domain features
(Shaffer and Ginsberg 2017)

Frequency-domain features | Unit Description
Total spectral power of all normal-to-normal
2

ULF ms intervals less than 0.003 Hz

VLF 5 | Total spectral power of all normal-to-normal intervals
s between 0.0033 and 0.04 Hz

L 5 | Total spectral power of all normal-to-normal intervals
ms between 0.04 and 0.15 Hz

HEF 5 | Total spectral power of all normal-to-normal intervals
e between 0.15 and 0.4 Hz

LF-HF % Ratio of low to high-frequency power

Hz) and Theta (4 to 8 Hz) (Alberdi et al. 2016; Can et al. 2019a). The Alpha
waveband presents a normal state when the mind is calm and balanced, and the
Beta waveband presents emotional states. The Alpha activity will decrease, and
the Beta activity will increase during a stressful time (Alberdi et al. 2016; Can
et al. 2019a).

Seo et al. (2010) describe an experiment with 33 healthy participants, aged from
30 to 40 years old. Their research used Pearson correlation to find the relationship
between EEG, electrocardiogram and salivary cortisol level (an indicator of stress).
They observed a significant negative correlation between salivary cortisol level
and ECG as measured with the SDNN and between the high-frequency band Beta
of EEG and ECG as measured with the SDNN. They also observed a significant
positive correlation between salivary cortisol levels and the high-frequency Beta
band of EEG. They also found that the group of participants experiencing stress
had the highest value of the Beta band. That experiment demonstrated that the
Beta band EEG is a strong indicator of stress.

Zhang et al. (2014) explored the situation when humans must face cognitive
workload and rest conditions. They combined galvanic skin response (GSR), heart
rate (HR), and EEG with their proposed filtering technique to classify stress
levels from a dataset with 16 participants. The State-Trait Anxiety Inventory
(STAI) measured the stress statuses. There are two kinds of stress status in this

work. One status happens when participants face danger or threat, and another
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one when faced with worry or discomfort. They concluded that EEG achieved
higher accuracy (87.5%) in predicting stress than GSR and HR, respectively (75%,
62.5%). They also found that the high Beta band of EEG contributes more than
the middle Beta and Alpha bands to classification. The conclusions from the paper
can be more convincing if there is information about how to access the paper’s
dataset. Other researchers can do experiments with the same dataset and use
other machine learning and deep learning methods to validate the stress detection
powers of the physiological features from the data.

Several calculated characteristics of EEG have already been applied to detect
stress, and the most frequently used ones are mean power ratio, mean amplitude
of EEG, mean amplitude of Event-Related Potentials, Alpha, Beta and Theta
wavebands (Alberdi et al. 2016; Can et al. 2019a). The EEG data was not used in

the experiments of this thesis.

2.1.3 Skin conductance

Skin conductance gauges the skin’s electrical characteristics (Figner and Murphy
2011). It is also known as electrodermal activity (EDA), galvanic skin response
(GSR), skin conductance response (SCR), skin conductance activity (SCA), electro-
dermal level (EDL) and the electrodermal response (EDR). When stress happens,
sweat glands are activated as a result, and there is more sweat at the surface of
the skin, which increases skin conductance.

When a human body faces arousal events, high cognitive workload, or some
strenuous physical activities, the human brain will change the electrical char-
acteristics of the skin (Peternel et al. 2012) by reducing resistance and raising
conductance (Dawson et al. 2017). EDA is typically measured using the trapezoid
muscle (Greene et al. 2016). EDA is also one of the first features to detect stress
and is a strong indicator of stress (Healey and Picard 2005). Some researchers
even used EDA as the labelled data for their model (Peternel et al. 2012). The
most popular features of EDA are maximum and minimum value, root mean
square, mean amplitude and the standard deviation of the amplitude (Alberdi
et al. 2016). The EDA data was used in the experiments of this thesis.
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2.1.4 Muscle signal

Electromyogram (EMG) is the muscle’s electrical activity. Some researchers
observed a relationship between EMG and stress. Wijsman et al. (2013), in
their research, pointed out that the amplitude of the EMG is higher when stress
happens, and stress has a high correlation with signals from the upper trapezius
muscle. They also confirmed that low-frequency characteristics of EMG also rise
when stress appears. The popular statistical features of EMG are mean, median,
standard deviation and root mean square of the amplitude (Alberdi et al. 2016).

The EMG data was used in the experiments of this thesis.

2.1.5 Blood volume pulse

The Blood volume pulse (BVP) is the amount of blood that goes through the
photoplethysmographic (PPG) sensor in each pulse (Peper et al. 2007). PPG can
be put in various body parts to measure BVP; the most prevalent place is the
finger. Amplitude of the blood volume pulse reduces when stress happens. BVP is
one of the first physiological features used to detect stress in the experiment of
Zhai and Barreto (2006). In that experiment, two authors stated that BVP has
the same detection power as EDA and skin temperature. Heart rate can also be
calculated approximately from BVP (Peper et al. 2007). The BVP data was not

used in the experiments of this thesis.

2.1.6 Skin temperature

Skin temperature can also measure stress since skin temperature will change
when humans experience stressful situations. In normal conditions, human skin
temperature is generally between 32°C and 35°C. Skin temperature can change for
many reasons such as fever, starvation, strenuous physical activities, climate and
physiological changes (Quazi et al. 2012). Only physiological changes can vary skin
temperature when the other factors do not happen. The cause of physiological
changes is localised changes in blood movement originating from vascular resistance
or arterial blood pressure, and these two characteristics are controlled by the
autonomic nervous system (Maaoui et al. 2008). The skin temperature change is
caused by a change in blood flow that the autonomic nervous system manages.

The skin temperature data was used in the experiments of this thesis.
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2.1.7 Respiration

Respiration data, as measured by chest cavity expansion, can also be considered as
a physiological measurement of stress. Grossman (1983) states that stress can cause
phenomena such as a boost in respiration rate and irregular breathing. Nevertheless,
in the study of Healey and Picard (2005), they realised that respiration data is
not a strong indicator of stress such as HR and EDA. The respiration data was

used in the experiments of this thesis.

2.2 Data collection challenges

To detect stress, researchers collect physiological data from candidates. Then they
use reports or questions to recognise the stress level of candidates. They can also
estimate stress conditions using biological markers such as human cortisol level
and amylase. Another practical approach to collect ground truth is ecological
momentary assessment (EMA), in which symptoms of affective level can be
managed in real-time contexts (Asselbergs et al. 2016; Moskowitz and Young
2006). Traditional EMA collection methods include diaries or paper-and-pencil
questionnaires; new EMA collection methods integrate with mobile applications
(Asselbergs et al. 2016). Mobile EMA can gather data at a specific time, multiple
times a day or right after an event happens (Asselbergs et al. 2016).

Data quality is a significant factor in the effectiveness of stress detection.
Excellent quality data must be correct, complete, appropriate, up to the minute,
meticulous, relevantly described and contain sufficient information to aid decision
making (Wyatt and Liu 2002). Notable topics for setting up high-quality data to
achieve the requirements of Wyatt and Liu (2002) are the standard data collection
processes, how to extract useful information from vast amounts of data, how to
choose suitable artifact detection techniques, suitable strategies to label massive

amounts of data, and the types of devices with appropriate battery life.

2.2.1 Quality of collected data

There are several requirements to ensure the quality of data. The devices that
collect physiological features must achieve the standard to provide excellent data
quality, which Wyatt and Liu defined (Wyatt and Liu 2002). The apparatus must
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also be placed in a suitable place and follow standards to collect physiological
data (Alberdi et al. 2016; Can et al. 2019a). An appropriate sampling frequency
should simulate the signal. Khusainov et al. (2013) stated that for monitoring
daily life activities, the frequency sampling of 20Hz is enough for almost all cases,
and audio, speech and physiological features need to use a higher frequency with a
maximum value of 40kHz. Kwon et al. (2018) declared that the minimum frequency
for ECG for adults should be 250Hz, and the acceptable minimum frequency in
situations not requiring domain frequency features should be 100Hz. This thesis
used three benchmark datasets to test and then validate the algorithms that
were developed in this thesis. All these datasets contain ECG. One small dataset
has a frequency of 15.5 Hz which is less than 20Hz. So, this small dataset is not
suitable for analysing physiological data in general as stated by Khusainov et al.
(2013). The frequency of this small dataset is also less than 250Hz (15.5 Hz) as a
result this small dataset is not suitable for analysing ECG as stated by Kwon et
al. (2018). However, this dataset was only used for testing algorithms. Since the
algorithms have high computation expenses, these need to be tested with a small
dataset before applying on a larger scale. The two modern and more enormous
datasets used to validate the algorithms have frequencies much higher than 20Hz
and 250Hz (700Hz and 2048 Hz). One modern and more enormous dataset was
downsampled to 128Hz to avoid huge computational expenses. However, this
frequency is still suitable since the experiments do not use any domain frequency
feature. So, the two datasets fulfil the frequency requirement to validate stress
detection algorithms.

After collecting data, pre-processing data steps need to be applied. Data quality
can be affected by magnetic, random, instrumentation or electric noise (Khusainov
et al. 2013). Standard methods to remove noise are filters such as Kalman, median,
Butterworth low-pass, wavelet decomposition or Wiener (Alberdi et al. 2016; Can
et al. 2019a; Khusainov et al. 2013). Suitable features will be collected for the
specific type of signal. Appropriate filters will be chosen for specific kinds of
noise(Khusainov et al. 2013). Principal component analysis (PCA), least mean
square, regression analysis or independent component analysis (ICA) can be
applied for removing artifact (Alberdi et al. 2016; Can et al. 2019a; Khusainov
et al. 2013). However, a data system or model with all these requirements may

not have high-quality data. This thesis develops novel approaches using new data
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analytics methods that can be robust to noise and artifacts, so these pre-processing
data processes were not used in the experiments of this thesis.

Stress data can be gathered from multiple wearable devices and sensors. There
are some issues when managing data from multiple sources; for example, data
with different physical units, dimensions, and data can be missed or inconsistent
(Alberdi et al. 2016; Can et al. 2019a). Data fusion frameworks and voting systems
were proposed to handle missing and inconsistent data (Alberdi et al. 2016).
This thesis uses benchmark datasets collected using the same wearable devices
and sensors, so data fusion frameworks and voting systems were not used in the

experiments of this thesis.

2.2.2 Large amounts of data

Another challenge with a continuous collection process is the amount of data.
A massive amount of data from an ongoing collection process can affect the
storage of devices, battery life of devices, and complexity of approaches to handle
data (Alberdi et al. 2016; Can et al. 2019a). This challenge can arise from a
large number of features and records. Issues with massive numbers of records
can be handled using onboard signal processing methods, which can reduce the
computational costs of transfer and save storage (Alberdi et al. 2016; Can et al.
2019a). Suitable sliding window methods can be used to handle an appropriate
number of records rather than many records simultaneously. Large numbers of
features can be handled using feature extraction algorithms. Feature extraction
algorithms such as PCA, waveform information, power spectral analysis, wavelet
coefficients, non-linear analysis, and linear discriminant analysis (LDA) can be
used to reduce the amount of data needed to be stored but still keep the necessary
information (Alberdi et al. 2016; Chen et al. 2017; Wang et al. 2013). Researchers
can apply feature selection methods to reduce the complexity of approaches,
choosing the optimal subset of features from the whole collection of features.
There are several approaches for feature selection, such as filter, wrapper and
embedded. Filter methods use statistics to rank the best features for classification
(Tang et al. 2014). The filter methods are also simple and low-cost, but these
ignore the correlation between features and labels. The wrapper methods used
classification algorithms’ accuracy or error rate to evaluate the performance of

features (Tang et al. 2014). With this unique characteristic, the performance of
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wrapper methods will be much better than filter methods. However, wrapper
approaches also are expensive to run. The embedded approach is a combination
of filter and wrapper methods. It first uses statistical criteria to select several best
subsets of features and then applies classification accuracy to select the best subset
(Tang et al. 2014). The embedded ones have better performance accuracy than
the filter and run faster than the wrapper. Examples of filter methods are Mutual
Information (MI), Linear Discriminant Analysis (LDA) and Pearson correlation.
Sequential Forward Search (SFS) and Sequential Backward Search (SBS) are
examples of wrapper methods. L1 regularisation and Random Forest are examples

of embedded methods.

2.2.3 Labelled data

One of the most critical data collection concerns is how to accurately label the
data. To be labelled, the data must follow strict pre-defined regulations in the
laboratory environment. Still, this process becomes more arduous in a real-world
environment since it requires additional human resources. There are two main
approaches to labelling the data: using self-reports or questions and using mobile
applications to collect user stress conditions (Can et al. 2019a). This thesis used
three benchmark datasets and all used the self-reports or questions to label the
data.

2.2.4 Types of devices and battery life

One factor relating to the quality of stress datasets is the set of features of the
measurement devices. Many devices are stationary laboratory ones that are not
easy to deploy on a real-world experiment to collect data (Konstantinou et al.
2020). Some are obtrusive, requiring to attach to the human body and making
stress detection experiments more artificial and also can change the stress states
of participants (Gaskin et al. 2017).

Devices used for stress detection processes should be unobtrusive and non-
invasive. Non-invasive devices are accessories that do not break the skin or
physically enter the body. Unobtrusive and non-invasive devices can support col-
lecting physiological data seamlessly and pervasively without interaction between
participants and the system (Postolache et al. 2010; Zhang et al. 2014). These
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devices can be accessories, stick-on electronic tattoos, or attachments to clothes or
daily living environment (Zhang et al. 2014). With the fast development of mobile
phones and smartwatches, wearable devices have revolutionised data collection in

an unobtrusive and non-invasive way (Cosoli et al. 2023; Kazanskiy et al. 2024).

2.3 Simulated events to cause stress

Researchers proposed simulated events, tasks or tests to create stressful con-
ditions. Artificial stressors include performing arithmetic or calculation tasks,
memory tasks, logical tasks, public speaking, car-driving simulations, games or
viewing unpleasant images (Alberdi et al. 2016). The most common tests from
the literature are the Trier Social Stress Test (T'SST), Montreal Imaging Stress
Task (MIST), Stroop color-word inference test (SCWT), Sing-a-Song Stress Test
(SSST), Cold pressor test and International Affective Picture System (IAPS)
(Brouwer and Hogervorst 2014; Can et al. 2019a; Dedovic et al. 2005; Kirschbaum
et al. 1993; Lowery et al. 2003; Stroop 1935).

The Trier Social Stress Test (TSST) contains three steps totalling 15 minutes
(Kirschbaum et al. 1993). The TSST environment is a room with three judges
and one participant, a video camera and a tape recorder. Researchers collect
participants’ blood, saliva, and heart rate data during the test. In the first step,
the participant prepares a talk for a job interview in 10 minutes. The participants
must convince the judges that he or she is suitable for this position by using the
talk. In the second step, participants present the speech to three judges. The
judges ask the participants to continue if the talk length is less than 5 minutes. In
the last step, the participants must repeatedly subtract 13 starting from 1,022 as
quickly and accurately as possible. If the participant makes a mistake, then he or
she will have to start from the beginning. At the end of the test, an investigator
explains the test’s purpose to the participant. After that, the participant will rest
from 30 to 70 minutes (Kirschbaum et al. 1993).

The Montreal Imaging Stress Talk contains three steps: rest, control and
experimental (Dedovic et al. 2005). The test environment has a computer screen.
In the rest step, the participant only looks at the screen. In the control step,
the participant sees arithmetic questions via the computer screen and submits
answers. No information about the time limit, progress bar or user’s performance is

displayed on the screen. In the experimental step, the complexity of the questions
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increases, and the time for finishing the task decreases. Stress will happen because
of the user’s performance, the time limit is shown on the computer screen, and
the reduction of the time limit and increase of complexity of questions (Dedovic
et al. 2005).

The Stroop colour-word inference test was developed by Stroop (1935), in
which participants need to read three lists that contain the name of colours; the
two first lists are ‘congruent’, and the last one is ‘incongruent’ (Scarpina and
Tagini 2017; Stroop 1935). The first list contains the names of colours in black ink
(Word - W), and the second has colourful squares (Colour - C). The last table is
‘incongruent’ because colour-words (CW) are in clashing colours (for example, the
word ‘blue’ is in red ink) (Scarpina and Tagini 2017; Stroop 1935).

Participants can see regular messages on a screen for one minute in the Sing-
a-Song Stress Test. Finally, the screen displays the name of a song, and then
participants need to sing the song aloud. Participants need to stand up during the
experiment. Brouwer and Hogervorst (2014) stated this is a simple and easy way
to cause stress, and they recognised that heart rate and GSR are higher during
singing time than during watching time (Brouwer and Hogervorst 2014).

The cold pressor test induces stress by demanding participants place their
hands in cool water for one minute (Lowery et al. 2003). The test also collects
heart rate and blood pressure. They can put their hand out of the water if it feels
too painful. The International Affective Picture System contains a wide range of
images from normal ones (for example, a house) to ones that can cause unpleasant
feelings (Can et al. 2019a).

These stress induction tests were often employed during stress detection
experiments. These can be the standard to simulate stress for future research.
This thesis used three benchmark datasets; one used the Trier Social Stress Test to
create stressful conditions. The other two datasets created stressful environments
using actual stressful events (one dataset has driving events, and another has

working events).

2.4 Benchmark data sets

There are several standard benchmark datasets for stress detection described in
the literature. Stress detection datasets can be categorised by environments such as

the laboratory, strictly controlled environments, less controlled environments and
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everyday life. In the laboratory, the whole environment is controlled. Automobile
and office are strictly controlled environments where the camera and sensors
observe all actions and changes in physiological characteristics. Movement is
limited in these environment. The university is an example of an environment
with less control since activities are mostly only viewed in the classroom, hall, or
particular university locations. The last type of environment is everyday life.

Three benchmark datasets, namely Wearable Stress and Affect Detection
(WESAD), Smart Reasoning for Well-being at Home and at Work Knowledge
Work (SWELL-KW), and A Database for Emotion Analysis using Physiological
Signals (DEAP) are laboratory datasets. The Wearable Stress and Affect Detection
(WESAD) data was introduced by Schmidt et al. (2018b). The Smart Reasoning
for Well-being at Home and at Work Knowledge Work (SWELL-KW) dataset
was created to understand stress in a working environment (Koldijk et al. 2014).
The DEAP database measured stress conditions when participants listen to music
videos (Koelstra et al. 2011). Driver Stress Data and Affective Road Data were
built in a strictly controlled environment (automobile). The Driver Stress Data and
AffectiveRoad were introduced in 2000 and 2018 (Haouij 2018; Healey 2000). In
these real driving environments, the driving roads of participants were fixed before
experiments, and drivers were observed by observers or through recorded videos.
StudentLife and SNAPSHOT are datasets from the less controlled environment
(university) (Sano et al. 2018; Wang et al. 2014).

The laboratory is the most common environment to set up stress data. WE-
SAD, SWELL-KW, and DEAP are examples of benchmark datasets set up in the
laboratory. WESAD contains data from 15 participants in the laboratory envi-
ronment. All participants were graduate students at the same faculty. They were
not pregnant and did not smoke heavily. None of these students had any mental
issues or cardiovascular problems. Their ages were 27.5 £ 2.4 years old. There
were twelve male participants and three female participants. The physiological
data included GSR, BVP, ECG, EMG, respiration data, skin temperature, and a
3-axis accelerometer (Schmidt et al. 2018b). The stress condition was simulated
using Trier Social Stress Test, and emotional data was captured using Positive
and Negative Affect Schedule, State-Trait Anxiety Inventory, and Short Stress
State Questionnaire.

The experiment of SWELL-KW dataset contains two stressors: time to finish
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the deadline and disturbance from unrelated emails. Workers must work under
normal conditions and two stressors to gain data. That dataset contains informa-
tion on computer interactions (with keyboard, mouse and applications), facial
expressions, body stands and physical features (heart rate, EDA) (Koldijk et al.
2014). The affective data was gathered using the NASA Task Load Index, Rating
Scale Mental Effort, Self Assessment Manikin Scale and the author’s self-defined
scale log to represent stress levels.

The DEAP database collected EEG, EDA, BVP, respiration data, and skin
temperature of 32 participants when they watched 40-minute music videos (Koel-
stra et al. 2011). Self-assessment manikins were used as an indicator of ground
truth.

Driving is also an exciting environment for researchers to set up datasets. The
Driver Stress Data dataset gathered GSR, ECG, respiration data, and EMG data
for 9 drivers (Healey 2000). The drivers joined a real driving experiment when
they faced several specific conditions of the roads which associated with several
emotional states.

Another real driving dataset is AffectiveRoad. The state of the environment,
the car’s speed, and physiological data (EDA, HR delivered from BVP, skin
temperature) were collected (Haouij 2018). Both datasets categorised parking,
driving on the freeway, and driving in the city as no stress, moderate stress, and
immense stress, respectively (Haouij 2018; Healey 2000).

StudentLife and SNAPSHOT were collected from everyday life environments.
The Student Life is the dataset collected from 48 students from Dartmouth College
during ten weeks (Wang et al. 2014). Among 48 students were 30 undergraduate
students and 18 graduate students; 38 were males, 10 were females, 23 were
Caucasians, 23 were Asians, and 2 were African Americans (Wang et al. 2014).
The researchers gathered activity data (stationary, walking, running, driving,
cycling), conversation data (the amount and duration of conversations), sleep data
(time go to bed and get up, duration of sleep) and location data (where did the
students stay and for how long). They also collected emotional data using mobile
EMA and surveys from SurveyMonkey’s website. The emotional data include
depression, stress, loneliness, and flourishing status (Wang et al. 2014).

Another real-life data set is SNAPSHOT which collected skin conductance,

acceleration data, and skin temperature from 66 undergraduate students (Sano
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et al. 2018). Among these students, 47 were males and 19 were females. Their
ages were 20.1 + 1.5 years. They also added personality types, phone usage data,
and sleep data. The participant needed to fill out questionnaires and write diary
entries to recognise emotional level (Sano et al. 2018).

This PhD thesis used the Driver Stress Data, WESAD and SWELL-KW as
benchmark datasets. The Driver Stress Data is one of the first stress detection
datasets with physiological data. That dataset is small, so it is suitable for testing
the developed algorithms of this thesis and avoiding huge computational expenses.
The WESAD and SWELL-KW as benchmark datasets are newer with significant

amounts of timestamps that can be used to validate the algorithms.

2.5 Simple classification methods for classifying
stress from physiological datasets

Scientists use several ways to analyse the stress detection data sets. They can
apply statistical approaches, for example, statistical tests to identify significant
or maybe potentially meaningful correlations between physiological features and
the ground truth of stress or machine learning classification methods to detect
stress. The three most common machine learning methods used for stress detection
described in the literature are Support Vector Machine (SVM), Random Forest
and k nearest neighbors (kNN).

The first practical and realisable approach to detect stress was proposed by
Healey and Picard (2005). They suggest an approach to recognise the stress status
in a driving environment and collect ECG, EMG, GSR and respiration data from
24 drivers with at least fifty-minute duration per driver. Before that early research
on stress detection using wearable devices and stress detection processes were
complicated since they required special and expensive tools. These tools had the
potential to distract drivers. There were three levels of stress defined in that
experiment: high level when drivers go to a city, medium level when they drive
along a highway and low level when they rest. Twenty-two features were calculated
using a five-minute interval. A five-minute interval was applied because this is
the standard to measure HRV with the spectrogram (Healey and Picard 2005).
They applied both machine learning and statistical methods and presented two

conclusions: that they can recognise the three-class stress level with an accuracy
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of 97% and that skin conductivity, and heart rate features that have the highest
correlation with driving stress (Healey and Picard 2005). Since then, many further
attempts to detect stress have been carried out.

That initial research still has limitations regarding the selected classification
algorithm and calculated correlation process. Two experiments were deployed in
that research; the first tries to spot stress using Linear Discriminant Analysis
(LDA) and the second tries to find how well attributes reflect stress. Choosing
LDA for the classification task may not be a strong point of that research,
even though the research reached an accuracy of 97%. LDA performs well when
the decision boundaries are linear, but when the data has nonlinear decision
boundaries, kNN may perform better (James et al. 2013). LDA also does not
perform well on an unbalanced dataset (Xing et al. 2019). However, natural-world
and medical datasets such as stress datasets have unbalanced characteristics and
nonlinear decision boundaries (Abdulsadig and Rodriguez-Villegas 2024; Haidri
2023). Models trained by LDA may overfit and not be practical in a real-world
scenario (Liu and Gillies 2016).

The method the authors applied to detect the relationship between stress and
physiological traits also has limitations. That experiment used a stress metric
with data deduced from a recorded video. That stress metric was measured every
second using a rule defined by Healey and Picard (2005). For example, if the
driver showed no stress signal, then the value of the stress metric at this second
was 0; if the driver drove straight and only turned around, then this value became
1, and if the driver turned the steering wheel, adjusted their gaze and turned
his/her body then the value was 3. The authors built a correlation coefficient
to show the relationship between physiological features and the stress index.
However, that approach has two limitations. The first is that many things may
affect humans’ reactions when driving on open roads, and then that stress metric
does not perfectly reflect stress level. The second is about synchronisation; the
stress metric was measured every second while skin conductivity and EMG were
measured every 1.4 seconds and 30 million seconds (Healey and Picard 2005).
Without the synchronised process before the calculated process of correlation,

then a time difference issue will happen.

