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ABSTRACT

Psychological stress is an inevitable part of the modern-day lifestyle that affects human
cognitive abilities. The relation between stress and a host of behavioural and somatic
pathological conditions is well-established. The low doctor-to-patient ratio in under-
developed and developing economies hinders access to expert diagnosis. This emphasizes
the need for computer-aided timely detection of psychological stress. The methods like
Electroencephalography (EEG) and Electrocardiography (ECG) provide important
biophysical diagnostic measures for psychological stress detection, however, these
methods are expensive or require a proper clinical setup. Whereas, the acoustic heart
sound or Phonocardiography (PCG) signals carry significant information and can be
easily acquired. The purpose of this research work is to present a novel framework for
psychological stress detection using PCG signal that can serve as a first-level screening
method at places where EEG or ECG are not available.

In this research work, the pre-competitive (or exam-related) psychological stress is used a
as real-life stressor. For this study, the simultaneous ECG and PCG data of five minutes
duration is acquired from 33 healthy male students in the age group of 18 to 25 years
(mean = 20.11, standard deviation = 2.30) of Thapar Institute of Engineering and
Technology, TIET campus who are attempting professional education institute
examination. Two readings are acquired from every subject, one approximately two hours
before the start of the exam and considered as the signals of subjects under psychological
stress, whereas, second reading forms the baseline values for subject-specific template
formation and recorded once the students returned from holidays after exams. In this
study, the ECG signal is used as a reference signal for S1 peak detection of PCG signal
and later for comparison of the results with that obtained from PCG-based method. The
State-Trait Anxiety Inventory (STAI Form Y) self-report questionnaire is used in the
study as the scores on the S-Anxiety scale increase when used under psychological stress
and decrease after relaxation. The psychological stress is detected from the S1-S1 interval
of PCG signal, referred to as an inter-beat interval (IBI) signal. The empirical mode
decomposition (EMD) technique is used for decomposing IBI signal to intrinsic mode
functions (IMFs). The EMD technique has been found suitable for non-linear and non-
stationary signal analysis. The non-linear features namely- Area of Analytic Signal
Representation (AASR), Log of Area of ellipse from Second-order Difference Plot
(LASODP), Root Mean Square value of IMF (RmsIMF), Shannon Entropy (ShEnt) and

Vi



Fuzzy Entropy (FzEnt) were evaluated from IMFs of IBI signals. The first stage of this
study comprises of deviation analysis in stressed signals from mean baseline values of the
features in non-stressed signals. Thereafter, in the second stage of the study, Kruskal-
Wallis statistical test has been used to check the significance and discrimination ability of
the features. Subsequently, the features which showed maximum deviation and are
statistically significant have been selected and fed to least-square support vector machine
(LS-SVM) classifier. The 10-fold cross-validation has been used to make the system
more reliable and robust. In this work, the average accuracy of 93.14% in classifying
stressed and non-stressed signals has been achieved using Radial Basis Function (RBF)
kernel. The novelty of this study is the use of PCG signals for psychological stress
detection and the use of subject-specific baseline template to incorporate the individual

cardiovascular characteristic behaviour and stress responses.

The applicability of another set of non-linear entropy-based features namely- Permutation
Entropy (PEn), Fuzzy Entropy (FzEn) and K-Nearest Neighbour (K-NN) entropy
estimator is explored in EMD domain. In order to optimise the system, the ranking
methods including Entropy method, Bhattacharya space algorithm, Receiver Operating
Characteristic (ROC) method and Wilcoxon method are used. The highest-ranked
features are fed to LS-SVM for classification. This method showed significant
improvement in accuracy and the highest accuracy, sensitivity and specificity obtained

using the proposed system is 96.67%, 100% and 93.33% respectively.

The results indicate that the proposed features provide better discrimination ability than
well-documented low-frequency to high-frequency power ratio (LF/HF) parameter of
ECG signal on the dataset. The proposed novel methodology of using PCG signals for
psychological stress detection is cost-effective and is suitable for home-care, telemedicine
and in rural health care centres especially in developing countries. The proposed system

opens a new research area of using PCG signal for psychological stress detection.
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CHAPTER 1 MENTAL HEALTH, STRESS
AND DEPRESSION- THE CONTEXT

1.1 Mental health and mental disorders

The World Health Organization (WHO) defines mental health as a state of well-being in
which an individual can realize his potential, can cope with the normal life stresses, can
work productively and contribute to his community [1]. Mental health is imperative for
the ability to think, emote, interact with others, earn a livelihood and enjoy life [2]. The
importance of mental health is evident from the definition of health as per the constitution
of the WHO, which states, health is not merely the absence of disease but a state of
complete physical, mental and social well-being [3]. The physical, mental and social
health of an individual has complex inter-dependence [4]. Therefore, mental health forms
the basis for well-being and effective functioning of an individual and a community [1].
Neither mental health nor physical health can exist alone as most of the mental and
physical illnesses can be accredited to a combination of biological, psychological and
social factors [1]. It is now established that thoughts, feelings and behaviour have a
significant impact on physical health and on the contrary, physical health also has an
impact on mental health [4]. As mental health or psychological well-being is not merely
the absence of disease, it holds importance for every individual and not only for people
suffering from disorders. However, mental health is not given much importance in
comparison to physical health. Globally, this has resulted in an increased burden of
mental disorders and a vast treatment gap [4].