2.5.1 Statistical approaches

Wang et al. (2014) and Sano et al. (2018) applied statistical approaches to find
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relationships between some features of stress data with stress. Using the Pearson
correlation and Student Life dataset, Wang et al. (2014) declared that students
with more conversation in the afternoon have less stress than other students. In
a similar approach, Sano et al. (2018) found that EDA and skin temperature
correlate with the value of some stress-indicated surveys. That approach provides
excellent insight into detecting relationships between stress and features. However,

these two pieces of researches are not comprehensive stress detection researches.

2.5.2 Hidden Markov Model

Vildjiounaite et al. (2018) made a stress detection model using the Hidden Markov
Model in two experiments for 28 people over a few days for each person and two
people over 200 days. Among 28 people, there were 4 males and 24 females. Their
ages ranged from 20 to 47 years old. None of them have any mental issues or
serious diseases. Collected data is the type of mobile phone applications users
interact with and the duration of the interactions. The authors used a time-window
technique on the data and applied a Hidden Markov Model to classify the windows
into output types. In this unsupervised model, observations are inferred features
from time window data, and hidden states are the model’s output classes. That
model’s accuracy was not very high (just 59% and 70% for the first and second
experiments, respectively). Still, that research had a special advantage because the
data did not need to be labelled. This advantage can contribute more to handling
labelling data when the collected data is massive. However, that research had
a considerable disadvantage: since mobile phone usage data was used, no stress

data was collected when people did not use the phone.

2.5.3 Logistic regression

Logistic regression is a straightforward machine learning algorithm, but it is
still useful for detecting stress in some cases. Zubair et al. (2015) produced IoT
wearable devices that record EDA from 12 participants aged 23 to 56. They also
used an accelerometer to recognise movements and improve the quality of the
stress detection process; they utilised logistic regression to predict stress to get an
accuracy of 91.66% (Zubair et al. 2015).
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That approach’s limitation is that logistic regression only works well when
there is a linear separation between groups of classification labels (James et al.
2013). A high accuracy classification value did not mean this was a good approach
since the authors did not provide detailed information on wearable devices and
the data-collecting process. Furthermore, they did not describe how long they had

collected data from people or if there had been any pre-processing process.

2.5.4 Bayesian network

Hong et al. (2012) collected EDA, respiratory data, skin temperature, and ac-
celerometer data from 12 people. They developed methods to detect stress for three
physical activities: sitting, walking, and cycling. With Bayesian network, they
achieved an accuracy of 82%. The authors also declared that their Bayesian net-
work is a simple approach, and they need to deploy more complicated algorithms

such as SVM to make their research more practical (Hong et al. 2012).

2.5.5 Fuzzy logic

Sierra et al. (2011) collected only two physiological features, EDA and HR, of
80 females. They collected features for two scenarios, which are 3-5 minutes
duration and 10 minutes duration, applied fuzzy logic and achieved the accuracy
of 95% and 99.5% respectively (Sierra et al. 2011). The authors declared using
hyperventilation and talk preparation to provoke stress. There is no clear evidence
that these two methods can effectively induce stress. The authors also confirmed

that their method may be applicable in some specific scenarios.

2.5.6 K nearest neighbors

Wang et al. (2013) used a database from an experiment by Healey and Picard
(2005). They gathered HRV and then applied trend-based and parameter-based
mechanisms. Features were inferred from long HRV and 5-minute HRV in these two
methods, respectively (Wang et al. 2013). In that approach, the feature selection
method was kernel-based class separability (KBCS), and the feature reduction
methods were principal component analysis (PCA) and linear discriminant analysis
(LDA) (Wang et al. 2013). They applied k nearest neighbors (kNN) for their

approach and reached an accuracy of 97%. In a real-life experiment on stress,
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there may be more data that can be labelled as no stress than data that can be
labelled as stress. In this case of the unbalanced dataset, kNN may not perform
well (Garcia et al. 2008). The high accuracy in that experiment may not happen
again in other experiments, and kNN may not be the most suitable stress detection

algorithm.

2.5.7 Random Forest

Gjoreski et al. (2016) used an accelerometer to detect participants’ movement type
to classify stress or physiological reactions caused by movement. They used a device
that gathers BVP, EDA, HR information, RR intervals, skin temperature, and
acceleration data and calculated 63 features from these data (Gjoreski et al. 2016).
They deployed stress detection tests with Random Forest in the laboratory and
real-life environments. They labelled the stress using STAI in the first environment
and EMA combined with mobile phones in the second environment (Gjoreski
et al. 2016). In the laboratory, two class classifications (no stress and stress) and
three class classifications (no stress, moderate stress and immense stress) were
performed with accuracies of 83% and 72%, respectively.

Gjoreski et al. (2016) set up an accelerometer to detect the type of movement
to perceive physiological measurements change because of physical activities or
stress, and this unique feature provides context to the approach. This context
information differentiated between changes in physiological features caused by
stress or other factors such as eating, exercise, and hot weather (Gjoreski et al.
2016). Contextual information was an exciting point of that research since it made
it more practical to real life. Contextual information has the potential to boost
the accuracy of the approach. In a real-life environment, they gained accuracies
of 76% and 92% for the no context and context cases, respectively (Gjoreski
et al. 2016). That Random Forest approach achieved quite good performance.
However, Random Forest’s approaches must also be carefully considered since the
running time is high, sometimes making the approaches impractical for real-time

classification.
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2.5.8 Support Vector Machine

Support Vector Machine (SVM) is one of the most common algorithms for detecting
stress. The accuracy of this approach sometimes reaches a very high value. In
research of Castaldo et al. (2017), authors collected only HRV from 42 students
from University Frederico II on two days. The first day is verbal exam day, which
is a stressful day, and the second day is a rest day. They investigated the stress
detection ability of HRV features shorter than 5 minutes; they experimented with
SVM to see stress and achieved the highest accuracy of 64%. They concluded that
the short version of HRV (less than 5 minutes as reported in the research) could
still investigate stress in real life experiments, however the accuracy is not high.

Hernandez et al. (2011) showed a solution that uses skin conductance and
SVM to detect the stress condition of nine call centre employees in one week;
during that time, the employees answered 1500 calls. The authors achieved an
accuracy of 78%. Hovsepian et al. (2015) suggested a model named cStress, which
uses ECG and respiration data combined with SVM to detect stress. Training data
was collected from 21 people, and testing data was collected from 26 people in the
laboratory and 20 in a week-long field study. They applied a 1-minute window of
ECG and respiration data. This short time frame and the accelerometer recognises
no physical activity. This can be used as input of their approach (Hovsepian
et al. 2015). In the laboratory, they achieved a recall of 89%, and in a field study,
they achieved an accuracy of 72% (Hovsepian et al. 2015). In an experiment, five
students’ PPG and EDA were collected, then joined a TSST test to cause stress
(Sandulescu et al. 2015). SVM was applied to predict stress, and their accuracy
for five students ranged from 73.26% to 83.05% (Sandulescu et al. 2015).

Stress during driving is one of the topics that has gained much attention from
researchers. In this subfield, SVM achieves huge success with really high-accuracy
implementations. Lee et al. (2016) made wearable gloves to collect PPG and a few
other sensors, such as an accelerometer, gyroscope, and magnetometer. They set
up a driving environment in their laboratory to collect data from 28 people. The
driving environment contains several sessions with three landmarks: city, highway,
urban areas and weather conditions like rainy, cloudy and sunny. A driving
behaviour survey was used for each participant before and after driving sessions
to gather stress information. They recognised stress with SVM and obtained an
accuracy of 95%. With the driving data set of Healey and Picard (2005) which
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contains ECG, EDA and respiration data, Chen et al. (2017) applied PCA to
extract features and Sparse Bayesian Learning to select the best combination of
features. They used SVM and got the most successful result with an accuracy of
99%.

SVM consistently underperforms when the data is noisy (Ray 2019), and
the researcher needs to consider this case. Experiments of the three research
of Castaldo et al. (2017), Hernandez et al. (2011) and Hovsepian et al. (2015)
were deployed in a real-life environment where many factors can easily interrupt
physiological data. In an experiment of Castaldo et al. (2017), data was collected
from students, and even in one phase, it was collected during a verbal exam.
Hernandez et al. (2011) collected data during working hours, and Hovsepian
et al. (2015) gained data from 7 days of people in their natural field environment.
Data from their three environments can easily be noisy. So this may be the
main reason for the reduced accuracy of the three SVM'’s research of Castaldo
et al. (2017), Hernandez et al. (2011) and Hovsepian et al. (2015). Meanwhile,
the last two research studies of Lee et al. (2016) and Healey and Picard (2005)
were deployed in the laboratory and a controlled driving environment, improving

accuracy significantly.

2.5.9 Multiple approaches

When researchers build stress detection systems, they do not know the best
algorithms to apply. The solution to this practical issue is to deploy several
algorithms and choose the one with the highest classification results.

Muaremi et al. (2014) used physical and physiological features during sleeping
time to estimate the stress levels of 10 participants. There are three stress levels in
this experiment which are low, moderate and high. The physical features are the
number of times a participant is awake, the number of times a participant changes
sleep positions, upper body activity level, arm activity level and sleep duration
(Muaremi et al. 2014). The physiological features are ECG, respiration data, HRV,
body temperature, and EDA. All participants undertook Hajj pilgrimage; 7 were
males, and 3 were females. Their average age was 41. The authors applied logistic
regression, SVM, kNN, Random Forest, and neural networks to classify data and
recognised that SVM has the highest accuracy of 71% (Muaremi et al. 2014).

That research presents an exciting topic of detecting stress using nightly sleep
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patterns. This topic can improve the quality of health care. However, there are
some limitations to that research. The authors collected whole-night data and
considered it as sleeping data, but people are sometimes awake at night. So, in
this case, collected night data does not always mean providing sleep patterns to
detect stress. The values of physiological features of waking time and sleeping time
are different, which may affect the research results. Besides that, the experiment
is only for a small number of participants, and they are all participants who
undertook Hajj pilgrimage. If the authors want to make it more complete, they
need to increase the number and diversity of the participant population.

Sierra et al. (2010) presents a scheme to recognise stress using heart rate data
and GSR. The scheme contains four stages: relaxation, hyperventilation, speech,
and relaxation. They defined two new parameters to determine the stress detection
process: true stress detection rate and true non-detection stress (Sierra et al.
2010). These two parameters demonstrated an accuracy of correctly recognising
stress and non-stress conditions. In their approach, the results of two machine
learning mechanisms, kNN and Fisher discriminant analysis using two assessment
parameters, were compared (Sierra et al. 2010). That approach also considered
having higher numbers of participants (80) to be tested than other systems. The
authors also confirmed that the effectiveness of their two new parameters needs
to be validated using public datasets.

Ramos et al. (2014) extended their previous research in 2012 to detect stress
(Hong et al. 2012; Ramos et al. 2014). Researchers gathered the HR, skin temper-
ature, breathing rate, acceleration, and GSR of 20 participants over 160 hours.
There were 10 male and 10 female participants, ages 18 to 38. Among them, 10 were
Caucasians, 7 were Asians, 2 were African Americans and 1 was White/Hispanic.
Their height ranged from 5’4" to 6’3", their weight ranged from 90 to 175 pounds,
and their body mass index ranged from 16 to 25. None of the participants had
any issues with cerebrovascular, cardiac or pulmonary arrest (Ramos et al. 2014).
They presented a clustering and classification system that effectively detects stress
and does not require expensive tools in real-life conditions. In the first process,
participants joined a data recording process when they faced some stressors and
joined some physical activities. The stressors included random noises, cold wa-
ter, and mathematical tests. In the second step, logistic regression and Naive

Bayes were used to classify stress (Ramos et al. 2014). The authors stated that
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a combination of activity recognition and stress recognition is a good approach
to stress detection. They declared that labelling the activities using supervised
learning methods is unsuitable for real-world environments, and they trained an
unsupervised learning algorithm to differentiate between high-level and low-level
activities. The accuracy of that method is 65%, but it can be practical in daily
life environments.

Plarre et al. (2011) built a two-stage stress-detection process. In the first
stage, they collected ECG and respiration data from 21 people, simulated stress-
ful conditions using public speaking, testing arithmetic and cold pressure, and
gathered data from five questions to label the stress data (Plarre et al. 2011).
SVM, J48 decision tree and J48 with Adaboost were applied to detect stress, and
the accuracy was 89.17%, 87.67% and 90.17% respectively (Plarre et al. 2011).
The authors also stated that the normalised data would improve the quality of
classification approaches. In the second stage, they used the Hidden Markov Model
to observe the output of the first step and predict the probability of stress at
particular moments (Plarre et al. 2011).

In recent research, Can et al. (2019b) collected heart signal, EDA and accelerom-
eter signals from 21 people using smartwatches under normal daily conditions.
Among 21 participants, 18 were males and 3 were males aged around 20. All
participants need to join a nine-day algorithmic programming contest camp. Each
day, the participants needed to join a lecturer and then take a problem-solving
test. On the ninth day of the contest, participants needed to join a contest, and
they solved challenging questions in a limited time. The score of the participants
was also displayed on the screen so that it would cause more stress for the partic-
ipants. NASA-TLX questionnaires of all participants were collected in all tests
and contests to measure their stress levels. The authors designed suitable removal
artifacts and feature selection for real-life and continuous conditions. Can et al.
(2019b) applied many standard classification methods in the literature (PCA and
LDA, PCA and SVM, kNN, Logistic Regression, Random Forest, and Multilayer
Perception) to the dataset. They gained the highest accuracy of 97.92% with
Random Forest.

Tiwari et al. (2023) used feature selection methods such as ANOVA F-test,
Mutual Information (MI), Recursive Feature Elimination (REF), and Correlation

coefficient. They tested many machine learning models with feature collections
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to detect stress. The machine learning models were K-Nearest Neighbour, Linear
Discriminant Analysis, Random Forest, Logistic Regression, Gradient Boosting,
and Support Vector Machine. They declared that Random Forest was the best
classifier due to the model’s performance. If the authors can provide the running
time, especially of the feature selection process, then the research can be much
more convincing. Feature selection is time-consuming and can significantly affect
the model’s effectiveness.

The two pieces of research of Plarre et al. (2011) and Can et al. (2019b)
already provided practical stress detection solutions in daily life environments
using non-invasive and unobtrusive wearable devices combined with complete
data pre-processing progress. These devices can be easily worn in daily life
environments. Plarre et al. (2011) used AutoSense wearable suite with six sensors
that can continuously transfer data via a wireless internet connection for 72 hours.
In the case of the experiment of Can et al. (2019b), they used smart wrist-worn
wearables. Two researches also have detailed pre-processing processes. Plarre
et al. (2011) concentrated on normalizing the data. Meanwhile, Can et al. (2019b)
investigated removing artifacts and noise caused by hot weather or physical
activities. Abnormal values of hot weather or physical activities can greatly affect
recorded values of electrodermal activity and, as a result, can change the accuracy
of the stress detection process (Can et al. 2019b).

2.6 New methods to analyse physiological
features

With the rapid development of mobile devices, researchers can collect more
ground truth data on stress via ecological momentary assessment (EMA) (Wang
et al. 2014). With more labelled data collected, more advanced machine learning
approaches such as Convolutional Neural Networks (CNN), Recurrent Neural
Networks (RNN) and Long Short-Term Memory (LSTM) can be used to detect
stress. These deep learning approaches can turn massive amounts of data into
insights (Waring et al. 2020).

According to Woodward et al. (2020), advanced machine learning approaches
can help recognise intricate patterns in the data, a revolution in affective comput-

ing and stress recognition. Feature extraction and dimension reduction are always
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essential to improving machine learning methods. With traditional machine learn-
ing approaches, feature extraction and dimension reduction are computationally
expensive (Bota et al. 2019; Zhang et al. 2020a). The deep learning methods also
have an excellent ability to learn hierarchical feature representations that can
decrease the computational expense of the feature extractions and dimension re-
duction compared with standard machine learning methods, especially in emotion
recognition (Bota et al. 2019; Zhang et al. 2020a).

2.6.1 Deep learning

Several deep learning approaches to recognise stress and emotion, such as deep
belief network (DBN), Convolutional Neural Networks (CNN) and Long short-term
memory (LSTM), are in the literature.

A deep belief network is a generative deep learning model that consists of
several Restricted Boltzmann Machines. Hassan et al. (2019) used an unsupervised
deep belief network (DBN) and Fine Gaussian Support Vector Machine (FGSVM)
to detect emotion levels and get an accuracy of 89.53%. The DBN produced
deep-level features from EDA, PPG and Zygomaticus Electromyography (zEMG)
sensors (Hassan et al. 2019). Then inferred features from EDA, PPG and zEMG
were united with these deep-level features to build a feature fusion vector as
the input to FGSVM to recognise emotion (Hassan et al. 2019). They used the
DEAP dataset to test their model. The authors showed that their SVM combined
with generated features performed better than the standard SVM or Naive Bayes
approaches (Hassan et al. 2019). This method has the advantage of applying
a generative model to create more features. In the case of stress and emotion
detection, this advantage becomes more important. Generative deep learning
models can generate more extensive data sets with various features from the
original small benchmark datasets with few physiological features. However, the
authors did not present why they chose the Gaussian kernel for their approach.

Convolutional Neural Networks is a deep neural network with many successes
in computer vision and was recently introduced in stress and emotion recognition.
Song et al. (2018) used a combination of CNN and spectral theory called graph
convolutional network. They considered EEG channels as nodes and connections
between these EEG channels as edges of the graph (Song et al. 2018). They showed
that the methods perform better than many other machine learning algorithms,

such as SVM and deep belief networks and their method’s accuracy was 90.4%.
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The authors deployed their experiment on SEED and DREAMER datasets,
customarily utilising EEG for emotion recognition. Using Graph Convolutional
Neural Networks (GCNN) can also show which EEG channels can contribute the
most to the recognition process (Song et al. 2018). However, these two datasets
only have minimal features. According to the authors, the range of EEG of two
datasets is still tiny, so the deep learning algorithm is less effective.

Granados et al. (2018) applied a deep convolutional neural network in their
research. That network is a specialised design of Pyakillya et al. (2017) and can
gather data from physiological measurements. The authors used a fully connected
neural network to detect mood from ECG and GSR signals. The authors apply
the Pan—Tompkins algorithm from the ECG to detect QRS complexes. Then,
from inter-beat intervals, statistical features were calculated and used as input
for the deep convolutional network. The authors made several comparisons to
show the effectiveness of their model. Nevertheless, there are currently some
limitations to that deep model. Their first comparison is not persuasive since they
only compared their model with classical classification models such as Random
Forest, Ada Boost and linear discriminant analysis (LDA) and with just one
multilayer perceptron, which is not described in detail. In another comparison,
the authors demonstrated that their model achieved better accuracy than other
deep learning models; however, these models were deployed on different datasets.
This model of Granados et al. (2018) was based on a CNN model of Pyakillya
et al. (2017) without any modification. However, even the authors of the original
CNN model are still concerned that their design is incomplete. Pyakillya et al.
(2017) thought that their model would be much better if they used LSTM or RNN
instead of CNN, since their model works with time series data. The authors also
thought generating more GAN data could help their model perform better. The
basic model of Pyakillya et al. (2017) only achieved the best accuracy of 86%,
and this led to low accuracy of the extended model of Granados et al. (2018).
The model of Granados et al. (2018) only has accuracy for detecting arousal
and valence at just 76% and 75%, respectively. Huynh et al. (2021), Alshamrani
(2021), and Gupta et al. (2021) classified stress from the WESAD dataset using
CNN models. They all gained promising results. The research of Huynh et al.
(2021) utilised a 60-second time window with a dataset frequency of 700Hz. Thus,

each time window can contain many timestamps associated with physiological
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states. In the WESAD dataset, each timestamp also has a value for one type of
emotional state. So if the window was large, there were many types of emotional
and physiological states within it. This can make it very hard to capture the
pattern of what physiological states cause a specific emotional state. And as a
result, it can reduce the model’s performance. Alshamrani (2021) and Gupta et al.
(2021) did not provide clear descriptions of the CNN models they used.

Li and Liu (2020) trained a 1-dimensional CNN and a deep neural network to
detect emotion levels. The authors used two datasets collected from 15 participants
using chest-worn and wrist-worn devices. The chest-worn sensors gathered ECG,
GSR, EMG, skin temperature, respiratory rate and data from the 3-D axis
accelerometer; meanwhile, wrist-worn data sensors collected BVP, GSR, skin
temperature and data from the 3-D axis accelerometer. They applied the 1-
dimensional CNN model with the first dataset and the deep neural network with
the second one. The authors demonstrated that their deep learning approaches
could overcome the disadvantage of needing handcrafted features of traditional
machine learning methods. They showed that both 1-dimensional CNN and the
deep neural network perform better than traditional machine learning methods
(LDA, AdaBoost, Random Forest) in both datasets. 1-dimensional Convolutional
Neural Networks and the deep neural network attained an accuracy of 99.80% and
99.65% when detecting stress; meanwhile, the two best performances of traditional
machine learning models were only 93.12% and 88.33% (LDA and Random Forest),
respectively (Li and Liu 2020). They also confirmed that the 1-dimensional CNN
performed better than the deep neural network. However, in their experiment, the
1-dimensional CNN handles more intensive chest-worn sensor input data than the
deep neural network’s wrist-worn data. The chest-worn sensors also gather data at
a much higher frequency, and as a result, the data is higher quality. According to
the authors, the limitation of that research is the lack of data. Lisowska et al. (2021)
also applied a 1-dimensional CNN to detect stress from the WESAD dataset. The
model’s performance was not very impressive. The author used raw physiological
features rather than handcrafted features. The raw physiological data typically
contain substantial noise and provide little information for use as handcrafted
features in a classification model. They also utilised a relatively large time window
(60 seconds) with a high-frequency dataset (700 Hz). This leads to fewer samples

being used for training and to a high computational cost. This also led to cases
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in which the model did not capture the short-term pattern of physiological data.
For stress detection, physiological features can change rapidly, and if the model
cannot capture these rapid changes, it cannot be a good classification model. The
raw data and the large time window may be the reason for this model’s not high
performance.

Some authors used hybrid models for stress and emotion recognition. The
best combination is CNN and LSTM, which achieved a very high result and was
confirmed by both Kanjo et al. (2019) and Rastgoo et al. (2019) to have great
potential in handling physiological features. However, the combination of LSTM
and the linear model of Xing et al. (2019) can not get good performance.

Kanjo et al. (2019) applied a hybrid approach that combined LSTM and CNN
to process the EnvBodySens dataset, which is a dataset with heart rate, EDA,
body temperature, movement, and other location data such as noise level, UV
level and air pressure. Data were collected from 40 female participants (average
age of 28) who walked for less than 45 minutes in almost the same conditions (11
am and 20 °C). The authors confirmed that deep learning is more effective in stress
and emotion recognition than common machine learning approaches, and the
combination of CNN and LSTM performed better than CNN. The authors stated
that the prediction accuracy of the hybrid approach is high, with an average value
of 94.7%. Meanwhile, the accuracy of CNN and typical neural network were 78.6%
and 72.9% respectively (Kanjo et al. 2019). However, the dataset for that research
is small, according to the authors (Kanjo et al. 2019). Large-scale research with a
more comprehensive dataset is necessary to confirm the research results.

Rastgoo et al. (2019) set up the same hybrid approach on their own driving
dataset and achieved an average accuracy of 92.8%. Xing et al. (2019) suggested
a system of emotional recognition using Stack Auto Encoder (SAE) and LSTM.
The SAE is a linear mixing model for gathering EEG signals from the EEG
source (DEAP dataset in that experiment). They also used hybrid LSTM-RNN
to forecast emotion mode. They achieved a precision of 81.10% and 74.38% for
valence and arousal, respectively (Xing et al. 2019). Both the research of Rastgoo
et al. (2019) and Xing et al. (2019) use only one physiological feature: ECG in
the first one and EEG in the second one. There will be many effects, such as
movements or problems of data collection devices, that will seriously affect these

two pieces of research.
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2.6.2 Stress detection using forecasting methods

Machine learning and statistics are the most common tools for predicting the
future. These techniques also can be used to classify stress. The most common
machine learning forecasting methods are RNN and LSTM. The most common
statistical ones are ARIMA and VAR. These machine learning and statistical
models are the most commonly used stress prediction models.

Auto-Regressive Integrated Moving Average (ARIMA) is an autoregression
model for predicting time series data. An autoregression model predicts the current
value using linear combinations of past values (Hyndman and Athanasopoulos
2018). The Integrated part utilized differencing to make the data stationary.
Differencing subtracts the current value from the previous observation value
(Yamak et al. 2019). The Auto Regressive part of the model is calculated by sum
of all multiplication of previous observation values of time lags with corresponding
coefficients, which are estimated by the model (see equation 2.1) (Yamak et al.
2019). Auto-regressive time series has values that only depend on the past values.
The Moving Average part is calculated by the sum of all multiplication of the
previous error of forecasted time lags with a coefficient of these lags (see equation
2.2) (Yamak et al. 2019). Moving Average time series will have value only depending
on the forecasted time lag’s error. Formulating a time series with both the Auto
Regressive part and the Moving Average part is equation 2.3. Three parameters
d,q,p of the ARIMA model represent the number of differences that need to be
applied to convert from a non-stationary to a stationary time series, the number
of lags of the Auto-Regressive formula, and number of elements in the Moving
Average window (Yamak et al. 2019).

Yi=a+BYia+ Y, o+ -+ 5,Yp+e1 (2.1)
Y;g =a+e+ (9161571 + -+ 92€t72 -+ qut,q (22)
Yi=a+B1Yia +5Yi o+ +BYp+bie1 + -+ baero +0pe—g  (2.3)

where:

Y, : is the value at time lag ¢

B; : is the coefficient of time lag ¢t — ¢

0; : is the coefficient of lagged forecast ¢t — ¢
€; : is lagged forecast error ¢

« : is the intercept term
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Like ARIMA, Vector Autoregression (VAR) is also an autoregression model.
ARIMA is a model of univariate time series, and VAR is a model of multivariate
time series (Hyndman and Athanasopoulos 2018). VAR also needs differencing
to make the data stationary. This multivariate forecasting model has only one
parameter, p (lag order); the value of p is the optimal value which can be chosen by
one of four methods: least Bayesian information criterion, Hannan-Quinn criterion
or Final Prediction Error, Akaike’s Information Criterion (Assaad and El-adaway
2021; Hyndman and Athanasopoulos 2018). Bayesian information criterion is
a commonly used method for VAR. VAR can present relationships between K
multivariate time series with p lag orders using (2.4) (Assaad and El-adaway
2021).

V=AY, 1 +AY, o+ -+ AY , te (2.4)

where:

Yi: (y1, 99, .., yk) value of K time lags with index t of K time series

A; : is the coefficient matrix

e, : 1s the error term

Recurrent Neural Networks is a neural network that can remember past data
and predict future data. Long Short-Term Memory is an RNN extension that
helps handle the vanishing gradient issue of RNN (Yamak et al. 2019). Each
LSTM’s cell has an input gate, a forget gate and an output gate, which can have
some actions with information such as forget, remember, output or pay attention
(Yamak et al. 2019). Gates update the cell states and hidden states store values
for the following step (Yamak et al. 2019).

Suhara et al. (2017) were pioneers in this research field when they tried to
use LSTM and SVM to classify the depressed mode of self-reported data from
the past few days. Researchers deployed that experiment to answer two research
questions. The first one is whether a depressed mood can be detected. The second
is how many days of the past data are required at a minimum to ensure correct
classifications. The researchers combined time-series feature values to one feature
vector so a SVM could handle the temporal data (Suhara et al. 2017). Their
experiment had data of 2,382 people for a total of 345,158 days. Suhara et al. (2017)
predicted the depressed mood using LSTM and SVM with high accuracy; their
experiment had the area under the curve of Receiver Operating Characteristic
(ROC) of 0.886 and 0.837 for LSTM and SVM, respectively (Suhara et al. 2017).
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The investigation also found that 14 days of previous data is enough to detect
depression.

That research can be an inspiration for emotion forecasting research with
massive data and detailed analysis. The most significant limitation of that research
lies in the source of data. That research utilised self-reported data, so participants
must provide their mood levels daily to predict the future. According to Suhara
et al. (2017), previous mood data is also the best feature to predict future mood
levels. This particular characteristic can cause huge drawbacks for that system. If
only one day’s data was missed, the model could not predict mood for two weeks
(Taylor et al. 2017). The model can not achieve good results even though it only
handles a simple task: past mood features to forecast future mood levels. It is
simpler than other tasks, such as using many physiological features to predict
mood levels. Self-reported data cannot be as accurate as data collected using
wearable devices since it relies on personal perspectives. So, it is critical to deploy
future stress prediction research that utilises wearable devices.

Both Taylor et al. (2017) and Yu et al. (2019) utilized Multitask Learning deep
neural networks and the SNAPSHOT dataset to forecast stress. However, the two
groups achieved limited results, with the highest accuracy being 82% and the
highest F1 score being 0.74. Taylor et al. (2017) forecasted the next day’s stress
and mood condition based on today’s data. Stress is objective and differs between
people. Taylor et al. (2017) stated that their approach can build a personalised
model for each person but still use a generalised model for many other people.
The authors used k-means clustering to group users by age and personality; the
authors considered the prediction of each group as a single task of Multitask
Learning. The method’s highest accuracy was 82%. Yu et al. (2019) also applied
to multitask learning with several deep learning models to detect mood and stress.
They also had two schemes to build tasks: either considering each participant as
a task or grouping participants by gender and personality types and considering
each group as a task. The authors declared that multitask neural network is their
best model with an F1 score of 0.71, 0.74, and 0.66 for mood, health, and stress.

There are some limitations to both pieces of research. Taylor et al. (2017)
can only predict stress for one day, and the authors did not mention whether
the accuracy could improve if more past data were used. Yu et al. (2019) can

predict emotional levels up to 7 days in the future; however, the way they consider
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predicting the stress of each participant as a task seems unrealistic when a dataset
has many participants. Both groups did not provide a detailed explanation of how
they grouped the participants. This information is essential in building a good
design of tasks for the models. Poor design when creating tasks may be the reason
for the low performance of both pieces of research.

Traditional machine learning models were also applied to forecast stress. In
an experiment, Umematsu et al. (2020) used Random Forest to predict stress
and compared results on a dataset of 201 college students and 39 workers from a
high-tech company. The authors admitted that that experiment does not generalise
to the whole population (Umematsu et al. 2020). However, Umematsu et al. (2020)
did not clearly explain why and how they use Random Forest, a classification
method, to forecast stress.

LSTM is a dominant algorithm in stress forecasting research areas since it
has been used in many research pieces. According to both experimental results of
two pieces of research Umematsu et al. (2019b) and Suhara et al. (2017), LSTM
has better prediction power than standard classification algorithms such as SVM.
These two groups modified SVM for forecasting purposes. In the research of
Acikmese and Alptekin (2019), the authors utilised LSTM, CNN, and CNN-LSTM
to predict stress in the Student Life data set. However, the best accuracy is not
high, 62.83% with the LSTM model. Umematsu et al. (2019b) collected EDA,
skin temperature and accelerometer data from 142 people with a total of 2276
days of SNAPSHOT dataset to predict the stress. The authors applied logistic
regression, SVM and LSTM for data from 7 previous days, and the time-series
analysis algorithm outperformed the first two approaches with an accuracy of
83.6% (Umematsu et al. 2019b). In another study, these researchers applied the
same methods but with only data from morning to afternoon (10 am to 5 pm). It
achieved a high accuracy result of 86% (Umematsu et al. 2019a).

In stress classification research using prediction methods, the current state-
of-the-art methods are RNN and LSTM. Currently, these classical and old deep
learning methods are not state-of-the-art time-series-analysis methods. RNN and
LSTM were introduced in 1986 and 1996. Recently, many efforts have been made
to propose new forecasting algorithms and surveys to combine statistical and
machine learning models to choose the best forecasting approach. This trend can

create new methods for stress forecasting.
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Makridakis et al. (2018b) compared eight statistical algorithms with 18 machine
learning algorithms (including LSTM and RNN) with the same benchmark dataset.
The result is that the seven methods with top performance are statistical ones. The
last statistical approach can still be ranked in the twelfth position. The current
state-of-the-art usually combines machine learning and statistical perspective.
Many researchers pointed out the limitations of all current machine learning
methods during several versions of a famous time-series analysis competition named
M. This competition’s winners and successful methods are only statistical ones or
combined machine learning techniques and statistics. Makridakis et al. (2018a)
confirmed that the combination methods outperform other types of methods
in the M4 contest, with 12 of the 17 methods with the best performance being
combined methods, and the rank of machine learning methods being low compared
to statistical and combined methods. Nevertheless, the authors also believed that
these machine learning algorithms are standard, and with modifications from
the standard ones, the performance will improve greatly. Oreshkin et al. (2019)
proposed a new model adopting backward, forward residual links associated with
a very deep neural network. They demonstrated that their method raises the

accuracy by 3% to compare with the winner of the M4 competition.

2.7 Research gaps

There is considerable research on the use of wearable devices to detect stress.
However, there are research gaps that researchers need to consider. All of the
approaches reviewed in this thesis have limitations. Some of these approaches use
machine learning classification algorithms to detect stress without a complete com-
parison with other classification methods. Some of these approaches use statistical
techniques such as ANOVA and Pearson’s correlation to assess the relationship
between features and stress. Some of these approaches use traditional machine
learning methods combined with raw physiological data or handcrafted time series
features to detect stress. Many researchers also did not utilise benchmark datasets
for their research.

Typically, authors only apply one to three classification methods to detect
stress. They declare that the methods with the highest accuracy are the best.
Nevertheless, many other classification methods, which may have greater accuracy,

have never been tested before. According to the No Free Lunch Theorem of
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Wolpert (1996), if researchers make no assumptions about the data, there is no
guarantee that a model works better than another. Researchers must apply many
techniques to choose the best methods for particular data. They also need to
provide comparisons between the methods.

Some stress detection approaches, such as Wang et al. (2014) and Sano et al.
(2018), only concentrate on the relationship between each dataset feature and
stress. The two groups of authors are concerned only with the relationship between
each dataset’s feature and stress. Statistical tests are good tools for understanding
the data. The actual purpose of these two papers is to introduce new datasets;
they do not constitute comprehensive research on stress detection.

Current research on stress mainly applies traditional machine learning methods
to classical inputs. The methods for stress detection have already been presented
in the literature review, and most are classical data-analytic approaches that
apply traditional machine learning methods. Classical machine learning methods
tend to perform better on small and medium-sized datasets. Meanwhile, for large
physiological datasets, the effectiveness of these classical models can be reduced.
Deep learning can gain better insights into data since deep learning models
have the potential to detect complex patterns from the data. Classical inputs
for stress detection methods are raw physiological data or simple handcrafted
time series features derived from the raw data. However, these standard inputs
do not provide the model with comprehensive information. The reason is that
physiological data collected with wearable devices are typically heterogeneous,
noisy, and incomplete. Raw and derived data can be noisy. Stress detection models
trained on these standard inputs can become unreliable. Novel data analytics with
strong capabilities for handling noise in physiological data can be a promising
approach to improve classical inputs.

There are also more disadvantages to all these current approaches. Many
research studies have not used any benchmark dataset, so it is challenging to
compare the results. The research results will be more convincing if authors test
their models with benchmark datasets from other research studies. However, there
are few efforts like that (Mishra et al. 2020). This PhD research will deploy novel
methods using new data analytic approaches on benchmark datasets to compare
effectiveness with traditional stress detection methods.

This PhD project will address the above research gaps. First, it will propose
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new approaches to detect stress using the outer product of physiological time
series and image-based data which is generated from physiological time series
data. This project also provides novel TDA topological data analysis and complex
networks methods to detect stress. Each method is compared with other state-
of-the-art stress detection methods and time series classification methods. So,
this project addresses the first research gap which is about lacking comparison of
stress detection methods.

This research with new data analytic approaches such as topological data anal-
ysis and complex networks has the ability to get deeper insights than traditional
machine learning methods, traditional statistical tests and out-of-date machine
learning models, even deep learning methods with raw physiological data as inputs.
So, this project addresses the second and third research gaps that are related to
the limitations of current stress detection methods. There are several reasons that
can explain this ability. Topological data analysis is a powerful tool for capturing
the shape of data. It is robust to noise, which often happens when wearable devices
collect physiological data. Complex networks have huge advantages since this
method can provide insight into real systems, such as systems with stress and
non-stress states, and can do high-level classification with data.

This research scheme also has the potential to overcome the disadvantage
of other stress detection research and the last research gap, which did not use
benchmark datasets. This project will provide comprehensive stress detection
methods since it proposes new novel stress detection algorithms with new data
format and advanced deep learning models to apply to benchmark datasets,

compared with other state-of-the-art detection methods on the same datasets.



Chapter 3

Data and methodology

This chapter introduces all three benchmark physiological time series datasets
used in this thesis: Driver Stress Data, Wearable Stress and Affect Detection
(WESAD) and Smart Reasoning for Well-being at Home and at Work Knowledge
Work (SWELL-KW). The first dataset (Driver Stress Data) is among the earliest
collected for stress detection. This dataset, with a few thousand timestamps per
participant, was used in initial experiments to select suitable algorithms for the
thesis. The two other datasets are WESAD and SWELL-KW, which are more
recent and more complete for evaluating stress detection experiments. These two
data sets, each with a few million records, were used to confirm the effectiveness
of the algorithms presented in this thesis. The environments of these two datasets
are also closely aligned with real-world environments.

New and more advanced data analytic approaches, such as topological data
analysis and complex networks, which are better suited to physiological time
series analysis, will also be introduced. Topological data analysis has a unique
tool called persistent homology, which can capture and summarise multi-scale
relational information (Tauzin et al. 2021). Topological data analysis, which can
extract information from a wide range of input data and generate many types of
persistent homology, can be a suitable tool for handling multivariate time series
data (Tauzin et al. 2021). Complex networks representing real-world systems are
also a promising tool for analysing time series since complex networks topological
features can capture the natural characteristics of the time series (Li et al. 2022).
However, research on these two data analytic approaches for long multivariate

time series data remains limited due to their high computational complexity.
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3.1 Datasets

Three benchmark datasets are used to evaluate the algorithms in this project.
The first one is Driver Stress Data (Healey 2000), the second one is WESAD
(Schmidt et al. 2018b), and the third one is SWELL-KW (Koldijk et al. 2014). The
first dataset is a classical dataset for stress detection. WESAD and SWELL-KW
are newer datasets with sufficient records to validate advanced data analytics
approaches and stress detection models. See Table 3.1 to understand information

about all these stress benchmark datasets.

3.1.1 Driver Stress Data

This dataset was compiled in 2000 (Healey 2000). The dataset gathered nine
drivers’ GSR, ECG, respiration data, and EMG data. There are several types of
roads that drivers must navigate. When the drivers were resting, they did not face
stress; when they drove through an uninterrupted highway, they faced a low level
of stress; when they went through the city, they faced a higher level of stress; and
when they encountered the exits for the turnaround or the two-lane merge, then
they faced the highest level of stress (Healey 2000). In the car, there is a computer
running the DOS operating system, and this laptop was remotely managed by a
laptop, a microphone, a tape recorder, five physiological sensors, and three video
cameras (Healey 2000). The EMG and GSR sensors were attached to the hands of
the drivers, another GSR sensor was attached to the leg, the ECG sensor was at
the torso, beneath the driver’s clothes, and the respiration sensor was around the
driver’s diaphragm (See figure 3.1) (Healey 2000). To define driver stress levels,
the authors used a task design based on stress levels associated with road types,
questionnaire analysis, and recorded videos (Healey 2000). The physiological data
were sampled at 15.5 Hz.

Nine drivers joined the experiment. Three drivers are undergraduates, and
little information was provided about the other six drivers. The first three drivers
participated in the driving test multiple times, and each of the remaining six
participated only once. The first three drivers were two males and then a female
undergraduate with three, four and eight years of driving experience, respectively
(Healey 2000). The first driver did not drive during the last three years, and the
second did not drive for one month before the experiment. This was also the first

time he drove in the city where the experiment took place (Healey 2000). During
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Table 3.1: Information of stress benchmark datasets include Driver Stress Data,
Wearable Stress and Affect Detection (WESAD) and Smart Reasoning for Well-
being at Home and at Work Knowledge Work (SWELL-KW). The sign - in the
table presents the corresponding information is not provided clearly.

Stress Driver Stress Data WESAD SWELL-KW
benchmark
datasets
Publication year 2000 2018 2014
Number of 9 15 25
participants
Gender of - 12 men and 3 17 men and 8
participants women women
Age range of - 275 £ 2.4 25 + 3.25
participants
Environment Driving Laboratory Working

environment environment environment
Wearable The GSR, ECG, RespiBAN Body sensors
devices respiration and Professional

EMG sensor
Emotional Low stress, Baseline, stress, Neutral, stressed
states Medium stress, amusement from time

High stress pressure, and

stressed from
interruption
Physiological GSR, ECG, GSR, ECG, EMG, | GSR, ECG and
features respiration data, respiration data, heart rate
and EMG data skin temperature,
3-axis
accelerometer data

Frequency of 15.5 Hz 700 Hz 2048 Hz
data

the data collection process, sometimes problems happen (Healey 2000).

3.1.2 Wearable Stress and Affect Detection

Schmidt et al. (Schmidt et al. 2018b) introduced the Wearable Stress and Affect
Detection (WESAD) dataset, which measured physiological data from 15 partici-
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[Production note: This figure is not included in

this digital copy due to copyright restrictions.]

Figure 3.1: In the experiment of detecting stress when driving, the drivers wore five
physiological sensors: two skin conductivity sensors (SC), one on the left foot and
one on the left hand; an electrocardiogram (EKG) on the chest; an electromyogram
(EMG) on the left shoulder; and a chest cavity expansion respiration sensor around
the diaphragm (Healey 2000). A computer at the back of the car had sensors
connected to it.

pants under stress, baseline, amusement, and meditation conditions over two hours.
Graduate students in the same faculty are the participants. They did not smoke
heavily and were not pregnant. None of these students had any heart or mental
health difficulties. Their age was 27.5 £ 2.4 years. Twelve men and three women
participated in the study. The physiological data were collected using RespiBAN
Professional, and Figure 3.2 illustrates how the devices were connected to the
participants’ bodies (Schmidt et al. 2018b). RespiBAN Professional contains an
accelerometer biosensor, biosignal acquiring hardware and a respiration biometric
sensor (Pereira et al. 2023). Physiological measures are galvanic skin response
(GSR) measured in microsiemens (uS), electrocardiogram (ECG) measured in
millivolts (mV), electromyogram (EMG) measured in millivolts, respiration rate
data measured in %, skin temperature measured °C, and a 3-axis accelerometer
measured g (1 g = 9.80665 m/s*). All data were sampled at 700 Hz.

The 15 participants are indexed from 2 to 17; data for participants 1 and 12
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[Production note: This figure is not included in
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Figure 3.2: The RespiBAN and the ECG, GSR, EMG, and respiration rate sensors
are placed on the participants’ bodies. (Schmidt et al. 2018b)

are not saved because errors were made in recording their progress. The data
include eight label types, of which only three are relevant to this work: baseline,
stress state, and amusement state. Three were selected to facilitate comparison to
state-of-the-art methods. See Table 3.2 to understand the description of labels of
the WESAD dataset.

3.1.3 Smart Reasoning for Well-being at Home and at
Work Knowledge Work

The Smart Reasoning for Well-being at Home and at Work Knowledge Work
(SWELL-KW) dataset was created to understand stress in a working environ-
ment (Koldijk et al. 2014). The experiment lasted 107 minutes and contained
two stressors: time to finish a deadline and disturbance from unrelated emails.
Workers must work under normal conditions and two stressors to gain data. That
dataset contains information on computer interactions (with keyboard, mouse
and applications), facial expressions, body posture, and physiological features
(heart rate, electrocardiogram (ECG), electrodermal activity (EDA) (Koldijk et al.
2014). Data was collected from 25 students: 8 female and 17 male. Their age was
25 4 3.25 years. The students had experience handling large volumes of work and
frequently used email on computers. They did not smoke or drink alcohol three

hours before the experiment. The frequency of all physiological signals is 2048 Hz.
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Table 3.2: Description of labels of the WESAD dataset. The corresponding rows
are the participant identifier, the length of the time series for each participant
(number of timestamps), the number of 3 types of emotional labels for stress
classification, the percentage of baseline states, the percentage of stress states,
and the percentage of amusement states.

Partici- | Length time | Emotional | Percentage | Percentage | Percentage
pant series labels of baseline of stress of
identi- amusement
fier

2 4,255,300 1,484,700 53.94 29 17.06

3 4,494,000 1,508, 500 52.9 29.7 174

4 4,460, 401 1,515,501 53.49 29.33 17.18

5 4,330,199 1,551,900 54.04 29.09 16.87

6 4,909, 100 1,541,400 53.59 29.52 16.89

7 3,631,600 1,538,601 53.96 29.12 16.92

8 3,791,900 1,546,299 52.92 30.33 16.75

9 3,614,100 1,537,900 53.71 29.36 16.93

10 3,811,500 1,593, 900 51.82 31.84 16.34
11 3,628,100 1,559, 600 52.96 30.52 16.52

13 3,841,600 1,558,201 53.01 29.83 17.16
14 3,839,500 1,558,901 52.99 30.31 16.7

15 3,641,400 1,563,100 52.62 30.72 16.66

16 3,903,200 1,554,701 53.13 30.3 16.57

17 4,255,300 1,484,700 53.94 29 17.07
Average | 4,027,146 1,539, 860 53.27 29.86 16.87

The SWELL-KW data set contains three labels: neutral, stressed from time

pressure, and stressed from interruption. Data from eighteen of the participants
were used in this experiment. See Table 3.3 to understand the description of labels
of the SWELL-KW dataset. The IDs of these participants range from 1 to 25.
Data from other participants with IDs 8, 11, 15, 20, 22, 23, and 25 were not used in
this paper’s experiments since they had one label or their participant’s heart rate,
and EDA data were missing or unusable. In these experiments, only physiological

data were used. Fourteen participants have all three labels. Participant 3 does
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Table 3.3: Description of labels of SWELL-KW dataset. The corresponding rows
are the participant identifier, the length of the time series for each participant
(number of timestamps), the number of 3 types of emotional labels for stress
classification, the percentage of neutral states, the percentage of stressed states
from time pressure, and the percentage of stressed states from interruption.

Partici- | Length time series | Percentage | Percentage | Percentage
pant of of neutral of time
identi- interruption pressure
fier stress stress
1 10,690, 560 28.74 44.83 26.43
2 12,042,240 33.67 42.86 23.47
3 2,949,120 50 0 50

4 1,843,200 0 73.33 26.67
5 0,406,720 43.18 52.27 4.55
6 8,478,720 39.13 33.33 27.54
7 10,444,800 48.24 23.53 28.23
9 3,072,000 52 20 28
10 9,160,960 0 61.9 38.1
12 8,970,240 35.62 56.16 8.22
13 6,144,000 38 12 20
14 8,847,360 54.17 43.06 2.77
16 12,656,640 39.81 34.95 25.24
17 11,673,600 43.16 29.47 27.37
18 9,216,000 48 29.33 22.67
19 5,529,600 91.11 2.22 6.67
21 8,970,240 13.7 53.42 32.88
24 3,809,280 0 16.13 83.87
Average 7,550,293 36.585 34.933 28.482

not have the label “neutral” and three participants, 4, 10, and 24, do not have
the label “stress from interruption”. The data was down-sampled to 128Hz by
applying a preprocessing code of Quadrini et al. (2022) and from the Python

code 1.

Thttps://github.com/ggerardlatek /STREDWES-SWELL
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3.1.4 Ethics statement

The three datasets used in this thesis are publicly available. The ethical applications
of these three datasets were approved at UTS with the names ETH24-10092,
Detecting stress in driving environment (for the dataset Driver Stress Data),
and ETH24-9602, Stress detection using wearable devices (for the two datasets
WESAD and SWELL-KW).

3.2 Methodology

This section presents the methodology for the data analysis part of the thesis. The
first approach described is topological data analysis (TDA). The TDA sub-section
provides an overview of TDA and its advantages, core concepts of TDA, state-of-
the-art research on TDA with machine learning and its limitations, state-of-the-art
research on TDA with time series data and its limitations, and state-of-the-art
research on TDA with change point detection. The second approach described
is complex networks. The complex networks subsection provides an overview of
complex networks, time series segmentation methods for converting time series
into networks, state-of-the-art complex networks approaches for converting time
series into networks, current data analysis approaches based on complex networks,

state-of-the-art complex networks and time series analysis, and limitations.

3.2.1 Topological data analysis

Topological data analysis (TDA) is a relatively new approach for analysing high-
dimensional data. TDA is a geometric method with the ability to capture the
shape and patterns of data (Lum et al. 2013; Munch 2017). Figure 3.3 shows
how TDA captures the shape of a hand (Lum et al. 2013). The input is a hand
represented by many points. TDA used a distance metric and filter functions with
values associated with the locations of data points to convert the shape of the
hand to a network with nodes and edges. Persistent homology is the first and
essential concept of TDA (Hofer et al. 2017). TDA uses a powerful tool named
persistent homology to construct persistence diagrams and extract topological
characteristics of the data (Carriére et al. 2020; Chazal and Michel 2021; Fugacci
et al. 2016).
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Persistent homology is a graphical tool, but instead of just using data points
to represent real-world systems, persistent homology presents the systems us-
ing collections of points, edges, triangles, tetrahedrons and higher-dimensional
polytopes and summaries and observes the topological information changes of
systems by counting the number of connected components, holes, voids (Aktas
et al. 2019). Persistent homology can provide a multi-scale summarisation of the
data instead of specific views of the data, but still keep a summary data at a
suitable size for computation analysis purposes (Aktas et al. 2019; Pun et al.
2022). This can help features generated from persistent homology to be useful as
deep learning model’s features (Aktas et al. 2019; Tauzin et al. 2021) since deep
learning features need to keep global data underlying characteristics of the systems
and be simple enough in size and dimension that can be used as deep learning
model’s inputs (Pun et al. 2022). Persistent homology features can support deep
learning in handling high-dimensional data and multivariate time series data (Pun
et al. 2022; Tauzin et al. 2021). There are still several research gaps in the use of
topological data analysis features as inputs to deep learning models (Pun et al.
2022; Tauzin et al. 2021). First, how to find a way to convert the data into a
suitable persistent homology. Secondly, how to extract vectorised features from
the persistent homology. Third, extracting features from persistent homology with
a reasonable computational expense. Finally, how to find useful features from
persistent homology. However, current research cannot bridge the gap between
deep learning and topological data analysis.

Many types of persistent homology have been introduced in the literature.
Frosini (1990) introduced the 0-dimensional persistent homology. Edelsbrunner
et al. (2000) mentioned the whole concept of persistent homology and built a
graphical presentation for persistent homology known as the persistence diagram.
Carlsson et al. (2005) defined the concept of persistent homology again and
introduced the persistence barcode, an equivalent tool to the persistence diagram.

TDA has unique advantages. First, TDA can analyse and get data insights
from a coordinate-free point of view. This unique characteristic helps the TDA
approach to rely only on the distance between objects (Lum et al. 2013; Musa
et al. 2021). Secondly, results from TDA approaches will remain invariant if small
changes happen to the input, which means TDA is robust to noise (Hofer et al.
2017; Lum et al. 2013; Musa et al. 2021). Thirdly, TDA has the power to convert
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Figure 3.3: The process of using TDA to capture the shape and pattern of a hand
(Lum et al. 2013). In picture A, there is a point cloud of a 3D hand. In pictures
B and C, a filter function is used, and the data points are binned into several
groups. Each group has a specific colour. In picture D, each group is clustered. A
graph is constructed that captures the shape of the hand.
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data to a compressed form to more effectively analyse the data (Lum et al. 2013).
Lastly, input data for TDA can take many forms, such as images, time series, and
graphs (Hofer et al. 2017).

With all these advantages, TDA can be a useful approach to detecting stress.
Modern stress detection research typically requires handling long, multivariate
physiological time series data. Time series data can be inputted into TDA. TDA
even has the potential to compress long multivariate time series data. Physiological
time series data also typically contain substantial noise, and TDA can effectively
handle such data.

3.2.1.1 Core concepts of topological data analysis

Simplicial complexes In TDA, data is stored in a form called simplicial
complex. TDA can use filtration to transform raw data (point clouds, images,
and networks) into a persistence diagram (Myers et al. 2019; Wu and Hargreaves
2021). The persistence diagram can be used to calculate many TDA features, such
as Betti curves, landscape distance, heat, persistent image, bottleneck distance,
Wasserstein distance, and silhouette. These features can present the topological
characteristics of data. In this part, some core concepts of TDA, such as simplicial
complexes, homology, and persistent homology, will be presented.

A simplicial complex is a generalised form of a graph (Myers et al. 2019; Wu
and Hargreaves 2021). A simplex o is a vertex set and ¢ C V, where V is a
collection of vertices (Myers et al. 2019). The dimension of simplex ¢ can be
measured using a formula dim(o) = | 0 | —1. A face 7 contains a simplex o if
o C 7 and can be expressed by formula o < 7.

A simplicial complex K can be defined as a set of simplices ¢ that meets
a condition (Myers et al. 2019; Wu and Hargreaves 2021). The condition is if
0 € K and 0 C 7 then 7 € K. The simplicial complex K can also be defined
as a set of simplices where the simplices are closed and form faces of objects
(Myers et al. 2019; Wu and Hargreaves 2021). The largest dimension of all
simplices ¢ is the dimension of simplicial complex K, and the formulation of the
dimension of K is dim(K) = maxyex dim(o). The collection of all simplices o
which have the highest dimension of d can be defined as a d-skeleton of simplicial
complex K, K9 = ¢ € K|dim(c) < d. A filtration is nested set of d-skeletons,
KoCK CKyC---CK, 1 CK,. The homology measures the number of
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Figure 3.4: Simplex, from left to right is O-simplex (a point or a vertex), 1-simplex
(a line or an edge), 2-simplex (a triangle) and 3-simplex (tetrahedron) (Wu and
Hargreaves 2021).

structures of a specific dimension in a simplicial complex (Myers et al. 2019). The
structures can be connected components in the case of zero dimension, loops in the
case of one dimension, or voids in the case of two dimensions (Myers et al. 2019).
In summary, simplicial complexes can be collections of points, edges, triangles

(Aktas et al. 2019).

Persistent homology The primary tool of TDA is persistent homology, and
this tool can analyse data by observing homology changes under the effect of a
filtration parameter €. Persistent homology can capture the states of topological
change when data are surveyed with many filtration parameters (Hofer et al. 2017;
Yen and Cheong 2021). When the filtration parameter changes, then topological
features of data (connected components in case of O-dimension, loops in case of
1-dimension, or voids in case of 2-dimensions) will appear or disappear. The events
associated with the appearance and disappearance of the topological features are
birth and death, respectively. The whole collection of sequences with birth and
death can be represented as a persistence diagram or persistence barcode (Hofer
et al. 2017).

The simplest way to explain persistent homology is by imagining a ball attached
to every single data point of the raw data, as in Figure 3.5 (Chazal and Michel
2021). When the radius of the ball (filtration parameter €) is zero, then each data
point is a 0-simplex, and an event named birth will appear with all balls (see
figure 3.5 a) (Chazal and Michel 2021; Yen and Cheong 2021). Now, imagine
that the radius of the ball (filtration parameter €) grows gradually; then, a ball
will overlap other balls. When the ball of data point index i overlaps with a ball
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of data point index j, then persistent homology will connect two balls using a
line, and now we have a connected component i, j. The overlap of the balls will
create another event named death. The persistence barcode now has a complete
sequence with the starting point (birth) and the ending point (death) (see figure
3.5 b) (Chazal and Michel 2021). The filtration parameter will continue to grow,
and if it reaches a particular value, then some 1-dimensional features (loops)
will appear. In the figure 3.5 ¢, two blue 1-dimensional features appear, and two
new blue corresponding sequences appear at the persistence barcode. Then the
circle grows more prominent, and one of the 1-dimensional features will be filled.
As a result, the corresponding sequences will end (see figure 3.5 d). The two
1-dimensional features are both filled in picture 3.5 f. The persistence barcode
can also be presented as a persistence diagram where the birth and death value
of each sequence corresponds with the x-coordinate and y-coordinate of a point
from the diagram (see figure 3.6) (Aktas et al. 2019; Chazal and Michel 2021).

Betti curves and persistent landscape Topological signatures are a summary
representation of topological features (Hofer et al. 2017). Topological features can
be computed using persistent homology, an important tool in TDA (Aktas et al.
2019; Kemme and Agyingi 2025). Topological signatures can be extracted from
the persistence diagram using some statistical summary functions (Bubenik 2015;
Munch 2017). The two most common functions are Betti curves and persistent
landscape. Suppose a persistence diagram D and a point p (birth, death) belong
to D. Consider there are two piecewise functions (3.1) and (3.3). The value of z is
from 0 to the maximum value of the maximum filtration parameter. The formula
of the Betti curve can be calculated by equation (3.2). The formula of landscape

distance is formula (3.4).

1 it birth, <=z < death,

fo(@) = ' (3.1)
0 otherwise
Bettip(x) = %fp(:ﬁ) (3.2)

x — birth,, if birth, <= x <= (birth, + death,)/2
9p(x) = {death, —x  if (birth, + death,)/2 < x <= death, (3.3)

0 if other cases
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[Production note: This figure is not included in

this digital copy due to copyright restrictions.]

Figure 3.5: This figure present how persistent homology and filtration parameter
e build the persistence barcode and persistence diagram. Subfigures are described
in the text. Graphs a-f x-axis is €, y = data point. For the persistence diagram, x
= births and y = deaths. Figure from (Chazal and Michel 2021).
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[Production note: This figure is not included in
this digital copy due to copyright restrictions.]

Figure 3.6: Persistence barcode (a) and persistence diagram (b) (Aktas et al.
2019). The persistence barcode in this example has five O-dimensional features
with birth and data values (0,1), (0,1), (0,2), (0,2), and (0,8). Since two pairs of
sequences have the same coordinates (0,1) and (0,2), the persistence diagram has
three corresponding blue points. The persistence barcode has three 1-dimensional
features (2,7), (3,6), and (4,5), so there are three corresponding red points in the
persistence diagram.

Landscapep(z) = max g,(z) (3.4)
peD

Persistent image Adams et al. (2017) proposed another method for extracting
features from the persistence diagram, called persistence images. From the persis-
tence diagram, a differentiable probability distribution and a weighting function
are used to construct a persistence surface via coordinate transformation and
normalisation (Adams et al. 2017; Zhou et al. 2022). Then, the persistent image
is generated by discretising a pertinent subdomain and integrating the surface
across each area in the discretised domain (Adams et al. 2017; Zhou et al. 2022).
The limitations of persistence images are quadratic time and storage complexity,
and the requirements of parameters such as the weight functions, the probability
distribution and the resolution of the grid (Hensel et al. 2021).
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3.2.1.2 Topological data analysis and Machine learning

Topological data analysis has already been successful in several fields, including
chemistry, materials science, cellular data, and drug design (Carriere et al. 2020;
Wu and Hargreaves 2021). There are some promising benefits that TDA can
help to boost current power in machine learning (Kim et al. 2020). Using TDA
techniques, machine learning models can have new specialised input features.
Finally, even data in complex formats can be processed with proper filtration and
may not require any preprocessing, unlike standard machine learning models.

Recently, many researchers have proposed new TDA approaches for machine
learning. From TDA methods, topological summary (signatures) of data will
be captured, and these signatures typically are unstructured (for example, a
persistence barcode with many sequences, and each sequence has a birth and
a death) (Carriere et al. 2020; Hofer et al. 2017). These unstructured data are
not suitable inputs to machine learning models because many operations, such
as addition and scalar multiplication, are not well-defined (Carriere et al. 2020;
Hofer et al. 2017). Many researchers apply mathematical formulas to transform
these data into vectors and then use them as input to machine learning models.
However, this research is still in its early stages.

Hofer et al. (2017) proposed a topological signature for machine learning
models. This is the first study to attach a topological layer to a machine learning
model. The authors built a signature using a logarithmic transformation. Hofer
and his colleagues tested the topological layer using SVM on four datasets and
achieved good results. The authors also show that their signature can be applied
to a wide range of inputs. However, that research has limitations: the approach
works well for some specific tasks but does not preserve all essential topological
information of the persistence diagram (Hofer et al. 2017; Kim et al. 2020). So
that approach may not be suitable for all tasks.

Zaheer et al. (2017) introduced Deep Sets, which enable the use of sets as
inputs to machine learning models. Both Hofer et al. (2019) and Carriere et al.
(2020) proposed TDA machine learning structure based on Deep Sets. Machine
learning models normally use vectors as input rather than sets. To use sets as
input for machine learning models, the models need to have permutation invariant
characteristics, which means the models will get the same output even if the

input order is changed (Wagstaff et al. 2019). Permutation invariant characteristic
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was first mentioned and applied by Qi et al. (2017) and was fully proposed via
Deep Sets by Zaheer et al. (2017). Qi et al. (2017) presents a deep learning model
that uses a set of point clouds as input instead of vectors. That research tries to
keep the properties of point sets. The names of these properties are unordered,
interactions between points and invariant under transformations (Qi et al. 2017).
The first property is unordered. The meaning of the first property is that there
is no order of the points that belong to the point cloud. The meaning of the
second property (interactions between points) is that the model must preserve the
local structure of adjacent points. The meaning of the third property (invariant
under transformations) is that the input points set for machine learning models
should be invariant under some transformations. The authors proposed a model
with a max-pooling layer that acts as a symmetric function to capture local and
global information from the point cloud. They show that the model preserves
all properties of point sets by conducting experiments on 3D point sets. That
model can utilise the sum of latent presentations to acquire permutation invariant
characteristics.

Hofer et al. (2019) use three functions to simulate the idea of Deep Sets, and
they call them structural elements. Three structural elements are the exponential
structure, rational structure, and rational hat structural elements. They are
equivalent to centred Gaussian, peak, and cone functions of the persistence
diagram (Hofer et al. 2019). The authors show that these three structural elements
will have stable performance. Nevertheless, the authors still confirm that maybe
there are better structure elements, and they recommend that these can be
improved with more linear parameter gradients (Hofer et al. 2019).

Another approach that utilises Deep Sets is the research of Carriere et al. (2020).
That proposes a deep TDA model based on permutation invariant operations
and a representation function. The latent representation of Carriere et al. (2020)
can convert from many TDA data structures into vectors and then use these
vectors as input to the designed machine learning model. The authors claimed
that their models could be applied to all common TDA data structures; however,
several significant structures, such as the Betti curve and persistent images, are
still missing from the paper. That model can also generate only one TDA feature
for the machine learning model.

There is still a problem with the Deep Sets structure (Wagstaff et al. 2019).
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According to Zaheer et al. (2017), their model performs well on both countable and
uncountable domain sets. However, Wagstaff et al. (2019) proved that continuity
of uncountable domain sets is necessary for the permutation invariant of Deep Sets
to work. Both the research of Hofer et al. (2019) and Carriere et al. (2020), which
rely on the Deep Sets structure, require a comprehensive investigation before
deployment in real-world applications.

In recent research, many authors have sought to integrate TDA into machine
learning to simulate the working process of current machine learning models. Rieck
et al. (2019) proposed a new measure to calculate the complexity of deep learning
models. Gabrielsson et al. (2020) deployed several experiments to demonstrate the
TDA'’s ability to enhance machine learning. The authors propose a new TDA layer
for deep learning, deploy machine learning’s regularisation technique using TDA,
build a deep topological generative model, and set up a topological adversarial
attack (Gabrielsson et al. 2020). However, that research primarily presents the
ideals of applying TDA to multiple aspects of machine learning rather than
conducting comprehensive research on a specific area. The authors, including
Gunner Carlsson, one of the founders of TDA, confirmed that the research is an
initial investigation of possible directions for TDA and machine learning.

Kim et al. (2020) listed three main weaknesses of current TDA and machine
learning models, presented a TDA classification approach and applied it to two
datasets. The first limitation is that each TDA and machine learning model is
based on one specific filtration to convert data into a persistence diagram. The
second weakness is that the input data type will change the stability of the result
of the current models. The third weakness is that the current TDA layer cannot
be put in the middle-hidden layer of deep learning models. The authors developed
a topological layer based on a weighted persistent landscape and demonstrated
that it could overcome all three weaknesses. One of the most novel aspects of
their research is the combination of distance-to-measure (DTM) with Vietoris-
Rips to make model results stable across input data types. DTM is a distance
function for a compact set proposed by Chazal et al. (2011). They also proved
the differentiability of the topological layer, allowing it to be placed anywhere
in the models. However, the authors did not address the first weakness, as they
still use standard filtration (Vietoris-Rips). The results of the experiments would

be more persuasive if models were deployed to handle more complicated tasks.
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They tested their models on simple tasks, including handwriting detection on the
MNIST dataset and object detection on a synthetic dataset.

Reinauer and his colleagues introduced Performer, a neural network that
uses Transformer architecture (Reinauer et al. 2021). The authors tested the
classification results of their network and outperformed those of both Carriere
et al. (2020) and Kim et al. (2020) by 3.5% and 4%, respectively (Reinauer et al.
2021). Three benchmark datasets were ORBIT5k, ORBIT100k and MUTAG, with
1000, 100,000 objects and 188 graphs. According to the authors, their methods
include a TDA tool named Saliency Map, which can indicate the importance of
each point in the persistent diagram with respect to the associated classification
task. meanwhile, Carriere et al. (2020) and Kim et al. (2020) used handcrafted
TDA features from persistent diagram (Reinauer et al. 2021). Saliency Map that
can interpret TDA features, identify important TDA features for specific tasks,
and also reduce data dimensions (Reinauer et al. 2021).

Zhou and his colleagues proposed the idea of directly extracting topological
representation from point clouds using their new neural network named Topology-
Net (Zhou et al. 2022). This topological representation can be used for many deep
learning tasks, such as generating point clouds. The authors confirmed that their
tools could take less time than traditional ways to extract topological representa-
tion from point clouds (Zhou et al. 2022). The authors also tested TopologyNet
in classification tasks with three datasets and compared their results with other
TDA machine learning methods. Their tool’s performance was comparable to that
of different methods, and the time to complete the experiments was much shorter,
at just a few seconds rather than several tens of minutes for other TDA methods
(Zhou et al. 2022). However, the accuracy was not very high, as it achieved only
64.7% and 74.7% on two datasets. The effectiveness of this method with deep
learning still needs to be validated with several experiments, such as classification
tasks.

There are several limitations of research on TDA and machine learning (Zia
et al. 2024). First, applying TDA incurs a high computational cost; many TDA
computations become impractical in practice, suggesting that current deep learning
and TDA research remain successful only with small data (Zhou et al. 2022;
Zia et al. 2024). Even the state-of-the-art experiments such as experiment of

Reinauer et al. (2021) are still for a few hundred or few thousand objects in
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small datasets. To process and handle just 5000 3D point clouds using TDA,
the total memory required is 19.4 GB (Zhou et al. 2022). The time complexity
using TDA with persistent homology is from quasi-linear complexity to cubic
complexity when handling real-world problems, to the much harder cases (Zhou
et al. 2022). Calculating Betti numbers from persistent homology with a massive
number of complexes is practically impossible in computational terms (Zia et al.
2024). These challenges can cause TDA approaches to consume excessive time
or overflow memory (Zhou et al. 2022). The selection of appropriate methods
to convert input data into persistent homology and to compute TDA features
can help overcome this challenge. The second challenge is to design a universal
framework for vectorising TDA features for deep learning inputs (Zia et al. 2024).
There is currently no widely accepted universal mechanism to convert persistent
homology to vector features (Hofer et al. 2017; Moor et al. 2020). The reasons are
because of theoretical and computational challenges (Zia et al. 2024). Researchers
must analyse the problem they aim to solve to identify better ways to convert.
The third limitation is the challenge of properly extracting TDA features from
high-dimensional inputs (Zia et al. 2024). Types and properties of TDA features
will be extracted from high-dimensional data, which remains an open research

question.

3.2.1.3 Topological data analysis and time series analysis

TDA has succeeded in several fields, such as material science, cellular data and
drug design (Carriere et al. 2020; Wu and Hargreaves 2021). It shows promise for
enhancing machine learning (Kim et al. 2020) with feature extraction or reducing
the need for preprocessing.

The use of TDA in time series is at an early stage and has significant limi-
tations. Current researches on TDA and time series classification are based on
subsampling, but their effectiveness on large datasets remains limited. Two groups
generated TDA features from time series (Dirafzoon et al. 2016; Emrani et al.
2014). Subsampling methods for both groups were based on K-nearest-neighbour
density, random, and max-min algorithms. However, Dirafzoon et al. (2016)
omitted to mention the data size and Emrani et al. (2014) used short breathing
sound signals containing only several thousand point clouds. Other methods were

ineffective for classifying time series using TDA. Mostly distance-based methods
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such as k-nearest neighbour (kNN) are used (Marchese and Maroulas 2018; Sever-
sky et al. 2016). Both Chung et al. (2020) and BenjamTorr (2021) validated these
time series classification methods on univariate UCR time series data. This is a
univariate dataset with 128 short time series for classification tasks (Chen et al.
2015). Chung et al. (2020) proposed a classification method based on a persistent
curve, which gained good results on UCR time series data. BenjamTorr (2021)
used Betti numbers with UCR univariate time series data and got good results
too. Whilst these are appropriate with small data sets, the effort of calculating
distances between persistence diagrams to apply these methods is too expensive
for larger datasets (Karan and Kaygun 2021). Recent methods modify using time
windows, but they remain somewhat limited. Majumdar and Laha (2020) showed
a TDA method to classify univariate time series data. Tymochko et al. (2021)
used non-overlapping windows to detect sleep states and extract persistent images
from the windows, but their model was overfit.

In summary, current TDA approaches for time series require modification to
be suitable for longer or multivariate time series. Their computational cost hinders
the use of time series, even data with a few thousand data points (Sanderson et al.
2017).

3.2.1.4 Topological data analysis and change point detection

Change points can divide a time series into many segments. Detecting change
points is essential to time series analysis (van den Burg and Williams 2020).
Detecting change points can find sudden and momentous changes in the data,
and early change point detection is very critical since this can signal future
disasters (van den Burg and Williams 2020). In physiological datasets, change
point detection is also essential, as it can help identify early, drastic harm to the
human body. There is currently a lot of researches on change-point detection.
However, TDA is still a new approach for detecting change points since little
research exists in this area. There is also no research on detecting change points
in physiological time series using TDA.

Gidea (2017) converted time series stock data into time-varying weighted
networks and observed changes in these networks over time using the persistence
diagram. They showed that critical topological changes in the networks are

indicative of change points. Gidea and Katz (2018) used a different method called



70 CHAPTER 3. DATA AND METHODOLOGY

time windows to measure critical changes in financial time series data. The authors
measured the changes using a persistent landscape, a variation of a persistence
diagram, combined with the LP norm. They found that the value of LP norm
correlates with the value of a stock. The value of LP will grow to a high value
when the value of the stock gets to its peak and reduces fast when the value of
the stock crashes. Yen and Cheong (2021) assume that topological signatures will
change when the stock price changes. Yen et al. (2021) developed four toy models
of fusions using TDA to explore the financial market. The authors observed that
far before the crash, the number of simplices declined gradually with the rise of
the filtration parameter, and near the time of the crash, the number of simplices

declined quickly with the rise of the filtration parameter.

3.2.2 Complex networks

Complex networks analysis uses networks as a representation for complex systems
(Gao et al. 2021; Rubinov and Sporns 2010). Complex networks are excellent tools
to capture data patterns (Colliri et al. 2018). Research on complex networks has
been advancing rapidly recently and has already made significant contributions to
management, biology, engineering, economics, and especially time series analysis
(Gao et al. 2021; Jiang et al. 2017). Using complex networks to transform time series
data into graphs can preserve the time series’s topology, including nonlinearity
and chaotic characteristics, and the outputs can be used to predict trends or as
features for input to machine learning methods, including deep learning models
(Zheng et al. 2021).

The traditional complex networks approach to analysing time series data
contains two steps. The first step is to convert time series data into a network.
The second step analyses and classifies data based on the type of network or

network statistical attributes.

3.2.2.1 Complex networks

A complex network consists of nodes and edges: the nodes represent individual
objects in the system that the complex network presents, and the edges represent
relationships between the objects (Zhang et al. 2010). Complex networks with

node and edge topologies can describe many systems around us, such as transport
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systems, collaboration networks among researchers, the World Wide Web, food
webs, electrical power systems, and telephone systems (Latora and Marchiori 2002;
Strogatz 2001; Tran et al. 2019; Zhang et al. 2022).

There are many natural network systems, and these networks can have some
similar structures and topologies. There are three main types of network structure:
random networks, small-world networks and scale-free networks (Albert and
Barabasi 2002; Barabasi 2013; Boccaletti et al. 2006; da Fontoura Costa et al.
2011). The terminology of random networks, small-world networks, and scale-free
networks was introduced by Erdos and Rényi (1959), Watts and Strogatz (1998)
and Barabési and Albert (1999), respectively. The degree distributions of random
and small-world networks follow the Poisson distribution and exhibit variation,
whereas those of scale-free networks follow a power law (da F. Costa et al. 2007).
Different network structures have different, distinct characteristics. In random
networks, nodes have uniform connection probabilities; in small-world networks,
the distance between nodes is close, while hubs (nodes with many connections)
only appear on scale-free networks (Perera et al. 2017; Sporns et al. 2004). Many
real-world systems have the form of scale-free networks (Albert and Barabasi 2002;
da F. Costa et al. 2007). These structures can support particular tasks with the
networks, such as classification. Park and Barabasi (2007) had experimented using
two properties with a protein interaction network and a mobile phone network.
They showed that the properties of network nodes have a relationship with the
underlying global structures of this network, and based on their relationships,
nodes can be classified. Scale-free networks can present many real-world systems,
and the hubs of these networks can also be used to detect special or important
objects in real-world systems. However, there is still very little research about
complex networks and long multivariate physiological time series.

Many statistical attributes can be used to measure and research complex
networks (Barabasi 2013; Curiskis et al. 2015; da F. Costa et al. 2007). These
features have the form of vectors and can be used to classify objects of graphs (see
figure 3.8). The complex network features can present the characteristics associated
with the distance between nodes, number of clusters of graphs, degree distributions,
and centrality measurements (da F. Costa et al. 2007). These features can also be

used for time series classification (Silva et al. 2021, 2022).
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[Production note: This figure is not included in

this digital copy due to copyright restrictions.]

Figure 3.7: Topology of a random, small-world, and scale-free network, each has
24 nodes and 86 edges (Sporns et al. 2004). On the left is a random network; each
node has the same connection probabilities. In the middle is a small-world network;
almost all edges are around the circle, except a few that connect far-away nodes;
these edges are the shortcuts that make the distance between all nodes small.
On the right is a scale-free network; most nodes (red nodes) are only connected
to a few other nodes, but some (black nodes) connect with more than 12 nodes
(Sporns et al. 2004). These black nodes are hubs of the network.

[Production note: This figure is not included in

this digital copy due to copyright restrictions.]

Figure 3.8: The complex networks can be mapped into feature vectors (da F. Costa
et al. 2007). Sometimes, these vectors cannot be mapped back to the original
networks, but in other cases, remapping processes convert these features to the
original networks; in these cases, these features are complete representations of
the networks. (da F. Costa et al. 2007).
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3.2.2.2 Time series segmentation methods to convert from time series

to networks

This part presents time series segmentation methods such as Hidden Markov
Models (HMM), Fast Lowcost Online Semantic Segmentation (FLOSS), Entropy
and ShaPe awaRe timE-Series SegmentatiOn (EXPRESSO) and Classification
Score Profile (ClaSP), which can be used to convert from time series to networks.
With these methods, nodes and edges of networks are defined as physiological
states and correlations between these physiological states, respectively.

Hidden Markov Models are stochastic state-space models. Hidden Markov
Models assume the existence of unobservable “hidden” or “latent” states that
can be used to segment the time series. The values of the time series that can be
observed or observations are impacted by these concealed states. Determining the
current “latent” state from the collection of available observed data is one of the
objectives of the model. In an HMM, a latent state corresponds to a collection of
continuous data, and this collection follows a specific distribution (Oates et al.
1999; Yuan and Mitra 2016).

Fast Lowcost Online Semantic Segmentation is a temporal time series segmen-
tation (Gharghabi et al. 2017). It adds a custom arc curve to a time series. The
arc curve at a specific time series location represents the probability of a change
occurring at that location. Entropy and ShaPe awaRe timE-Series SegmentatiOn
(ESPRESSO) is an expanded version of FLOSS (Deldari et al. 2020), with different
ways to calculate and build the arc curve. The authors of ESPRESSO confirm that
this library can handle repeated data, which remains a challenge with FLOSS.

Classification Score Profile is a time series segmentation method that utilises
machine learning and sliding windows (Schéfer et al. 2021). The time series will
be divided into many overlapping windows, and the characteristics of all windows
will be extracted. A change point will be assumed to happen at time lag i. All
windows from the left of this time lag are labelled 0, and all windows from the
right are labelled 1. A binary classifier is built, and if the cross-validation score is
high for this change point, it is considered a real change point in the time series.

Based on these time series segmentation methods, the time series can be
partitioned into groups that serve as graph nodes. The limitation of all current
methods is their computational expense, which makes them suitable only for short

time series data. Both state-of-the-art time series segmentation methods, FLOSS
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and ClaSP, as well as HMM, have quadratic complexity (Gharghabi et al. 2017;
Schéfer et al. 2021). In an experiment by Schéfer et al. (2021), the total time
ClaSP requires to segment time series with 5K points and 10K points is under
10s and 100s, respectively. The time complexity of this experiment is quadratic
in practice. In another experiment of Gharghabi et al. (2017), FLOSS handles
270,000 data points in 45 minutes. The complexity of the algorithms and the time
required to handle short time series suggest that these state-of-the-art methods

still require substantial improvements to process long time series data.

3.2.2.3 Current complex networks approaches to convert from time

series to networks

With a suitable scheme, time series data can be converted into a network using
time series segmentation methods or complex networks approaches. This part
surveys current state-of-the-art complex networks approaches to convert from
time series to networks.

Traditional complex networks approaches for time series only concentrated on
converting univariate data to a network. The three types of complex networks
approaches for univariate time series utilise different principles, namely proximity,
visibility, and transition, as described in Silva et al. (2021). The proximity graph
method measures the similarity between data time windows, then represents states
of the data as nodes and measurements of similarity, with or without a threshold,
as edges (Silva et al. 2021). The transition graph method maps symbols to specific
patterns in time series data and then uses these symbols and transitions between
symbols as edges and nodes of a network, respectively (Silva et al. 2021). Both
proximity and proximity graph methods require several parameters to construct
the networks, and these parameters can alter the network topology and the time
series analysis results (Silva et al. 2021). The visibility graph method represents
time stamps as nodes and geometric relationships between values of time stamps
as edges (Silva et al. 2021). The visibility graph method preserves the global
properties of the time series when converting it to a graph (Lacasa et al. 2008; Silva
et al. 2021). The visibility graph method can also store complete characteristics of
individual time stamps (Stephen et al. 2015). Another advantage of this method
is that it also does not require preprocessing the time series and is parameter-free.

As a result, it can reduce the complexity of converting time series data (Silva
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et al. 2021). These advantages can make the visibility graph method a promising
choice for multivariate time series classification tasks, including classifying the
states at each timestamp, which typically incurs high computational costs.

Examples of proximity networks methods are the cycles networks of Zhang
and Small (2006) and the recurrence network of Marwan et al. (2009). An example
of a visibility network method is the visibility graph of Lacasa et al. (2008). An
example of a transition network method is ordinal partition transition networks
of McCullough et al. (2015) and Small (2013). The first approach to handle time
series using complex networks was proposed by Zhang and Small (2006). They
divided the time series into many cycles, treated each cycle as a node of the graph,
and considered an edge between two nodes based on the phase-space distance
between their cycles (Zhang and Small 2006). That first method serves as a model
for many subsequent methods. A simple approach to handle time series using
complex networks is the visibility graph method proposed by Lacasa et al. (2008).
The authors considered each time series timestamp as a graph node and visualised
each time-lag value as a vertical bar. They defined the terminology ‘visibility’
between two nodes as the ability to see the top of one node’s vertical bar from the
top of the other node’s vertical bar. There will be an edge between two nodes if a
visibility relationship exists. Another critical method is the recurrence network,
in which the recurrence matrix of the time series is mapped onto an adjacency
network of complex networks (Marwan et al. 2009). Ordinal partition transition
networks considered nodes as continuous patterns of time series and edges as the
frequency of transitions between two continuous patterns (McCullough et al. 2015;
Small 2013).

However, with the development of data collection and storage devices, multi-
variate time series data has become more popular recently. This leads to additional
requirements of complex networks methods for multivariate time series data. The
most notable methods for multivariate time series are an extension of ordinal
partition transition networks for multivariate time series (Zhang et al. 2017), an
extension of visibility networks, which is multiplex visibility networks (Lacasa
et al. 2015), two extensions of recurrence networks, which are multiplex recurrence
networks (Eroglu et al. 2018) and inter-system recurrence networks (Feldhoff et al.
2012, 2013), and causal effect networks (Runge et al. 2015). The main concept of

many methods is to build a single network from multivariate time series data; this
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concept was implemented using several preprocessing steps and several techniques
to identify relationships between time series and construct edges (Silva et al. 2021).
These steps and techniques can increase computational costs when handling long,

multi-dimensional time series.

3.2.2.4 Current data analysis approaches based on complex networks

Data in network form can be analysed based on the type of complex networks or
the characteristics of complex networks.

There are several types of complex networks. Networks derived from real-
world systems are typically scale-free networks. This type of network has degree
distributions that follow a power law (See equation (3.5) and figure 3.9) (Barabasi
and Bonabeau 2003; Loscalzo 2012). Scale-free networks also have a unique
characteristic: some nodes have many more connections than the rest of the nodes

(Barabési and Bonabeau 2003). These particular nodes are ‘hubs’ or networks.
P(k) ~ k™ (3.5)

where:

P(k) : fraction of nodes with k& connections

k: number of connections

v: a parameter that has a value between 2 and 3

There is also another way to analyse complex networks named high-level clas-
sification, which was suggested by Silva and Zhao (2012). Low-level classification
techniques can only use physical characteristics such as distance, similarity, and
data distribution to recognise differences between data. In contrast, high-level
classification techniques use the data’s organisational structure (Carneiro and
Zhao 2013; Colliri et al. 2018). The authors applied a high-level classification tech-
nique that utilises three characteristics of networks: the average degree, clustering
coefficient and assortativity combined with SVM to recognise handwritten digits
(Silva and Zhao 2012). Carneiro and Zhao (2013); Colliri et al. (2018); Vilca and
Zhao (2020) applied high-level classification with three of the same characteristics
of networks, as in the research of Silva and Zhao (2012), six characteristics of
networks, and betweenness centrality, respectively. The six complex networks

features which were used by Colliri et al. (2018) are average degree, assortativity,
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[Production note: This figure is not included in

this digital copy due to copyright restrictions.]

Figure 3.9: Two pictures above show a random network and a scale-free network.
The scale-free network has hubs with many connections. The two pictures below
show the Poisson degree distribution of the random network and the log-log graph
of the power law degree distribution of the scale-free network (Loscalzo 2012).
The slope of the line is ~

average local clustering coefficient, transitivity, average shortest path length, and

second moment of degree distribution.

3.2.2.5 Complex networks and time series analysis

Complex networks have already achieved success in some areas of time series
research. Avila et al. (2013) converted from physiological time series data (beat-to-

beat intervals and systolic and diastolic blood pressures) to networks and classified



78 CHAPTER 3. DATA AND METHODOLOGY

between healthy women and preeclamptic patients using cardiovascular data. Ruan
et al. (2019) applied ordinal partition transition networks to find coupling direction
and infer causality between two real-world climate time series. Subramaniyam
and Hyttinen (2015) used inter-system recurrence networks and several global
complex network features to classify EEG signals as focal or non-focal in patients
with epilepsy. Runge et al. (2019) presented methods that used graphs for time
series to find causal relationships between time series. Those researchers applied
similar complex network approaches to compare time series data, which are only
applicable to short time series where the computational complexity is feasible.

The requirements for using complex networks with time series have led to rapid
developments in this research area in recent years. However, many researchers in
this area focus on clustering the whole time series rather than classifying each
timestamp of the time series, or only applying to very short time series. Gao et al.
(2019a) utilised multiplex visibility networks to cluster EEG signals of normal
and fatigue states. That research only used a short time series, so the converted
network has only 62 nodes. Gao et al. (2019b) used multiplex recurrence networks
to detect drivers’ fatigue. In that paper’s experiment, the authors used only 5
minutes of data at 200Hz to train and test the method (the total number of time
stamps is 1000). Those two experiments used only very short time series data,
which does not scale well to longer time series.

Chen et al. (2018) proposed a method to classify EEG data using complex
network features. However, since the author applied a functional brain network
method named synchronisation likelihood. According to Rosales et al. (2015),
synchronisation likelihood is very computationally expensive. Thus, the approach
of Chen et al. (2018) is unsuitable for real-world long time series data. The authors
claimed high accuracy for a balanced classification task. However, there is no
comparison with other methods.

Supriya et al. (2016) applied machine learning models (support vector ma-
chine and K-nearest neighbour) combined with global complex networks features
(modularity and average weighted length) to cluster EEG time series data. That
approach is appropriate only for univariate time series, and the authors classify
the entire time series as epileptic or not. That method contrasts with classifying
each point of the time series, a task critical for stress detection. There are some

very similar approaches Diykh et al. (2017); Wang et al. (2016) which are similar
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to the approach of Supriya et al. (2016) research.

In summary, current approaches to complex networks research with time
series data have three disadvantages. First, current methods are more suitable
for univariate or short-time series data. However, with the rapid development
of high-quality wearable devices, much longer, multivariate time series data are
now available. Secondly, many methods contrast with segmenting the individual
time stamps. Classifying individual timestamps in time series data is necessary for
stress detection. The last one is that current complex networks methods combined
with deep learning did not provide a comparison with state-of-the-art time series

classification methods.

3.3 Conclusions

This chapter presents benchmark datasets and all novel methodologies used in
this PhD thesis. This thesis’s experiments used all three datasets: Driver Stress
Data, WESAD, and SWELL-KW. This chapter also reviews topological data
analysis and complex networks, two novel data analytic approaches.

This thesis experiments classify stress from long multivariate time series data.
These experiments also apply topological data analysis and complex networks.
Since TDA experiments incur substantial computational costs, especially when
generating TDA features from time series, using a time window can be a useful
technique to filter a reasonable subset of data for feature extraction. Betti numbers
are also a simple feature that can be applied to experiments in this thesis. In
complex network experiments, the visibility graph method can be a suitable
way to convert time series data into networks, as it offers many advantages.
The advantages of the visibility graph method are that it preserves the complete
characteristics of each timestamp in the time series, does not require preprocessing,
and is parameter-free. Suitable complex network features are also chosen to extract

from the time series data.






Chapter 4

Stress detection using
conventional methods and
image-based data

4.1 Introduction

This chapter introduces several conventional methods and one image-based
method for detecting stress in physiological time series data. This chapter contains
three experiments. The first experiment detects stress in Driver Stress Data using
two conventional machine learning methods and one statistical method. The two
machine learning methods are Long short-term memory (LSTM) and recurrent
neural networks (RNN) models, respectively. The statistical method is Vector
Autoregressive (VAR). The second experiment uses a 2D CNN model to detect
stress from data generated by the outer product of physiological time series data.
The third experiment detects stress from image-based data. This experiment
uses the recurrent plot method to generate image-based data from physiological
time series data. The contributions of this chapter are the outcomes of these
three experiments. The outcome of the first experiment is a complete comparison
between machine learning and statistical models in the context of classification
for physiological data. The outcomes of the second and third experiments serve as
novel inputs to deep learning models. The outcome of the third experiment is a
novel image input that can be utilised using computer vision methods to improve

the effectiveness of the stress detection process.
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4.2 Stress detection using conventional machine
learning and statistical methods

Whether machine learning and statistical models will perform better is an
important research question in the time series research community. Makridakis
et al. (2018a,b) compared many machine learning and statistical approaches in
several time series competitions. The authors aim to determine which method
performs better. This subsection addresses the above question in a physiological
context by comparing the performance of machine learning and statistics on
multivariate time series, using LSTM, RNN and VAR as examples. LSTM, RNN
and VAR are all common methods for time series classification (Gopali et al. 2024).
The advantage of this experiment is that it provides a detailed description of the
implementation rather than a general explanation, unlike other similar research.
This is also the first comparison of machine learning and statistics for multivariate
physiological time series; meanwhile, other research has focused only on univariate
time series, which is simpler and less practical nowadays. After setting up the
VAR model, this experiment also checks the Durbin-Watson Statistic to identify
any data patterns that the VAR model still misses when making classification.
This test will make this experiment more complete than other research using
VAR.

Recently, some studies have attempted to answer the question of comparing
the performance of statistical and machine-learning classification models on real
datasets. These researches mostly utilise LSTM and ARIMA, the two most
common machine learning and statistical methods. Namini et al. (2018); Tang
et al. (2020); Temur et al. (2019); Yamak et al. (2019) and Weytjens et al. (2021)
made comparisons of the performance of LSTM and ARIMA on multiple stock
datasets, a bitcoin price dataset, a house price dataset, an ionospheric dataset
and a cash flow dataset, respectively. Namini et al. (2018); Tang et al. (2020) and
Weytjens et al. (2021) showed that LSTM perform better than ARIMA, meanwhile
Yamak et al. (2019) and Temur et al. (2019) showed the better performance of
ARIMA compare to LSTM. None of the authors specified how to choose ARIMA
parameters, how to make the data stationary before applying ARIMA, or the
detailed structure of the LSTM model used. Only Temur et al. (2019) mentioned

the implementation shortly when they used more than one combination of three
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parameters p, ¢, and d or ARIMA and tested the model. However, the authors
chose one combination without confirming that it would perform better than
the others. The only group of authors who provided detailed parameters and
hyperparameters for their LSTM model is Tang et al. (2020). However, they
neglect details on how to convert data to a stationary form for ARIMA. Weytjens
et al. (2021) does not even mention the dataset size, the train and the test set.

All these researches concentrate only on univariate time series. Meanwhile,
many practical tasks, such as analysing physiological data, have multivariate time
series. There is also a difference between the physiological data and the data used
here, because the physiological data is noisy. As a result, it is usually hard to
extract meaningful patterns from physiological data(Guo et al. 2020).

This experiment uses a version of the first dataset (Driver Stress Data) (Healey
2000). This dataset contained GSR, ECG, respiration data and EMG of 9 drivers
(see some features from Figure 4.1). In addition to these features, several statistical
features were calculated from heart rate variability. These features belong to two
types: time-domain (average of all normal-to-normal intervals (AVNN), standard
deviation of all normal-to-normal intervals (SDNN), root mean square of successive
RR interval differences (RMSSD), percentage of differences between successive
normal-to-normal intervals that are greater than 50 ms (pNN50)) and frequency-
domain (total spectral power of all normal-to-normal intervals less than 0.003 Hz
(ULF), total spectral power of all normal-to-normal intervals between 0.0033 and
0.04 Hz (VLF), total spectral power of all normal-to-normal intervals between 0.04
and 0.15 Hz (LF), total spectral power of all normal-to-normal intervals between
0.15 and 0.4 Hz (HF), ratio of low to high-frequency power (LF-HF).

The sampling frequency of all features is 15.5 samples per second. The correla-
tion of features was calculated and shown in the Figure 4.2. As we can see, stress
shows a strong positive correlation with heart rate, a significant positive correla-
tion with respiration, and a strong negative correlation with AVNN. The training,
validation, and testing data contain 60%, 20%, and 20% of the physiological data,
respectively.

Mean Absolute Error and Root Mean Square Error can be used to compare
and measure the performance of classification models. These two metrics measured
the differences between real and classified values of all-time lags (Hyndman and
Athanasopoulos 2018; Namini et al. 2018).
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Y- Y,

(4.1)

was= ()3

RMSE = J (5) - (42)

where n: is the total number of observations

Y : is the real value

Y; : is the forecasted value

An LSTM model, an RNN model and a VAR model are used to detect stress.
An LSTM model is configured with two LSTM layers and two dropout layers:
the first LSTM layer has 64 nodes, and the second has 32 nodes. The output is
passed through a single fully connected layer, followed by an activation function.
The activation functions of the two LSTM layers are sigmoid, and the activation
function of the dense layer is tanh. Adam optimizer was used with a small learning
rate (0.0001). This LSTM model used nineteen previous values to classify a future
value. The values of all physiological features were normalised to the range from 0
to 1. Then, the result of LSTM with the first driver with the number of epochs
is 100, which can be seen in Figure 4.3. Since the number of epochs increased
from 1 to 100, the loss values for both the training and validation sets approached
0.25 and 0.24, respectively. Thus, this model performs well on physiological time
series data. An RNN model with a similar structure, two RNN layers, two dropout
layers, and one dense layer was also used to examine the data. Adam optimizer
with a small learning rate (0.0001) was also used with the RNN model. The
RNN model also yields results similar to those of the LSTM model. The result of
the RNN model can be seen in Figure 4.4. For the VAR model, the Augmented
Dickey-Fuller Test is applied to all features to test for stationarity. The EMG and
AVNN data for the first driver are not stationary, so first-order differencing is
applied to the time series data. The lag order p of the VAR model will be set to
seven, so both the LSTM and the VAR will use nineteen past values to make a
classification. Coefficients of all time lags of equation (2.4) are shown in Table 4.1.
After building the VAR model, some observed data patterns may not be explained
by the model. Durbin Watson Statistic is used to check if this condition happens;
the statistical result ranges from 0 to 4, and if the statistical value is close to 2,

there is no remaining pattern. As we can see in Table 4.2, the result of the Durbin
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Watson Statistic shows that this VAR model works well for the physiological data
since all the values are close to 2.

The final result shows a similar performance of LTSM and RNN, and also
better performance of LSTM and RNN compared with VAR, since the Mean
Absolute Error and Root Mean Square Error of LSTM on the test set are 0.39
and 0.49, RNN on the test set are 0.4 and 0.5, while the values of VAR on the test
set are 0.53 and 0.72, respectively. The LSTM has stable training and loss curves.
The rapid drop and subsequent plateau in the RNN’s validation loss may be due
to the vanishing gradient problem. The performance of LTSM and RNN is better
than that of VAR for classifying stress for the first driver. VAR requires stationary
inputs and typically works best with linear data. The input physiological data
were already normalised to improve VAR performance. However, because the data
are physiological, they exhibit complex patterns that are difficult to detect with a
linear model such as VAR. This is why machine learning models perform better
than VAR in this case. These early results can inform a comprehensive study of
stress classification using LTSM, RNN and VAR.
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Figure 4.1: Some values of some physiological features and stress of the first driver.

In this figure, subfigure a presents ECG, subfigure b presents EMG, subfigure ¢
presents HR, and subfigure d presents stress value.
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Figure 4.2: Correlations of physiological features of the first driver. The cyan and
red present positive correlations and negative correlations, respectively. The size
of the square and the colour intensity present the magnitude of the correlations.
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Figure 4.3: Train and validation loss of LSTM model with the number of epochs
is 100
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Table 4.1: Coefficients of VAR model

Coefficients L1 L2 L3 L4
ECG -0.181 2.13 0.157 -1.879
EMG -12.517 1.373 6.536 2.926

HR 0.021 -0.054 0.001 0.032
RESP 0.006 0.135 -0.111 0.06
AVNN -11.544 0.225 3.027 -3.685
SDNN 38.486 19.98 -18.507 0.94

RMSSD 40.408 -20.399 70.276 20.847
pNN50 -5.013 8.193 -5.14 2.781
TP 7626.459 | 2155.913 | 1174.333 | 2419.105
ULF -7514.88 | -2593.563 | -1777.832 | -2514.032
VLF -8008.472 | -1797.6300 | -531.051 | -2294.666
LF -8144.436 | -3039.483 | -1114.706 | -1494.326
HF -6084.988 | -3673.796 | -1774.476 | -6381.777
LF_HF 0.045 0.04 0.037 -0.069
stress 0.635 -0.097 0.068 -0.028

Table 4.2: Value of Durbin Watson Statistic

Features | Value
ECG 1.96
EMG 2.09

HR 1.97
RESP 2.2
AVNN 1.93
SDNN 2.03

RMSSD | 1.97

pNN50 1.94
TP 2.1
ULF 2.09
VLF 2.11

LF 1.99

HF 2.0

LF_HF 1.98
stress 2.05
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Figure 4.4: Train and validation loss of RNN model with the number of epochs is
100

4.3 Stress detection using outer product of
physiological time series data

This experiment uses the WESAD dataset; the sampling frequency is 700
Hz. This method extracts time series data using a window. Each window has
a fixed length (700 time stamps) with an 8-time series (galvanic skin response,
electrocardiogram, electromyogram, respiration rate, skin temperature, and a
3-axis accelerometer data). The outer product will be applied to each pair of time
series to produce a 2-dimensional matrix. The collections of 2D matrices formed
from all pairs of time series are used as input to a 2D CNN model. The 2D CNN
model in this research contains three 2D convolutional layers, two max pooling
layers, one flattened layer, and two dense layers (Fig. 4.5). The model will classify
each participant’s data from the WESAD dataset using three classes (stress,
baseline, and amusement). The training, validation, and testing data contain 60%,
20%, and 20% of each participant’s data, respectively. Testing the model on the
first participant of the WESAD dataset, the baseline F1 score is 70%, and the

two other classes are 0%.
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Figure 4.5: The 2D CNN model

4.4 Stress detection using recurrence plot

This method converts from time series to image-based data using the recurrence
plot method. The recurrence plot presents the recurrence states of a natural system
(Eckmann et al. 1995; Iwanski and Bradley 1998). Given a univariate time series,
with two data values (x;,v;) and (z;,y;). The colour of the recurrence plot at
(1,7) is based on the distance between two data points. If the distance exceeds a
specific threshold, the colour is black. Otherwise, the colour is white.

This experiment uses the WESAD dataset. Each time series with a window size
of 700 was converted into eight recurrence plot images of size 700*700. Examples of
recurrence plots of the first time window are shown in Fig. 4.6. The collections of
recurrence plots were used as input for the 2D CNN model (Fig. 4.5). The algorithm
uses stress, baseline, and amusement classes to categorise each participant’s data
from the WESAD dataset. 60%, 20%, and 20% of each participant’s data are used
for training, validation, and testing, respectively. The final classification results
for three classes, baseline, stress, and amusement, are shown in Table 4.3. The
classification results are not high. This may be because the recurrence plot is
sensitive to noise (He and Yu 2023). The physiological data are a complex system

that contains noise (Scarciglia et al. 2023).
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Figure 4.6: Example of recurrence plot of an 8-time series of the first-time window
of participant 2.
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Table 4.3: Test results when applying a deep learning model with recurrence plot
data on each participant.

Participants id | F1 baseline | F1 stress | F1 amusement | Balanced accurancy
2 0.72 0.18 0 0.57
3 0.92 0.77 0.02 0.79
4 0.84 0.48 0.76 0.74
5 0.8 0.8 0 0.73
6 0.71 0.18 0.06 0.57
7 0.71 0.18 0.06 0.57
8 0.7 0.04 0 0.54
9 0.82 0.85 0.04 0.76
10 0.7 0.03 0.29 0.53
11 0.66 0.61 0.42 0.6
13 0.7 0.42 0.5 0.61
14 0.7 0.03 0.04 0.5
15 0.73 0.37 0.04 0.58
16 0.74 0.59 0.19 0.65
17 0.69 0.55 0.05 0.58

4.5 Conclusions

This chapter presents three experiments to detect stress in multivariate physio-
logical time series data. The first uses traditional machine learning and statistical
methods on the Driver Stress Data dataset. The conventional machine learning
methods (LSTM and RNN) outperformed the statistical model (VAR). This
experiment may be among the first to compare traditional machine learning and
statistical methods with multivariate physiological time series data. The second
and third methods use the outer product of the time series signal and image-based
data as input to a deep learning model to detect stress in the WESAD dataset.
However, the results are not good, with low F1 scores for each emotional state.
The data generated by conventional transformation methods may not provide
sufficiently informative features for deep learning classification tasks.

This chapter’s contributions are the outcomes of three experiments. The
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outcome of the first experiment is novel in the context of physiological data,
providing a comparison of machine learning methods (LSTM and RNN) and a
statistical method (VAR) for stress classification. Machine learning models (LSTM
and RNN) already outperformed statistical models (VAR) in this special case.
The research scheme comparing machine learning and statistical methods for
classifying physiological data is not suitable for further use. The reason is that
physiological data are always nonstationary and nonlinear. The statistical models
only work well with stationary or linear data. In the case of physiological data,
machine learning models tend to perform better than statistical models. The
LSTM model has the best performance in this experiment. But LSTM lacks a
strong ability to retain long sequential information (Kong et al. 2025). Meanwhile,
physiological data always contains long sequential information. Thus, the first
experiment is the first encounter with the benchmark datasets used in this thesis.
The first experiment used only a small subset of the Driver Stress Data, an old
and small physiological dataset for stress classification. The outcome of the second
experiment provides novel input for the deep learning models. However, even using
GPU to increase the speed, it still took more than 44 hours (161,179 seconds)
to run. The second experiment also achieved a zero F1 score for stress detection.
Due to the very high running time and low score, the second experiment was
applied only to the first participant of the WESAD dataset. The F1 score for
stress detection increased in the third experiment compared to the second. The
outcome of the third experiment provides novel input in the form of images. So it
can apply the advantages of deep learning methods for computer vision. Two data
transformations in the second and third experiments, using the outer product of
the time-series signal and image-based data, still do not provide sufficient inputs

for stress detection methods.






Chapter 5

Detecting stress from
physiological time series data
using topological data analysis

5.1 Introduction

This chapter presents two experiments: the first uses topological data analysis
(TDA) to detect change points, and the second uses TDA to detect stress from
long multivariate physiological time series data. Finally, conclusions are given.

The main contribution of this chapter is a novel topological data analysis
approach to detect stress. There are currently many researchers trying to detect
stress, mainly from data collected from wearable devices. This is because wearable
devices can measure changes in physiological features caused by stressors. Machine
learning or statistics is often used to detect stress by classifying data into stress
and non-stress states. However, physiological time series data collected from
wearable devices are noisy. Researchers currently preprocess data to successfully
detect stress. This requires a deep understanding of both computer science and
clinical aspects. Topological data analysis is a novel approach with the potential
to help with noise. Topological data analysis is a combination of computational,
statistical and topological methods that find the “shape” of the data (Gidea and
Katz 2018) and is robust to noise. By “shape” it means the topological features
present in the data. However, TDA is considered computationally expensive, and
many researchers believe it is effective only for handling small amounts of data
(Savle et al. 2019; Skaf and Laubenbacher 2022). Consequently, TDA research on
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long, multivariate time series data remains underdeveloped.

The contribution of this chapter is a TDA approach to classify long multivari-
ate physiological time series data, one of the first to apply TDA to such data. It
overcomes the problem of long processing times and high memory requirements.
Extension from the univariate to the multivariate case is non-trivial. Compared
with state-of-the-art multivariate time series classification methods and stress
detection methods, we achieve strong results on the Wearable Stress and Affect
Detection (WESAD) dataset. Our proposed method uses a time window and
suitable parameters to transform data from time series to TDA and a 1D CNN
model to achieve good results. We evaluate our method using the WESAD bench-
mark dataset (Schmidt et al. 2018b). WESAD is the most recent benchmark
stress dataset containing about 60 million records from 15 participants and record-
ing Galvanic Skin Response (GSR), Electrocardiogram (ECG), Electromyogram

(EMG), respiration data, skin temperature, and 3-axis accelerometer data.

5.2 Topological data analysis and change point
detection

A change point can be used to detect the onset and offset of notable events in
physiological data. For example, change points can identify unstable respiratory
patterns that can lead to panic attacks in the human body (Rosenfield et al. 2010).
This section introduced a topological data analysis method for detecting change
points in time series data. This experiment used a version of the Driver Stress
Data that was introduced in section 3.1.1. The frequency of all data signals is 15.5
samples per second. This experiment utilised a partition of data of the first driver’s
heart rate (see figure 5.1). Then it detected change points in the data using two
TDA features (see figure 5.2 and figure 5.3). The approach detects change points
by using sliding windows. Change points can be detected by observing changes
in topological features, such as the Betti curve and the landscape distance, over
time. A fixed-size window runs through the whole time series, and the size of each
time window is 3-time lags (3 samples) with a stride of 1-time lag. Data from each
window is converted to a persistence diagram using persistent homology. With
many windows, there are many persistence diagrams. The topological differences of

these persistence diagrams are calculated using the pairwise distance of the Betti
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curve and landscape distance (two TDA features which are introduced in section
Betti curves and persistent landscape). Each kind of difference is then normalised
to get a value between 0 and 1. The normalised topological differences are assumed
to be probabilities that change points happen. If the value of topological differences
at a specific time lag of the whole time series overcomes a certain threshold (in
this example, the threshold is set as 0.3), this is considered a change point (see
figure 5.2 and figure 5.3).

In this PhD project, TDA was used to develop a method to detect change
points. The technique can detect specific events in physiological time series data.
It has the ability to detect stress because stress is also associated with special
events. However, TDA is computationally intensive. The TDA-based change point
detection method will have very high computational expenses when handling real-
world stress detection benchmark datasets. In this experiment, the TDA-based
change-point detection method was tested only with the first driver. Additional
experiments with other drivers from the Driver Stress Data were not conducted

due to the ineffectiveness in identifying change points.
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Figure 5.1: Heart rate value of the first driver. The x-axis presents time in minutes,
the y-axis presents the number of beats per minute
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Figure 5.2: Detect change point of the heart rate of the first driver (see figure
5.1) using Betti curve. In the left figure, the x-axis presents time, and the y-axis
presents normalised topological differences based on the Betti curve. In the right
figure, the x-axis presents time; the y-axis presents the number of beats per

minute.
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Figure 5.3: Detect change point of the heart rate of the first driver (see figure
5.1) using landscape distance. In the left figure, the x-axis presents time, and the
y-axis presents normalised topological differences based on landscape distance. In
the right figure, the x-axis presents time; the y-axis presents the number of beats
per minute.

5.3 Stress detection using using topological
data analysis

This section presents a novel stress detection method using TDA. The technique
can already handle the high computational expenses of other TDA approaches.
It was also validated on a benchmark dataset named Wearable Stress and Affect
Detection (WESAD). It was compared with other stress detection methods and

state-of-the-art time series classification methods on the same datasets.

5.3.1 Methodology

This experiment classifies stress based on Betti numbers using a convolutional
neural network. Our methodology applies four steps as shown in Fig. 5.4. Step
1 transforms a windowed time series into point clouds using an adapted Takens
embedding. We do this because a point cloud is a standard input to TDA. The
existing Takens embedding converts from a univariate time series to a point cloud.
We have adapted this to the multivariate case. Step 2 transforms the point cloud

into a persistence diagram. Step 3 extracts the Betti numbers and combines
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Figure 5.4: Schematic of our experimental methodology consisting of four steps
(shown as arrows). Step 1 transforms a time series into a point cloud representation.
Step 2 builds the persistence diagram. Step 3 extracts the Betti sequence. Step 4
classifies data into three classes with a 1D CNN model.

them into a single sequence. Step 4 feeds the sequence into a 1D convolutional
neural network (CNN) to detect stress into three labels: “baseline”; “stress”, and
“amusement”. Only records with labels corresponding to these three classes are
kept for this experiment. In summary, 37,601,196 of the total 60,807,600 records
were removed to make our experiment comparable to other WESAD experiments.
The giotto-tda library (Tauzin et al. 2021) was used for TDA operations in
steps 2 and 3.

5.3.1.1 Step 1: convert multivariate time series to point cloud

First, the multivariate time series data is divided into equal-length time windows
with a length of 1.1 seconds, each converted into a point cloud. The duration of
the time windows was chosen based on the experiment presented in Table 5.4.
Several time-window lengths were tested to determine the optimal value. Several
values of length of the time window were tested to choose the optimal one. These
values are 140 observations (0.2 seconds), 280 observations (0.4 seconds), 420
observations (0.6 seconds), 560 observations (0.8 seconds), 700 observations (1

seconds) and 770 observations (1.1 seconds). The model achieved the best average
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results at window size of 770 observations, and this is also the optimal window size.
It was not computationally feasible to explore longer windows. Note that a label
is associated with each time window, not the entire participant. To this end, we
adapt the Takens embedding (Takens 1981) to the multivariate setting. Starting
from a multivariate time series f(t1,%,...,tx) with k& the number of variables
and ¢; relating to univariate time series 4, each of length [. Given an embedding
dimension d and time delay parameter 7, the sequence of vectors is defined
as (f(ty), [ty +7), f(toyy+27), o, ftyy+(d=1)7), ..oy f(trg), fltrg +7),
f(te; +27), ..., f(ty; + (d —1)7)). The index j ranges from 1 to [ —d + 1 and
f(ti;) is value of time lag j, univariate time series i. For our experiments, we
choose d = 3 and 7 = 1. The Takens embedding is applied to this sequence,

resulting in a single point cloud.

5.3.1.2 Step 2: generate the persistence diagram

In the next step, the point cloud data is used to build a persistence diagram.
As the value of the filtration parameters increases, the process can become
computationally intensive. Consequently, we apply a multi-threaded approach.
The TDA edge-removal technique (Boissonnat and Pritam 2020) is also used to
retain only critical connections between points when applying persistent homology,
whilst maintaining consistent topological characteristics. Only topological features
from levels 0 to 2 are generated. These are connected components, loops and
voids, respectively.

Determining the persistent homology requires generating topological features
with increasing value of the filtration parameter (Pereira and de Mello 2015; Skaf
and Laubenbacher 2022). For a specific point cloud, the filtration parameter can
range from 0 to the maximum distance between any two points in the point cloud.
Calculation of this maximum distance is computationally expensive, so we make
the assumption that there is one point in the cloud that has all maximum values
in all dimensions, and there is another point that has all minimum values in
all dimensions. The distance between these two points is the maximum possible
distance between any two points and defines the maximum possible value of
the filtration parameter. When the filtration parameter exceeds this maximum
possible value, no further topological features are generated so that it can be used

as the maximum possible value of the filtration parameter, with a consequent
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reduction in computational expense.

Based on our proposed method for transforming a multivariate time series
from the WESAD dataset to a point cloud, using d = 3 and 7 = 1, then one
point in the Takens embedding space has 8 x 3 = 24 dimensions: 3 dimensions
for each of the 8 features: Galvanic skin response (GSR), Electrocardiogram
(ECG), Electromyogram (EMG), respiration data, skin temperature, and a 3-
axis accelerometer (x,y, z). Let p; be defined as the vector (min,;, min,;, min,;,
MANGSRi, MINECGH, MINEMG, Mg, MiNg;) and g; be defined as (mawx,;, max,,,
MAT i, MATGSRi, MATECGi, TMATEMGi, TAT,gi, MATg;), Which are the maximum
and minimum values of the respective features of participant i. The resulting
function to calculate the maximum possible filtration parameter Fi,,, of participant

7 1s defined as

Frax(i) = \/7(qi — pi)? (5.1)

Based on the minimum and maximum values of each participant (Table 5.1)
and the maximum possible filtration parameter of each participant (Table 5.2),
the maximum possible filtration parameter of all participants is for participant 9
and takes the value Fl.. = 80.

5.3.1.3 Step 3: extract the Betti numbers and combine into one

sequence

The next step calculates (5o, 81, f2), the vector of the number of 0-dimension,
1-dimension, and 2-dimension topological features. We use a vector (g, 1, B2)
of Betti numbers to partly describe a dataset as input to a deep neural network.
Given the maximum filtration parameter value of 80 each with three [ values,
we result in 80 x 3 = 240 input values for each time window input into the deep

learning model.

5.3.1.4 Step 4: 1D CNN model

The 1D CNN has already achieved some success in handling time series data. 1D
CNNSs have the advantage when processing time series data over 2D CNNs, such
as being easier to train and still achieving state-of-the-art performance (Kiranyaz
et al. 2021). In addition, 1D CNN has lower computational requirements than 2D
CNN.
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Table 5.1: The minimum and maximum value of eight physiological features of all
15 participants. The values of the first and twelfth participants were removed by the
author of WESAD because of errors that happened when recording data. The data
contains galvanic skin response (GSR), Electrocardiogram (ECG), Electromyogram
(EMG), respiration data, skin temperature, and a 3-axis accelerometer (x,y, 2)

Participant X y Z ECG | EMG | GSR | temperature | respiration
min of 2 0.21 -0.66 | -1.13 | -1.49 | -0.41 0.26 28.04 -27.90
max of 2 2.02 0.53 | 1.24 | 1.49 0.30 7.57 34.37 27.37
min of 3 -6.6 -6.6 | -6.6 | -1.5 -1.5 0 30.6 -50
max of 3 2.98 1.32 | 4.50 | 1.49 1.46 | 16.36 34.52 19.68
min of 4 | -0.0098 | -0.62 | -1.44 | -1.49 | -0.19 | 0.91 32.34 -20.94
max of 4 1.69 0.46 | 1.94 | 1.49 0.36 5.50 34.09 21.27
min of 5 | -1.0086 | -1.38 | -4.78 | -1.49 | -0.73 3.4 33.85 -25.99
max of 5 2.66 1.6 | 4.44 | 1.49 0.33 | 12.73 35.46 33.42
min of 6 0.24 |-0.67 | -3.46 | -0.71 | -0.44 | 5.17 32.87 -31.52
max of 6 1.84 0.55 | 2.28 | 1.49 0.47 | 12.25 35.22 38.8
min of 7 0.37 | -0.62 | -3.43 | -1.16 | -0.53 | 10.98 33.84 -40.3
max of 7 1.796 | 0.48 | 2.5 1.49 0.55 | 22.41 35.37 33.09
min of 8 -0.47 | -0.77 | -1.79 | -1.44 | -1.25 | 3.29 33.63 -24.35
max of 8 2.32 0.64 | 2.26 | 1.49 1.03 5.71 35.77 22.61
min of 9 0.32 |-0.37|-1.83 | -1.49 | -047 | 1.32 33.59 -45.82
max of 9 1.96 0.33 | 1.08 | 1.49 0.35 4.24 35.23 32.97
min of 10 0.48 |-043 |-1.85| -1.46 | -0.15 | 0.41 33.65 -26.93
max of 10 1.47 0.48 | 1.53 | 1.47 0.14 2.25 35.77 31.89
min of 11 0.29 |-0.82]|-1.54 | -0.87 | -0.35 | 5.62 33.43 -36.19
max of 11 2.03 0.49 | 2.61 | 1.49 0.33 8.16 35.23 30.08
min of 13 0.25 |-0.54 | -0.89 | -1.05 | -0.28 | 2.02 32.53 -30.08
max of 13 2.84 0.51 | 091 | 1.49 0.46 6.63 34.86 37.88
min of 14 0.24 |-245|-237 | -149 | -045 | 2.46 32.75 -31.62
max of 14 1.97 1.24 | 1.54 | 1.49 0.35 3.26 34.98 35.91
min of 15 0.25 |-0.62 | -2.26 | -1.25 | -0.37 | 1.25 33.01 -22.19
max of 15 2.10 0.71 | 3.7 1.49 0.50 4.31 34.9 28.75
min of 16 0.29 |-047|-343 | -14 -0.22 | 0.63 33.28 -25.28
max of 16 1.35 0.40 | 2.35 | 1.49 0.18 5.5 34.71 15.92
min of 17 0.18 |-0.66 | -1.32 | -1.25 -0.9 5 32.1 -28.02
max of 17 1.85 0.54 | 1.47 | 1.49 1.13 8.21 34.75 28.68
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Table 5.2: The maximum possible distance of each participant

Participant | Maximum filtration parameter
2 56.29
3 73.72
4 42.79
) 61.14
6 71.02
7 74.61
8 47.5
9 80
10 59.07
11 66.56
13 68.29
14 67.89
15 51.54
16 42.04
17 57.06

Following some experimentation, we trained a deep neural model (shown in
Fig. 5.5) containing two 1D convolutional layers, two dropout layers, one max
pooling layer, one flatten layer, and three dense layers. The first two dense layers
utilised L2 regularization. Dropout and L2 regularization are applied to reduce
overfitting. The pooling layer reduces the number of features extracted, allowing
the model to focus on essential features. Constructed features are transformed
into 1-dimensional data using flattening. The model is optimised using Adam with
a categorical cross-entropy loss function. Model performance is evaluated using
balanced accuracy and F1, since the dataset is unbalanced with respect to the
label.

Experiments ran on four machines of UTS with the configuration 2x AMD
EPYC 7532 2.40GHz 32 cores 256M L3 Cache (Max Turbo Freq. 3.33GHz),1024GB
3200MHz ECC DDR4-RAM (Eight Channel), 2x 1.92TB SSD SAS Drives (Raid
1) and 2x 3.84TB SSD SAS Drives (Raid 0), NVIDIA 16GB Graphics Card.
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Figure 5.5: Schematic of our 1D CNN model giving sizes of each layer.

5.3.2 Results

5.3.2.1 Results and comparisons

In the first experiment, we train a model for each participant separately, using a
60/20/20 split for training, validation, and test, respectively. Results, including
F1 score for each label, balanced accuracy, and elapsed time, are presented in
Table 5.3. Results are averaged over three runs with random initial weights, but
other parameter values are kept the same, including dropout rate 0.5, learning rate
5x 1074, and L2 0.01. The last row of the table shows averages for all participants.
The size of the time window is 1.1 seconds (which equates to 770-time lags), and
the stride is 1/700 second (which is a one-time lag).

In a second experiment, we explored different window sizes. Table 5.4 presents
results for 140 (equivalent to 0.2 seconds), 280 (0.4s), 420 (0.6s), 560 (0.8s), 700
(1s) and 770 (1.1s) and shows that a window size of 770 gives the best results for
both the F1 score of stress and also balanced accuracy compared to other window
sizes. The values in this table are the average results for participants.

In a third experiment, we compare our approach to state-of-the-art methods
for multivariate time series classification. Methods compared are Time Convolu-
tional Neural Network (Time CNN) and Fully Connected Neural Network (FCN)
(Zhao et al. 2017), Multi-Layer Perceptron Network (MLP), ResNet (Wang et al.
2017), LSTMFCN (Karim et al. 2019), Time series attentional prototype network
(TapNet) (Zhang et al. 2020b), and InceptionTime (Fawaz et al. 2020). Default
parameter settings from sktime were used. Average results over three runs are

shown in Table 5.5. Compared with the state-of-the-art multivariate time series
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Table 5.3: Test results when applying deep learning model on each participant.

Participants id | F1 baseline | F1 stress | F1 amusement | Balanced accurancy | Time

2 1 0.993 0.987 0.993 9h25m
3 0.993 0.997 0.987 0.99 10h23m
4 1 1 0.997 1 10h46m
5 0.993 0.993 0.977 0.99 12h55m
6 1 1 1 1 10h29m
7 0.987 0.993 0.977 0.987 10h42m
8 0.99 0.987 0.977 0.987 11h14m
9 1 1 1 1 10h56m
10 0.92 0.92 0.75 0.893 11h44m
11 1 1 1 1 10h40m
13 1 0.997 0.99 1 11h22m
14 1 1 0.993 1 10h31m
15 0.993 0.993 0.99 0.993 10h50m
16 1 1 0.997 1 10h52m
17 0.99 0.997 0.977 0.99 11h53m
Average 0.991 0.991 0.973 0.988 11h58m48s

Table 5.4: Average test results when training with different window sizes.

Window size | F1 baseline | F'1 stress | F1 amusement | Balanced accuracy
140 0.85 0.839 0.723 0.823
280 0.931 0.905 0.861 0.913
420 0.955 0.941 0.875 0.937
560 0.951 0.944 0.859 0.935
700 0.951 0.952 0.841 0.933
770 0.991 0.991 0.973 0.988
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Table 5.5: Comparisons with the state-of-the-art time series classification methods.
The best result is bold.

Methods F1 baseline | F1 stress | F1 amusement | Balanced accuracy
Time CNN 0.657 0.174 0.093 0.418
Full CNN 0.998 0.99 0.971 0.991
MLP 0.693 0 0 0.379
LSTMFCN 0.968 0.969 0.923 0.961
InceptionTime 0.942 0.926 0.893 0.929
TapNet 0.998 0.983 0.982 0.992
ResNet 0.996 0.987 0.944 0.984
Proposed method | 0.991 0.991 0.9673 0.988

classification methods, our proposed method achieves the best F1 score for stress
detection and the third-best balanced accuracy. TapNet, a recent deep learning
method, performs slightly better than our approach.

Finally, in Table 5.6, we compare our results against published results for
competitor methods on the WESAD dataset. The average F1 score for stress and
the average balanced accuracy score of all participants are presented. Lisowska
and colleagues used a 1D CNN to classify stress from the raw WESAD data
(Lisowska et al. 2021). Huynh and colleagues applied a customized deep neural
network model (Huynh et al. 2021). Two research teams utilised convolutional
neural networks (Alshamrani 2021; Gupta et al. 2021). Tiwari et al used Random
Forest (Tiwari et al. 2023). Our proposed method has the highest F1 score and
accuracy. Our process, with a short and optimal time window (1.1 seconds) and
a short stride (1/700 second), can easily detect patterns in which combinations
of physiological features are associated with which emotional states and rapid
changes of physiological systems. TDA data format, with the ability to analyse
noisy data, can provide better inputs for our 1D CNN model than noisy raw
physiological features or simple handcrafted features. The TDA approach also does
not require preprocessing steps, which are common in many other state-of-the-art
methods, such as that of Tiwari et al. (2023). All these reasons make our proposed
methods achieve excellent performance compared with other state-of-the-art stress

detection methods.
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Table 5.6: Comparison with other methods, some other methods only provide
accuracy or F1 score. The ’-” sign in the table represents values that were not
provided.

Methods Average F'1 score | Average accurancy
Lisowska et al. 2021 (Lisowska et al. 2021) | 0.705 -

Huynh et al. 2021 (Huynh et al. 2021) - 0.835

Alshamrani 2021 (Alshamrani 2021) 0.84 0.85

Gupta et al 2021 (Gupta et al. 2021) - 0.854

Tiwari et al. 2023 (Tiwari et al. 2023) 0.98 0.98

Proposed method 0.991 0.988

5.4 Conclusions

This chapter presents an experiment on change point detection for univariate
time series. However, this experiment is not practical for long multivariate time
series data due to the high computational cost of implementation, whereas it is
practical for short, univariate time series data.

The contribution of this chapter is a novel topological data analysis approach
to detect stress. We implemented a Takens embedding for multivariate time series
to convert the time series to point clouds and then extract TDA features (Betti
numbers) at various values of a filtration parameter to represent the persistent
homology of these data. These extracted features were used to predict stress labels
using a 1D CNN model. Our experiments confirmed that our method performs
well against state-of-the-art multivariate time series classification methods and
competing state-of-the-art methods on the WESAD data. This TDA method also
overcomes the enormous computational cost of classical TDA methods. Initially,
this TDA method mapped high-dimensional multivariate time series data to a
lower dimension using a bespoke Taken embedding. This makes the process of
storing, processing, and analysing TDA data quicker and simpler. Second, this
method provided a way to determine the optimal filtering parameter for each
participant’s data. It is better to set a threshold rather than the maximum value
for the filtering parameter. Large, intricate, and completely integrated complexes
can be avoided. This optimal filtration parameter can reduce the computational

cost of TDA processes.
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The limitation of this method is that it requires computers with a tremendous
amount of RAM to run. These TDA method experiments were run on a high-
performance computer with 1024 GB of RAM. The method also takes a lot of
time to run. The shortest time to classify a participant is 9 hours and 25 minutes,
and the longest is 12 hours and 55 minutes. On average, the method took 11

hours, 58 minutes, and 48 seconds to classify one participant.






Chapter 6

Detecting stress from
physiological time series data
using complex networks

6.1 Introduction

This chapter presents two experiments that use complex networks to detect
stress in multivariate physiological time series data. The first one is based on the
network characteristics of scale-free networks, which were already presented in
Section 3.2.2.4. The second one utilises machine learning and complex networks
features to detect stress.

The main contribution of this chapter is a novel complex networks method
to detect stress. This method combines complex networks with deep learning to
detect stress from multivariate time series data. Various data analytics techniques,
including statistics, machine learning, and many others, have previously been
used to identify stress responses from physiological time series data. However,
physiological data is characterised by high noise levels, which can prevent the effec-
tiveness of stress response detection (Léngkvist et al. 2014; Ma et al. 2023; Trirat
et al. 2024). Complex network is a data representation that geometrically depicts
the interconnections among the components of a real-world system (Iacobello
et al. 2021; Sousa and Barata 2021). Applying complex networks to time series,
especially multivariate ones, is a promising research area and can be a viable
solution for stress response detection (Gao et al. 2021; Li et al. 2022). One of the

critical questions in this research area is how to use complex network learning
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representations to capture information from time series data. This question con-
tains two parts. The first part of the question involves applying suitable complex
networks methods to convert from time series data to networks. Complex networks
approaches can convert from time series data to networks. These networks have
nodes and edges. Nodes can be individual time lags or groups of time lags. Edges
connect these nodes, which have some relationships. The second part is choosing
an appropriate topology of graphs and corresponding features from hundreds of
potential statistically complex networks features to analyse time series. These
features can show global, intermediate, nodes and edges’ level characteristics of
the networks (Silva et al. 2021). Global properties are properties of the whole
elements of networks. Intermediate properties can present properties of subgraphs.
Nodes’ and edges’ level properties exhibit individual characteristics of nodes and
edges. These complex network features are represented as vectors and can capture
specific characteristics of time series data by summarising the underlying dynamic
process (Silva et al. 2021). These complex network features can overcome the
limitations of classical time series features, which often suffer from computational
issues when handling long time series (Silva et al. 2021). Complex network features
in vector format can be used as input to deep learning models or complex networks
approaches to analyse time series data.

Our proposed method addresses the question using the visibility graph method,
weighted networks, and specific local complex networks features. The answer
can be discovered using public long physiological multivariate time series data
experiments. This chapter uses the visibility graph method of Lacasa et al. (2008)
to convert from the multivariate time series to networks. The visibility graph
method considers each time stamp as a node in a graph and visualises the value
of each timestamp using vertical bars. A terminology named ‘visibility’ between
two nodes is declared if the top of the vertical bar of one node can be seen from
the top of the vertical bar of other nodes. There will be an edge between the
two nodes if a visibility relationship exists. This method is suitable for noisy and
non-stationary multivariate time series data (Sannino et al. 2017). The visibility
graph is also parameter-free and does not require additional preprocessing, so its
computational expense will be lower than that of other methods (Silva et al. 2021).
Another reason to choose the visibility graph method is that it converts each

timestamp into a node, preserving all labels of the time series data. With more
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labels, the effectiveness of this proposed classification method can be found clearly
instead of using other complex networks conversion methods that down-sample
the time series data, which combines several time stamps to one node (Stephen
et al. 2015).

The visibility graph method creates edges based on timestamp heights, so
weighted edges with values that correlate with height can distinguish more from
less critical nodes. The weighted network can also yield more robust results than
binary edges (Subramaniyam and Hyttinen 2015).

Four complex network features, namely degree centrality, clustering coefficient,
closeness centrality, and betweenness centrality, were extracted from the built
network. Degree centrality and the clustering coefficient can identify more essential
nodes by detecting nodes with more connected edges and those with a denser
connected network of neighbours. Closeness centrality and betweenness centrality
see the more important nodes by recognising nodes with shorter distances to other
nodes in the network, and how often a node is bridged between the two shortest
distances in the graph. The method was evaluated using the Wearable Stress and
Affect Detection (WESAD) and The Smart Reasoning for Well-being at Home and
at Work Knowledge Work (SWELL-KW) data sets. The WESAD and SWELL-KW
datasets contain long multivariate physiological time series data from 15 and 25
participants, respectively. Signals from the WESAD dataset are Electromyogram
(EMG), Electrocardiogram (ECG), Galvanic Skin Response (GSR), respiration
data, skin temperature, and 3-axis accelerometer data. The signals from the
SWELL-KW dataset are Electrocardiogram (ECG), Electrodermal activity (EDA)
and heart rate data.

This method has two advantages: (1) To the best of our knowledge, this provides
one of the first complete complex networks methods to classify each time stamp
of a time series. This thesis also uses a collection of complex networks features
that can present the multivariate time series combined with a novel weighted
graph method. This collection of features differs from previous collections. (2)
This method also gains excellent results compared with state-of-the-art time series
classification methods and other stress classification methods on the WESAD and
SWELL-KW datasets.
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6.2 Experiment 1: time series segmentation and
scale-free network

There are two steps to analyzing the physiological time series data. Firstly,
the physiological time series data are converted into a network using current state-
of-the-art methods. These methods are time series segmentation and complex
networks approaches. There is already an application in the health domain using
this method (Inibhunu 2020). Physiological states are clustered into nodes, and
correlations between these physiological states are transformed into edges. Secondly,
the network’s characteristics will be surveyed.

This experiment is based on two research hypotheses. The first is based on
the fact that many real-world networks are scale-free networks (Barabési and
Bonabeau 2003; Broido and Clauset 2019), so there is an expectation that the
stress dataset network will also be scale-free. The second hypothesis concerns
that much more data can be labelled as non-stress states than data that can be
labelled as stress states. It represents the stress conditions of human beings in
real life. So, after converting from time series to network, nodes of stress states
have more critical roles than nodes of non-stress states in network topology. In
scale-free networks, important nodes are called hubs (Barabédsi and Bonabeau
2003). In the network representing the stress dataset, nodes representing stress
states will be hubs, and nodes representing non-stress states will be peripheral
nodes. Then the hubs and peripheral nodes can be detected since hubs always
have more edges. The second research hypothesis states that stress states can be

detected as hub nodes in the network and non-stress states as non-hub nodes.

6.2.1 Methods to convert from time series to graph

This part analyses methods for converting time series into graphs. These methods

include both time series segmentation and complex networks methods.

Time series segmentation methods To achieve the aim of clustering physi-
ological states, some state-of-the-art time series segmentation methods such as
HMM, FLOSS, EXPRESSO and ClaSP were surveyed (see section 3.2.2.2). How-
ever, all these above methods are only suitable when the time series length is
about a thousand-time lags, and it is not computationally reasonable to apply

to the WESAD dataset with a million-time lags. A more suitable approach, the
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visibility graph, was applied to this experiment. The multivariate time series
is transformed into a multilayer network, and then network characteristics are

analysed.

Visibility graph Lacasa et al. (2008) introduced the visibility graph method,
an approach to transform from time series to graphs. This algorithm considers
every time lag as a node of the graph. Consider a vertical column at each time
lag of the time series, with height equal to the value at that time lag. If there is a
direct line between the two highest points of vertical columns of two time lags
(nodes) without any intersection of any between vertical columns of other time
lags, there will be an edge between the two corresponding nodes. This direct line
is called a ‘visibility line’ and does not intersect any data height (Lacasa et al.
2008). Assume that there is a time series, t; is the time lag with index i, and y;
is the value of the time series at this time lag. The visibility condition can be
expressed in the equation (6.1). There is a visibility line between two data values
(ta,ya) and (tp, yp) if with any data value (t.,y.) between the two data values then
Iy — e
b —ta

Ye < Yp + (ya - yb) (61)

Figure 6.1 shows an example with a series of electrodermal activity values.
The electrodermal activity time series, time series with visibility lines, and the
converted graph from the time series are shown on the left, middle, and right.

The Python library ts2vg ! was used to visualise the figure.

6.2.2 Results

Time series data from the WESAD dataset are converted into networks using
the visibility graph algorithm. Each participant has eight physiological signals,
so each participant’s data is converted to a multilayer network with eight layers.
The weight of the edge between two points is calculated using the slope of these
two points. For example the weight between two points (t4,y,) and (¢, yp) is
calculated using equation (6.2).

:yb_ya
tb_ta

(6.2)

Wab

Thttps://github.com/CarlosBergillos /ts2vg
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Figure 6.1: Example of a visibility graph. The left figure is the original time
series with 9 time stamps. The middle figure shows the time series with visibility
lines connecting the timestamps. The right figure is a graph with 9 nodes and all
possible edges that connect the nodes. The grey line in Figure 6.1 presents the
line in Equations 6.1 and the weight of the line is presented in Equations 6.2

Adjacency matrices can represent all layers of the multilayer network. Each
participant has eight physiological features, so each participant has eight adjacency
matrices. Then, all layers of the multilayer network are combined into a single
network by summing up all layers’ weights. Each participant has one combined
network. The aim of combining all layers is to create a single network and then
analyse it to confirm whether it is scale-free. If the combined network is scale-
free, then hubs can be detected. The scale-free networks have log-log graphs
with the shape of straight lines as described in figure 3.9 of Section 3.2.2.4. The
degree distribution presents the frequency of nodes’ degree values. In the degree
distribution diagram, the x-axis is the node degree values, and the y-axis is the
frequency of the node degree values. The log-log graphs contain logarithmic scale
on both the x and y axes of the degree distribution diagram.

After the combination, the final network of participant 2 exhibits a log-log
graph that is not a straight line, indicating that this network is not scale-free
(see figure 6.2). The reason is six signals, x coordinate (ax), y coordinate (ay), z
coordinate (az), EDA, EMG, and body temperature, can be presented as log-log

graphs of scale-free networks, but the respiration data and ECG can not be
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(see figure 6.3 and 6.4). The combined networks of other participants are also
not scale-free networks. Other participants’ combined networks can be found
in the Appendix A. The time series, degree distribution and log-log graphs of
other participants can be found in the Appendix B. With other participants, six
signals, x coordinate (ax), y coordinate (ay), z coordinate (az), EDA, EMG, and
body temperature, can also represent scale-free networks. Still, other participants’
respiration data and ECG can not be. Since no combined network of participants
is a scale-free network, the assumption of the scale-free network (nodes of stress
states will be the hubs and nodes of non-stress states will be peripheral nodes)
can not be applied.

This research experiment is not a comprehensive solution to stress detection.
The reason is that the combined networks are not scale-free, and stress states
cannot be detected as hubs in scale-free networks within the combined networks.
Some modifications can be tested to find a better solution. First, this approach
can apply more sophisticated methods to combine networks rather than summing
weights. The new combined networks, formed using a novel combination method,
can be scale-free. In case the degree distribution of combined networks still does
not follow a power law, the combined networks still can be considered scale-free
networks if the degree distribution of combined networks follows some other
version of the power law function (Chattopadhyay et al. 2020). This process
requires calculated values of many functions. Second, the combined networks
can be small-world networks. Scale-free and small-world networks both have low
average shortest-path lengths (Perera et al. 2017). Differences between scale-free
and small-world networks are that the degree distribution of the former is bell-
shaped, whereas that of the latter follows the power law (Perera et al. 2017).
Small-world networks are representations of physiological systems, such as the
brain (Han et al. 2025). The small-world networks can be detected using the
small-worldness index (Hosseini and Kesler 2013). Hubs can also be found in the
small-world networks. However, this approach may have disadvantages. Combining
the layers of the networks, then trying other versions of power law functions or
calculating the small-worldness index, can lead to high computational expenses.
Another solution is to extract features from each layer of the network and then
analyse the network. These features are complex network features that depend on

weights. These features also encode temporal dependencies, meaning that values at
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a specific time lag are affected by values at previous time lags. This characteristic

can improve the ability to classify stress.
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Figure 6.2: Degree distribution and the log-log graph of the combined network of
the participant 2
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Figure 6.3: Degree distribution of networks which present physiological time series
data of the first participant (participant identifier number 2) from the WESAD
dataset. The data are 3-axis accelerometer data (x, y, z) and EMG. From left to
right, the signal, the degree distribution, and the log-log graph
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Figure 6.4: Degree distribution of networks which present physiological time series
data of the first participant (participant identifier number 2) from the WESAD
dataset. The data is EDA, temperature data, ECG, and respiration data. From
left to right, the signal, the degree distribution, and the log-log graph
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6.3 Experiment 2: complex networks features
and neural networks

6.3.1 Methodology

This experiment contains four steps, as illustrated in Figure 6.5. The multivariate
time series data from WESAD and SWELL-KW were converted to multi-layer
networks using the visibility graph method in the first step. The second step
applied a proposed weight to the multi-layer networks. In the third step, four
local complex network features were extracted from each time window and used
as input for the machine learning and deep learning models. Finally, in the fourth

step, the models learned features from the graphs and performed stress detection.

6.3.1.1 Step 1: convert multivariate time series to visibility graphs

Time series data from the WESAD and SWELL-KW datasets were converted into
networks using the visibility graph algorithm. Each participant of the WESAD
and SWELL-KW datasets has eight and three physiological signals, respectively.
WESAD contains data on galvanic skin response (GSR), electrocardiogram (ECG),
electromyogram (EMG), respiration rate, skin temperature, and a 3-axis accelerom-
eter. SWELL-KW has heart rate, electrocardiogram (ECG) and electrodermal
activity (EDA). Each participant’s data was converted to two multi-layer com-
plex networks with eight and three layers, respectively. The number of layers
in these two multi-layer networks equals the number of physiological signals in
the WESAD and SWELL-KW datasets. The network of each layer contains the
same collections of nodes, and each node corresponds to a timestamp of the time
series. Each network from different layers of the multi-layer networks has different
edges, and the visibility graph algorithm determines the existence of edges. To
reduce computational time, a divide-and-conquer method was used to construct
the visibility graphs (Lan et al. 2015).

6.3.1.2 Step 2: build weighted networks

The weight of the edge between two points is calculated using the slope between
these two points. For example the weight between two points (¢4, v,) and (s, ys)

is calculated using equation (6.3).
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Figure 6.5: Four steps of this proposed method. Step 1 converts multivariate time
series data to networks. Step 2: create weighted networks. Each network node
corresponds to a physiological time series timestamp. The weight of an edge is
the angle between two connected nodes that make up this edge. Step 3 extracts
four complex network features: degree centrality (Cp), closeness centrality (C¢),
betweenness centrality (Cg), and clustering coefficient (Cp). These features are
defined from the equation 6.4 through 6.7. Step 4 classifies emotional states.

:yb_ya
ty — t,

(6.3)

Wab

From the networks, only time stamps with one of the three labels (baseline,
stress, amusement for WESAD and neutral, stressed from time pressure, stressed

from interruption for SWELL-KW) were used to extract features in the next step.

6.3.1.3 Step 3: extract complex networks features

This step applied a fixed-length time window to the time series. This experiment
extracted four complex networks features: degree centrality, closeness centrality,
betweenness centrality, and clustering coefficient from each time window (Barrat
et al. 2008; da F. Costa et al. 2007). Let G(V, F) be a graph, and V', E be the
collection of nodes and edges, respectively. |V is the number of nodes.

The degree centrality of a node is the number of edges that connect to this

node (Boudin 2013). This feature can be normalised using degree centrality as
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input to the deep learning model for stress detection. Let N(V;) be the number
of nodes that connect to node ¢. The degree centrality value is normalised by

dividing by the maximum possible number of edges of one node, using

N (Vi)

(6.4)

The closeness centrality of a node is the inverse of the average length of all
shortest paths between this node and all other nodes in the graph (Boudin 2013).
Let distance(V;,V;) be the shortest distance between two nodes i and j. The

formula of closeness centrality is

_ Vi-1
B Yv,ev distance(V;, V;)

Cc(V7) (6.5)

Betweenness centrality is the number of times a node becomes a bridge of
the shortest path between two other nodes (Boudin 2013). Let o(V}, V) be the
number of shortest paths between two nodes j and k, and o(V}, Vi|V;) is the
number of shortest paths between two nodes 5 and k that also go through node .

The formula for the betweenness centrality of node 7 is

ViV AVeEV 7“?{}”&"@
Cp(Vp) = 227 T 6.6
sV = oV -2)2 (6.6)

The clustering coefficient of a node shows how all connected nodes to this
node and all related edges of these connected nodes become a complete graph
(Saramaki et al. 2007). For example, node i of the graph connects with k; nodes.
Let G;(k;, E;) be the sub graph that contain all k; nodes and |k;| is number of
nodes of this sub graph. If G; is a complete graph then E; equal to (|k;])(|k:|—1)/2.

The formula of the clustering coefficient of the node i is (6.7) :

2F;
(ki) (i = 1)/2

In this part, an example of the four complex networks features is given using

Co(Vi) = (6.7)

a specific network topology (Pavlopoulos et al. 2011) with seven nodes and six
edges (see Fig. 6.6). Node V; will have degree centrality Cp(V1) = 4/6 since there
are four nodes connected with node V1 and the total number of nodes are 7. The
clustering coefficient of node V; Cy(V}) = 0/6 since with the subgraph with four

nodes Vs, Vs, Vg, V7 does not connect. Meanwhile, the total number of possible
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Figure 6.6: Example of a network.

edges is 4*3/2. The closeness centrality is equal to 6/(4*1+1*2+1*3). Since the
shortest distance from node V; to four nodes V5, Vi, Vg, V7 is 1, to node V5, Vs
is 2 and 3 respectively. The betweenness centrality is equal to 12/25. Twelve
shortest paths go through node Vj, and there are only the shortest paths between
corresponding nodes. The list of twelve shortest paths is V5 - V5, Vo - Vg, Vo - V7,
Vi - Vs, V- Vo, Vo - Vo, Vi - V5, Vi - Ve, Vi - Vi, Vi - Vg, Vo - Vo, Vs - V2

To reduce computational expense and reduce running time, betweenness
centrality and clustering coefficient were calculated using approximation methods

of Cohen et al. (2014) and Riondato and Kornaropoulos (2014), respectively.

6.3.1.4 Step 4: machine learning and deep learning models

With each time series, four features are extracted: degree centrality, closeness
centrality, betweenness centrality, and clustering coefficient. Two machine learning
models are set up for the experiment: one Random Forest and one neural network.
Two models were validated on the WESAD dataset. Each model was trained
separately on each participant’s time series data, using a 60/20/20 split for training,
validation, and testing, respectively.

Random Forest and a simple neural network were used, with the features
as inputs, to classify stress. The first one is a Random Forest. With the aim of

improving the result of Random Forest, grid search and Bayes optimization are
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Table 6.1: The parameters of Grid search

Parameters Ranges of value | Best value
number of trees 500, 1000, 2000 2000
number of features to consider attto. sart. log? anto
when looking for the best split » 54T, 108
maximum depth of the tree 10, 20, 50, 100 50
function to measure the .
gini, entropy entropy

quality of a split

Table 6.2: The parameters of Bayes optimization

Parameters Ranges of value | Best value
number of trees 500, 1000, 2000 2000
number of features to consider attto. sart. log? st
when looking for the best split » SArt, J08 4
maximum depth of the tree from 1 to 100 92
function to measure the . ..
gini, entropy ginl

quality of a split

applied for hyperparameter optimisation. The parameters of the two optimization
methods of participant 2 are listed in Table 6.1 and Table 6.2. The second one is
a neural network with four fully connected layers. The results of all methods of
participant 2 are listed in Table 6.3. The results showed that traditional machine
learning models can not achieve very good results on this time series data. In
terms of F1 of stress detection for participant 2, the method achieved the highest
result of 0.4594. Meanwhile, current methods of (Alshamrani 2021; Lisowska et al.
2021; Tiwari et al. 2023) have already achieved F1 scores of 0.732, 0.88, and 0.95,
as reported in the respective papers. Deep learning models specialised for time
series, such as 1D CNN, need to be evaluated to achieve better results. Due to
the long-running time of this experiment (14 hours for just participant 2) and
the F1 score was not high, this experiment was only tested with one participant.
This experiment assumes that the data of participant 1 are representative of the
dataset.

The deep learning model in this research contains three 1D convolutional
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Table 6.3: The results of machine learning models using complex networks features

Models F1 baseline | F1 stress | F1 amusement
Random Forest 0.8040 0.4561 0.7119
Random Forest
Grid Search 0.7523 0.4594 0.4618
Random Forest 0.7524 0.347 0.4627
Bayes optimization
Neural network 0.7687 0.3247 0.6270
Conv 1D layer Conv 1D layer Conv 1D layer Dense layer

(64,9,1)) (64,(7,1)) (2(51) 128) nyonse layer
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Figure 6.7: Topology of 1D CNN model.

layers, one max pooling layer, one flattened layer, and three dense layers (Fig. 6.7).
The pooling layer reduces the number of built features, allowing the model to
focus on essential parts of features. Constructed features will be transformed into
1-dimensional data using the flattening technique, and one-dimensional data will
be used as input for two dense layers, then passed to the output layer. The deep
learning model will apply the Adam optimiser with the value of the learning rate
of 5x 107*. The model uses the loss function of categorical cross-entropy to handle
multi-class classification. The number of epochs is 20. This deep learning model
classifies into the three emotional states for both WESAD and SWELL-KW. The
output data is transformed into a category with a one-hot encoding. The model’s
performance was assessed using balanced accuracy and F1 score. The dataset
was unbalanced, so balanced accuracy and F1 score are suitable to determine the

ability of the deep learning model to detect stress.
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6.3.2 Results

There were three experiments run. The first experiment was run to find the time
window that can provide optimal results for the 1D CNN model. The second
experiment applied complex network features to the 1D CNN model for each
of the 15 WESAD participants and the 18 SWELL-KW participants. The third
experiment compared the model results with state-of-the-art multivariate time
series classifiers.

In the first experiment, 1D CNN models and complex networks features
were trained separately with each participant’s data. Each participant’s training,
validation, and test sets are 60%, 20%, and 20% of each participant’s data, without
shuffling or overlap. The models ran three times for each participant, and the final
results were the average results of 15 participants (Table. 6.4) of the WESAD
dataset and 18 participants of the SWELL-KW dataset (Table. 6.5). Several time
window sizes were evaluated to identify the optimal configuration for the deep
learning model. The value of the stride of the time window remains at 1. With
WESAD, the collection of time window sizes contains 35, 70, 140, 210, 280, and
350 observations, equivalent to 0.05, 0.1, 0.2, 0.3, 0.4, and 0.5 seconds, respectively.
The table shows optimal results for a time window size of 350 observations (0.5
seconds). With SWELL-KW, the collection of time windows is 32, 64, 128, and
192, corresponding to 0.25, 0.5, 1, and 1.5 seconds, respectively. The optimal
time window for SWELL-KW is 192 observations (1.5 seconds). The optimal time
windows of the two datasets are the largest windows. It was not computationally
possible to explore longer time windows.

With the second experiment, the 1D CNN models were trained with the optimal
time window size of 350 observations equivalent to 0.5 seconds for WESAD
(Table. 6.6) and 192 observations equivalent to 1.5 seconds for SWELL-KW
(Table. 6.7), and the stride length was 1. The last row of each of the tables
shows the average results for all participants. The participants’ results are pretty
consistent.

With the third experiment, the average results were compared with the average
results of other state-of-the-art time series classification methods, namely Time
Convolutional Neural Network (Time CNN) and Fully Connected Neural Net-
work (FCN) (Zhao et al. 2017), Multi-Layer Perceptron Network (MLP) (Wang
et al. 2017), LSTMFCN (Karim et al. 2019), Time series attentional prototype
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Table 6.4: Average emotional classification results when training the model 3 times
using various window sizes of WESAD

Window size | F'1 baseline | F1 stress | F1 amusement | Balanced accuracy
35 0.841 0.702 0.523 0.746
70 0.885 0.79 0.689 0.823
140 0.951 0.911 0.874 0.927
210 0.983 0.968 0.954 0.973
280 0.993 0.988 0.982 0.989
350 0.997 0.991 0.989 0.994

Table 6.5: Average emotional classification results when training the model 3 times
using various window sizes of SWELL-KW

Window size | F'1 neutral | F1 time pressure stress | F1 interruption stress | Balanced accuracy
32 0.701 0.583 0.7 0.701
64 0.857 0.775 0.837 0.857
128 0.968 0.95 0.961 0.968
192 0.989 0.982 0.985 0.989

network (TapNet) (Zhang et al. 2020b), InceptionTime (Fawaz et al. 2020) and
ResNet (Wang et al. 2017). All the state-of-the-art methods were deployed using
the library sktime. Default parameter settings from sktime were used. The re-
sults for WESAD, SWELL-KW are shown in Tables 6.8 and 6.9. Our proposed
methods achieved the best results in both stress response and amusement clas-
sification, and the second-best in baseline classification, and balanced accuracy
on the WESAD dataset. The scores for baseline classification and balanced ac-
curacy are almost the same as those of the best methods, TapNet and ResNet,
respectively. Using good combinations of input features, our 1D CNN model with
simple topology can already perform as well as very complicated deep learning
models such as Tapnet and Resnet (with 35 layers and 50 layers, respectively). In
the case of SWELL-KW, our proposed method gained the best results regarding
both F1 scores for classifying stress because of time pressure and interruption.
The methods also achieved the best results in terms of balanced accuracy.

The average F1 score for stress classification and balanced accuracy of our




CHAPTER 6. DETECTING STRESS FROM PHYSIOLOGICAL TIME
130 SERIES DATA USING COMPLEX NETWORKS

Table 6.6: The emotional classification results for each participant of WESAD.

Participant id | F'1 baseline | F1 stress | F1 amusement | Balanced accuracy | Time

2 1 0.993 1 0.993 3h2m
3 1 0.993 1 1 3h45m
4 0.993 0.993 0.98 0.993 3h2m
5 1 0.997 0.99 0.997 3h39m
6 1 0.99 1 1 3h10m
7 0.993 0.983 0.967 0.987 3h15m
8 0.997 0.993 0.987 0.997 3h16m
9 0.997 0.987 1 0.99 3h21m
10 0.99 0.987 0.973 0.987 3h14m
11 0.993 0.987 0.997 0.993 3h8m
13 1 0.997 0.987 0.997 3h49m
14 1 0.993 1 1 3h14m
15 0.997 0.977 0.963 0.983 3h 4m
16 1 0.99 1 0.997 3h52m
17 1 1 0.99 1 3h26m
Average 0.997 0.991 0.989 0.994 3h21m50s

proposed methods were also compared with other published WESAD stress classi-
fication methods. On these methods, four used deep learning models (Alshamrani
2021; Gupta et al. 2021; Huynh et al. 2021; Lisowska et al. 2021) and one used
classical machine learning model (Tiwari et al. 2023). Our methods gain the best

F1 score and balanced accuracy compared with other methods.
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Table 6.7: The emotional classification results for each participant of SWELL-KW.
The ’-” sign in the table indicates that the corresponding labels are not given for
this participant.

Participants id | F1 neutral | F1 time pressure stress | F1 interruption stress | Balanced accuracy
1 0.99 0.99 0.9867 0.9867
2 0.9967 1 1 1

3 - 0.9933 0.9933 0.9933
4 1 1 - 1

5 1 0.9867 0.9967 0.9967
6 0.99 0.98 0.9867 0.9867
7 0.9867 0.96 0.9833 0.9767
9 1 0.99 0.9967 0.99
10 1 1 - 1

12 1 0.99 0.99 0.99
13 0.99 0.99 0.9867 0.99
14 0.9867 0.95 0.9833 0.9833
16 0.9933 0.9933 1 0.9967
17 0.99 0.9767 0.9933 0.9867
18 0.9533 0.9467 0.9533 0.9533
19 0.97 0.9633 1 0.9933
21 0.9733 0.9633 0.9233 0.9633
24 0.99 0.9967 - 0.9967
Average 0.989 0.982 0.985 0.989
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Table 6.8: The classification results of state-of-the-art multivariate time series

classification methods and this proposed method on WESAD dataset

Methods F1 baseline F1 stress F1 amusement | Balanced accuracy
Time CNN 0.907 +0.039 | 0.71 £ 0.122 0.63 £ 0.176 0.825 £ 0.077

Full CNN 0.926 £0.045 | 0.753 £0.161 | 0.716 £0.187 | 0.864 + 0.097
MLP 0.696 £ 0.006 | 0.022+£0.039 | 0+0 0.538 £ 0.011
LSTMFCN 0.973£0.035 | 0.972+£0.014 | 0.931 £0.033 | 0.968 +0.024
InceptionTime 0.997 £ 0.005 | 0.973 £0.005 | 0.914 £0.028 | 0.979 4+ 0.006
TapNet 0.996 £ 0.006 | 0.98 +0.018 0.984 £ 0 0.995 £ 0.001
ResNet 0.998+0 0.972£0.002 | 0.935+0.031 | 0.982 4 0.004
Proposed method | 0.997 £ 0.001 | 0.991 £+ 0.002 | 0.989 + 0.002 | 0.994 + 0.002

Table 6.9: The classification results of state-of-the-art multivariate time series
classification methods and this proposed method on SWELL-KW dataset

Methods F1 neutral F1 time pressure stress | F'1 interruption stress | Balanced accuracy
Time CNN 0.483 +0.094 | 0.298 +0.05 0.527 +0.059 0.647 +0.043

Full CNN 0.848 +£0.029 | 0.768 4+ 0.021 0.821 +0.036 0.865 + 0.018
MLP 0.29+0 0.125+0 0.357+0 0.546 + 0
LSTMFCN 0.859 4+ 0.02 0.752 + 0.067 0.85 £ 0.007 0.874 +0.018
InceptionTime 0.944 +0.009 | 0.888 £+ 0.029 0.952 +0.012 0.954 + 0.01
TapNet 0.741 £0.018 | 0.577 +0.061 0.752 +0.016 0.768 +0.023
ResNet 0.888 £+ 0.02 0.811 +0.043 0.843 +0.059 0.893 4+ 0.028
Proposed method | 0.989 + 0.003 | 0.982 + 0.002 0.985 + 0.001 0.989+0
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Table 6.10: The classification results of other publications and this proposed
method on the WESAD dataset. The sign ’-” in the table presents the corresponding

values that are not given.

Methods

Average F1 score

Average accuracy

Lisowska et al. 2021 Lisowska et al. (2021)

0.705

Huynh et al. 2021 Huynh et al. (2021) - 0.835
Alshamrani 2021 Alshamrani (2021) 0.84 0.85
Gupta et al 2021 Gupta et al. (2021) - 0.854
Tiwari et al. 2023 Tiwari et al. (2023) 0.98 0.98
Proposed method 0.991 0.994
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6.4 Conclusions

This chapter presents complex network approaches for detecting stress re-
sponses in long, multivariate physiological time series data. The first experiment
uses network topology and complex network features, combined with machine
learning, to detect stress. The main contribution of this chapter is the second
experiment, which presents a novel method for complex networks to detect stress.
This method chose the suitable complex networks representation and features to
capture information from the time series data, and also had a suitable 1D CNN
model to learn from these features. The optimal time window size for the complex
network is shorter than that of the TDA method (0.5 seconds compared to 1,1
seconds, respectively). This complex networks method has an average running
time of just 30% compared with the TDA stress detection method on the WESAD
data set (3 hours 21 minutes 50 seconds compared to 11 hours 58 minutes 48
seconds). The F1 scores of the two methods are almost identical; the average
balance accuracy of the TDA method is slightly better than that of the complex
networks method. This proposed method has already achieved excellent results
compared with state-of-the-art multivariate time series classification methods and
other stress classification methods on the WESAD and SWELL-KW datasets. Our
method is a personalised stress response detection model. According to Koldijk
et al. (2016); Schmidt et al. (2018a,b), different individuals exhibit different phys-
iological responses to stress, so stress detection methods should be personalised.
The limitation of this method is that it is not a general stress detection method

that uses participants’ physiological data to infer the stress of other participants.
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Conclusion

Stress is a dangerous threat to people. Indicators of a negative stress response
can be detected from physiological data collected using wearable devices. There
are many stress detection methods for physiological time series. However, these
methods still have many limitations. Many methods use traditional machine
learning or statistical techniques to detect or find relationships between features
and stress. More advanced methods, such as deep learning, can provide better
insights into emotional states. Many studies apply only simple handcrafted features
to physiological time series data. State-of-the-art data analytic methods, such
as topological data analysis and complex networks, which capture the “shape”
of data and analyse complex systems, are promising approaches for generating
more complete features for detecting stress. Many stress detection methods also
do not provide comprehensive comparisons with other methods on benchmark
datasets. This can not validate the effectiveness of the methods. There is an urgent
demand for developing novel stress detection methods that can overcome the
current limitations of current stress detection methods.

This PhD thesis has three research questions. The experiments in chapters 4,
5, and 6 address the three research questions and limitations of previous stress
detection research.

Research question 1 : How can we detect stress using conventional machine
learning and statistical methods, deep learning models with the outer product
of physiological time series as inputs or deep learning models with image-

based inputs?

Answer: Chapter 4 provides three stress detection approaches using conventional
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machine learning and statistical techniques, a deep learning model with
the outer product of physiological time series data as input, and a deep
learning model with image-based data as input. The first approach uses
conventional machine learning and statistical methods to classify stress
states. The second and third approaches utilise the outer product of the
time series signal and image-based data as input to a 2D CNN model to
detect stress. The classification results are not good since conventional
transformation methods may not provide good features for deep learning

models to perform classification tasks.

Research question 2 : [s it a promising approach to detect negative stress
responses in physiological time series data using topological data analysis
(TDA)?

Answer : Chapter 5 provides a comprehensive approach to detect stress from
long multivariate physiological time series data by extracting features using
TDA, which were then input into a 1D CNN. The TDA approach to classify
stress has already overcome some of the limitations of TDA that prevented
its widespread adoption for handling massive amounts of data, such as long
multivariate time series. First, this TDA approach used a custom Taken
embedding to map high-dimensional multivariate time series data to a
lower dimension. This allows the approach to become faster and easier when
saving, processing and analysing TDA data. Finally, this approach provided a
formulation for finding the optimal filtration parameter for each participant’s
data. Setting a threshold on the filtration parameter is preferable to using the
maximum value. It can avoid handling large, complicated and fully connected
complexes. This approach achieved better classification performance than
other stress detection methods and state-of-the-art time series classification

methods on the same benchmark dataset.

Research question 3 : [s it a promising approach to detect negative stress

responses in physiological time series data using complex networks?

Answer : Chapter 6 provides a comprehensive complex networks approach to
detect stress from time series data. The current state-of-the-art in complex

network research primarily applies to short or univariate time series data.
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This approach provides a complete complex networks method to handle long
multivariate physiological time series data. The reasons are the difficulty of
mapping multivariate time series to networks while preserving information,
the high dimensionality, and the computational complexity. The method
developed a complex networks representation of multivariate physiological
data and then extracted complex network features for input into a 1D CNN
model. This method has several advantages when classifying multivariate
time series data. Firstly, it provides network representation that can preserve
the information of multivariate data. Secondly, it addressed the problem
of high dimensionality and computational complexity through feature ex-
traction. It converts from a multivariate time series to a low-dimensional
set of complex network features. It also reduces computational complexity,
since deep learning models need only work with a set of features rather
than the entire time series. Thirdly, this method has the ability to provide
good stress classification results. It classifies the emotional states associated
with each node of the time series, which is also an individual node of the
network. The complex networks features of this method are degree centrality,
closeness centrality, betweenness centrality, and clustering coefficient. These
features represent important levels of the individual nodes of the graph
and, as a result, can improve classification power. The first three features
are centrality features, which contain information about a node: how many
connections this node has, how often a node lies on the shortest path be-
tween other nodes, and how close a node is to all other nodes. The local
clustering coefficient feature contains information about how interconnected
the neighbours of this node are. The classification results of this complex
networks method are good when validated on benchmark datasets and when
compared with other stress detection methods and state-of-the-art time

series classification methods on the same benchmark datasets.

The research in this thesis also contributes to the knowledge, corresponding to

the contributions stated in chapter 1.

Contribution 1: Validated stress detection methods that use conventional ma-
chine learning and statistical methods, and stress detection methods with
inputs that are the outer product of physiological time series data or image-
based data.
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This contribution of this PhD thesis presents three stress detection ap-
proaches. The first approach uses conventional machine learning and statis-
tical approaches. The second and third approaches utilise a deep learning
model with inputs that are the outer product of physiological time series
data or image-based data. All these approaches are validated on benchmark
datasets. The experiments of this contribution are reported in chapter 4.
This chapter first comprehensively compares the use of LSTM, RNN, and
VAR for detecting stress. This experiment is the first comparison of machine
learning and statistics in multivariate physiological time series. This chapter
presents an experiment to detect stress using a 2D CNN model trained on
the outer product of physiological time series. The classification result is not
suitable when validated on a benchmark dataset. This chapter continues
to introduce a method for detecting stress using a 2D CNN model and
image-based data. Image-based data are generated from physiological time
series using the recurrent plot method. However, because the recurrent plot
method is susceptible to noise, which often occurs in physiological time-series
data, its classification performance is also low. Due to the complexity and
noisy nature of physiological data, standard machine learning or statistical
methods aren’t suitable; therefore, there’s a need for data transformation.
Simple transformations of the data, using the outer product of the time
series signal and image-based data, are also insufficient for stress detection.
More advanced methods for data transformation, such as topological data

analysis and complex networks, can yield better stress classification results.

Contribution 2: A novel topological data analysis approach to detect stress.

This method is validated on benchmark datasets, compared with stress
detection methods on the same datasets and compared with time series

classification methods.

Statistics, machine learning, and novel data analytics approaches have
been used to detect stress in physiological time series data. However, such
data is noisy, which can limit the effectiveness of algorithms. Topological
data analysis (TDA) is a novel approach that can handle noisy data and
may be promising for analysing physiological time series data. However,
TDA is currently in the early stages of development, with researchers still

grappling with the problem of feature extraction from TDA signatures
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for machine learning. The current state-of-the-art in TDA handles only
small-scale computer vision or univariate time series data analysis due to its
computational expense. This contribution presents a TDA method for stress
detection and validates it on the public Wearable Stress and Affect Detection
(WESAD) dataset. The method achieved an F1 score of 0.991 for stress
on the WESAD dataset. This contribution is a complete TDA method to
classify long multivariate physiological time series data that overcomes some
of the computational expenses and demonstrates its effectiveness compared
to state-of-the-art methods. The current limitation of this method is that
it is a personalised stress detection method, which can detect stress for
each participant. This can be improved by identifying similarities among
participants in age, gender, and occupation, and applying a single model
to a specific group of participants. Another limitation is the high running
time. This can be improved by reducing the size of the point cloud and the
computational cost of computing persistent homology from the point cloud.

The experiment of this contribution is reported in chapter 5.

Contribution 3: A novel complex networks method to detect stress. This method
is validated on benchmark datasets and compared with stress detection

methods on the same datasets and time series classification methods.

Currently, state-of-the-art applications of complex networks to time series
data are limited to clustering or classifying short time series. This con-
tribution is a technique for utilising complex networks to identify stress
from physiological time series data. It is validated on two publicly avail-
able datasets: Wearable Stress and Affect Detection (WESAD) and The
Smart Reasoning for Well-being at Home and at Work Knowledge Work
(SWELL-KW). WESAD and SWELL-KW both contain long and multivari-
ate time series data. This contribution has two accomplishments. Firstly,
this contribution proposes a novel representation that can capture the in-
formation of long multivariate time series data. This representation uses
the visibility graph method, and weighted networks combined with local
complex networks features. The second accomplishment is achieving an F1
score of 0.991 £ 0.002 for stress response detection in the WESAD dataset,
and 0.982 4 0.002 and 0.985 £ 0.001 for stress responses caused by time
pressure and interruption, respectively, in the SWELL-KW dataset. This
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method also achieved the best stress-response detection score among state-
of-the-art multivariate time series classification methods. This method has
a limitation: it is a personalised stress-detection method. The experiment of

this contribution is reported in chapter 6.

7.1 Future research directions

With increased access to wearable devices and improvements in the quality of
their collected physiological data, stress detection from wearables is an important
research direction for the future. This PhD thesis provides novel approaches to
detect stress from physiological signals collected using wearable devices. The TDA
approach and the complex networks, combined with the deep learning approach,
both achieve better classification results than deep learning models with the outer
product of physiological time series as inputs and deep learning models with image-
based inputs. Compared to the TDA approach, the ideal time window size for the
complex network is smaller (0.5 seconds against 1.1 seconds, respectively). When
compared to the TDA stress detection approach on the WESAD data set, this
complex networks method has an average running duration of only 30% (3 hours
21 minutes 50 seconds against 11 hours 58 minutes 48 seconds). Although the two
approaches’ F1 scores are nearly identical, the TDA method’s average balance
accuracy is marginally higher than the complex networks method’s. However,
some new research directions can still address these methods’ limitations.

Firstly, novel image-based input generated from the recurrence plot can be
used in future stress detection methods. A 2D CNN with a simple design was used
with this input in the experiment of this thesis. Applying a more complex 2D CNN
structure or a more advanced computer vision model can improve performance.

Secondly, the computational cost of the TDA method is high, with an average
of almost 12 hours per participant on the WESAD dataset. The shortest and
longest times to classify a participant are 9 hours and 25 minutes and 12 hours
and 55 minutes, respectively. Future work can reduce the running time of the
TDA method. The running time can be reduced by decreasing the computational
expenses of the TDA process. The input to the TDA process, the point cloud, can
be applied to principal component analysis (PCA) or to Mapper to reduce the
input data size. Mapper with the ability to detect and retain global mathematical



7.1. FUTURE RESEARCH DIRECTIONS 141

features (Cyranka et al. 2019) may be a better choice for reducing the size of input
features. Subsampling methods can then be used to reduce computational cost
when building persistent homology from the point clouds. Subsampling methods
can work with fractions of a point cloud, preserve all topological aspects, and
reduce computational expense.

Thirdly, both the TDA approach and the complex networks yielded promising
results, but these approaches are individual stress detection methods. The thesis
shows that different classifiers need to be trained for each individual: a single
classifier performs poorly across individuals. The reason is that stress responses
vary across individuals, so individual stress detection methods are more appropri-
ate (Koldijk et al. 2016; Schmidt et al. 2018a,b). Future work can determine the
similarity between participants and, based on this, develop a more generalised
machine learning stress detection method. Some factors, such as age, sex, occupa-
tion, and physical condition, can be used to group participants in stress detection
experiments. Stress detection methods will be developed for each participant
group to improve the quality of stress detection and generalisation.

Fourthly, the combined network approaches did not work since the combined
ones are not scale-free. Instead of adding weights, this method can combine
networks using more complex techniques. Using a revolutionary combination tech-
nique, the new merged networks can be scale-free. Even if the degree distribution
of the merged networks does not follow a power law, they can still be regarded
as scale-free networks if it exhibits a power-law-like form. Small-world networks
may be a suitable representation of the combined networks instead of scale-free
networks. Small-world networks are also similar to scale-free networks. The aver-
age shortest-path length is modest for both small-world and scale-free networks.
Scale-free networks have a power-law degree distribution, whereas small-world
networks have a bell-shaped degree distribution. The small-worldness index can
be used to identify small-world networks. The small-world networks also contain
hubs. Hubs can be stress states in the stress system’s networks.

Fifthly, more research can be conducted to explore the physiological benchmark
datasets and better understand the signals. This can indicate which physiological
signals are more important than others for stress detection. Statistical tests
such as Granger Causality and Mutual Information (MI) can determine which

physiological features have more influence on stress. Gradient-based importance
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approaches (such as Saliency Maps, Integrated Gradients (IG)), or a Transformer,
can be used to assess feature importance. During training, the gradient of the
output can be computed from the gradient of the input. This can help determine
which fraction of the input matrix has the most significant effect on specific tasks.
It is a mechanism for deciding feature importance. Transformer with Attention
Weights, which can be associated with a fraction of the time series input, indicating
relevance with the current processing step. Then the Transformer can identify
which parts of the input data have a more critical impact on the final classification
results. Posthoc approaches such as SHAP (SHapley Additive exPlanations) and
LIME (Local Interpretable Model-agnostic Explanations) can also be helpful in
this case.

Finally, the complex network stress detection method can be further developed
into a real-time stress classification method, as it has an acceptable level of
complexity. The reason is that the algorithm used short-time windows (0.5 and
1.1 seconds) for two datasets and applied the visibility graph method, which is

parameter-free and does not require additional preprocessing.

7.2 Summary

This PhD thesis makes three contributions to knowledge. The first contribution
is several simple methods for stress detection. The first method uses LSTM, RNN
and VAR to predict stress. It can be a comprehensive comparison of machine
learning and statistical methods for predicting stress. The second method uses a
2D CNN and a time window approach to detect stress from the outer product
of physiological data. The third one uses a 2D CNN and image data generated
from time series data. However, neither approach has achieved good classification
results. This led us to continue seeking more suitable methods for stress detection
using advanced data analytic approaches, such as topological data analysis and
complex networks. The second contribution is a novel topological data analysis
approach for detecting stress in long multivariate physiological time series data.
This method can handle the high computational expenses of the traditional TDA
approach. The third contribution is a novel complex networks method to detect
stress. This method proposed a suitable scheme to convert long multivariate
physiological time series data to graphs and extract the suitable complex network

features for using as inputs of the deep learning model. Both the second and
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third contributions were validated on stress benchmark datasets and compared
with state-of-the-art time series classification methods. The results of both two
contributions are excellent.

Given the increasing use of wearable devices and the preponderance of stress
in the modern world, the results of this thesis demonstrate the feasibility and
challenges of detecting stress. There will be great opportunities for future research

in this important area.






Appendix A

Combined networks of other
participants of WESAD dataset

This appendix shows the combined graphs of all 15 participants of the WESAD
dataset. The algorithm to combine graphs is presented in section 6.2.
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Figure A.6: Degree distribution and the log-log graph of the combined network of
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Figure A.8: Degree distribution and the log-log graph of the combined network of
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Appendix B

WESAD physiological time series
data and corresponding log-log
graphs

This appendix shows the time series, degree distribution and log-log graphs of
all 15 participants of the WESAD dataset. The algorithm to combine graphs is
presented in section 6.2.
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Figure B.1: Degree distribution of networks which present physiological time series
data of the participant with identifier number 3 from the WESAD dataset. The
data are 3-axis acceleromete data (x, y, z) and EMG. From left to right, the signal,
the degree distribution, and the log-log graph
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Figure B.2: Degree distribution of networks which present physiological time series
data of the participant with identifier number 3 from the WESAD dataset. The
data is EDA, temperature data, ECG, and respiration data. From left to right,
the signal, the degree distribution, and the log-log graph
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Figure B.3: Degree distribution of networks which present physiological time series
data of the participant with identifier number 4 from the WESAD dataset. The
data are 3-axis acceleromete data (x, y, z) and EMG. From left to right, the signal,
the degree distribution, and the log-log graph
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Figure B.4: Degree distribution of networks which present physiological time series
data of the participant with identifier number 4 from the WESAD dataset. The
data is EDA, temperature data, ECG, and respiration data. From left to right,
the signal, the degree distribution, and the log-log graph
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Figure B.5: Degree distribution of networks which present physiological time series
data of the participant with identifier number 5 from the WESAD dataset. The
data are 3-axis acceleromete data (x, y, z) and EMG. From left to right, the signal,
the degree distribution, and the log-log graph
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Figure B.6: Degree distribution of networks which present physiological time series
data of the participant with identifier number 5 from the WESAD dataset. The
data is EDA, temperature data, ECG, and respiration data. From left to right,
the signal, the degree distribution, and the log-log graph
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Figure B.7: Degree distribution of networks which present physiological time series
data of the participant with identifier number 6 from the WESAD dataset. The
data are 3-axis acceleromete data (x, y, z) and EMG. From left to right, the signal,
the degree distribution, and the log-log graph
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Figure B.8: Degree distribution of networks which present physiological time series
data of the participant with identifier number 6 from the WESAD dataset. The
data is EDA, temperature data, ECG, and respiration data. From left to right,
the signal, the degree distribution, and the log-log graph
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Figure B.9: Degree distribution of networks which present physiological time series
data of the participant with identifier number 7 from the WESAD dataset. The
data are 3-axis acceleromete data (x, y, z) and EMG. From left to right, the signal,
the degree distribution, and the log-log graph
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Figure B.10: Degree distribution of networks which present physiological time
series data of the participant with identifier number 7 from the WESAD dataset.
The data is EDA, temperature data, ECG, and respiration data. From left to
right, the signal, the degree distribution, and the log-log graph
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Figure B.11: Degree distribution of networks which present physiological time
series data of the participant with identifier number 8 from the WESAD dataset.
The data are 3-axis acceleromete data (x, y, z) and EMG. From left to right, the
signal, the degree distribution, and the log-log graph
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Figure B.12: Degree distribution of networks which present physiological time
series data of the participant with identifier number 8 from the WESAD dataset.
The data is EDA, temperature data, ECG, and respiration data. From left to
right, the signal, the degree distribution, and the log-log graph
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Figure B.13: Degree distribution of networks which present physiological time
series data of the participant with identifier number 9 from the WESAD dataset.
The data are 3-axis acceleromete data (x, y, z) and EMG. From left to right, the
signal, the degree distribution, and the log-log graph
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Figure B.14: Degree distribution of networks which present physiological time
series data of the participant with identifier number 9 from the WESAD dataset.
The data is EDA, temperature data, ECG, and respiration data. From left to
right, the signal, the degree distribution, and the log-log graph
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Figure B.15: Degree distribution of networks which present physiological time
series data of the participant with identifier number 10 from the WESAD dataset.
The data are 3-axis acceleromete data (x, y, z) and EMG. From left to right, the
signal, the degree distribution, and the log-log graph
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Figure B.16: Degree distribution of networks which present physiological time
series data of the participant with identifier number 10 from the WESAD dataset.
The data is EDA, temperature data, ECG, and respiration data. From left to
right, the signal, the degree distribution, and the log-log graph
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Figure B.17: Degree distribution of networks which present physiological time
series data of the participant with identifier number 11 from the WESAD dataset.
The data are 3-axis acceleromete data (x, y, z) and EMG. From left to right, the
signal, the degree distribution, and the log-log graph
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Figure B.18: Degree distribution of networks which present physiological time
series data of the participant with identifier number 11 from the WESAD dataset.
The data is EDA, temperature data, ECG, and respiration data. From left to
right, the signal, the degree distribution, and the log-log graph
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Figure B.19: Degree distribution of networks which present physiological time
series data of the participant with identifier number 13 from the WESAD dataset.
The data are 3-axis acceleromete data (x, y, z) and EMG. From left to right, the
signal, the degree distribution, and the log-log graph
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Figure B.20: Degree distribution of networks which present physiological time
series data of the participant with identifier number 13 from the WESAD dataset.
The data is EDA, temperature data, ECG, and respiration data. From left to
right, the signal, the degree distribution, and the log-log graph
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Figure B.21: Degree distribution of networks which present physiological time
series data of the participant with identifier number 14 from the WESAD dataset.
The data are 3-axis acceleromete data (x, y, z) and EMG. From left to right, the
signal, the degree distribution, and the log-log graph
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Figure B.22: Degree distribution of networks which present physiological time
series data of the participant with identifier number 14 from the WESAD dataset.
The data is EDA, temperature data, ECG, and respiration data. From left to
right, the signal, the degree distribution, and the log-log graph
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Figure B.23: Degree distribution of networks which present physiological time
series data of the participant with identifier number 15 from the WESAD dataset.
The data are 3-axis acceleromete data (x, y, z) and EMG. From left to right, the
signal, the degree distribution, and the log-log graph
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Figure B.24: Degree distribution of networks which present physiological time
series data of the participant with identifier number 15 from the WESAD dataset.
The data is EDA, temperature data, ECG, and respiration data. From left to
right, the signal, the degree distribution, and the log-log graph
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Figure B.25: Degree distribution of networks which present physiological time
series data of the participant with identifier number 16 from the WESAD dataset.
The data are 3-axis acceleromete data (x, y, z) and EMG. From left to right, the
signal, the degree distribution, and the log-log graph
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Figure B.26: Degree distribution of networks which present physiological time
series data of the participant with identifier number 16 from the WESAD dataset.
The data is EDA, temperature data, ECG, and respiration data. From left to
right, the signal, the degree distribution, and the log-log graph
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Figure B.27: Degree distribution of networks which present physiological time
series data of the participant with identifier number 17 from the WESAD dataset.
The data are 3-axis acceleromete data (x, y, z) and EMG. From left to right, the
signal, the degree distribution, and the log-log graph
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Figure B.28: Degree distribution of networks which present physiological time
series data of the participant with identifier number 17 from the WESAD dataset.
The data is EDA, temperature data, ECG, and respiration data. From left to
right, the signal, the degree distribution, and the log-log graph
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