Mental disorders are generally characterized by a combination of abnormal thoughts,

perceptions, emotions, behaviour and relationship with others [5]. Around 450 million



people around the world suffer from mental disorders [6]. Most of the mental disorders
can be effectively treated and associated suffering can be minimized, however, between
76% and 85% of people receive no treatment for the disorder [7]. The mental disorders

include:

e Depression: It is a common mental disorder with approximately 264 million
people affected globally. The depression is mainly characterized by sadness, loss
of interest, guilt feelings, low self-worth, loss of appetite or sleep, tiredness and
reduced concentration [5]. Depressive disorder is among the three major causes of
non-fatal health loss [8].

e Bipolar disorder: It consists of manic and depressive episodes separated by
periods of normal mood. Nearly 45 million people are affected by this disorder
worldwide [5].

e Schizophrenia and other psychoses: It is a severe mental disorder and about 20
million people globally are affected by this. It distorts thinking, perception,
language, emotions, behaviour and sense of self. The common experiences
include hallucinations and delusions. Above 69% of people suffering from
schizophrenia are not receiving proper care and 90% of the people with untreated
schizophrenia live in countries with low-and middle-income countries [9], [10].

e Dementia: It affects about 50 million people globally and mainly affects the older
population. It is progressive in nature and deteriorates cognitive function. It is a
major cause of disability and dependency in elderly population. Alzheimer's
disease is the most common form of dementia and contributes around 60-70% of
the cases [11].

e Developmental disorders including autism: Developmental disorders generally
have an onset in early childhood and tend to persist into adulthood causing delay
or impairment in central nervous system maturation [5]. It follows a steady course

and approximately one in 160 children has an autism spectrum disorder [12].

A huge population suffers from mental disorders and sub-threshold mental disorders that
do not reach the threshold for diagnosis as a mental disorder but lead to poor mental
health [13]. These mental health problems result in an enormous socio-economic impact
on society and this aspect is further elaborated in the next section.



1.2 Socio-economic impacts of mental disorders

The mental illness affects a large population of the world and impairs quality of life
resulting in high socioeconomic impacts on society [14]. The mental health conditions
lead to poor health, premature deaths, human rights violations and national and global
economic loss. Globally, the mental health conditions impose an enormous burden on
society and account for 1 in 5 years lived with disability causing more than US$ 1 trillion
per year economic loss. This economic loss is due to reduced work productivity, reduced
rates of labour participation, foregone tax receipts, and enhanced welfare payments [15].
The suicide mortality rates are also high, approximately 800 000 death per year, and is a
leading cause of death in young people [16]. The mental, neurological and substance use
disorders contribute 10% of global burden of disease and 30% of the non-fatal disease
burden, thus, causing huge economic output loss [15]. The global non-fatal health loss has
shown an increasing trend with depressive disorders being one of the leading causes of
non-fatal disease burden measured in terms of years lived with disability (YLD). The
YLDs are estimated as the product of prevalence estimate and a disability weight for
health states [8]. The non-fatal health loss could ultimately lead to loss in human capital.
The estimate of global cost of mental disorders in 2010 was approximately US$ 2.5
trillion and by 2030, it is projected to show an increase by 240% to reach US$ 6 trillion
[15]. The social conditions associated with poverty create stress and triggers mental
disorders which in return leads to mental healthcare-related costs and productivity loss
that further leads to poverty. Therefore, a circular relationship exists between mental

disorders and poverty and this cycle leads to rising rates for both.

As a result, mental health is a significant global concern for public health and economic
development [17]. The dual aims of improving mental health and reducing personal and
social cost of mental illness can be achieved through a public health approach. The WHO
recognised the need for prioritising universal mental health coverage and launched a
special initiative for mental health 2019-2023 [16] to ensure affordable quality care for

mental health conditions.

The mental healthcare is prioritised throughout the world, however, a large number of
mental disorder cases often remain unreported or untreated because of some challenges
encountered in the mental healthcare delivery system that are highlighted in the

subsequent section.



1.3 Major challenges in mental healthcare

Despite mental disorders exerting enormous pressure on the economy and health, there is

a prevailing global mental health treatment gap of 70% [18]. This treatment gap exists

because of the following major challenges in effective mental healthcare delivery

systems-

Stigma associated with mental disorders

The stigma attached with mental disorders and discrimination faced by people
suffering from mental disorders can result in social isolation, decreased self-
esteem and reduced chances of employment and education. This stigma causes
hindrance for patients to reach out for help regarding their mental illnesses,
thereby increasing the treatment gap.

Shortage of mental healthcare resources

Globally, there is a shortage of mental health human resources and median
number of mental health workers is 9 per 100 000 population with extreme
variations between low-income countries and high-income countries (below 1 in
low-income countries to 72 in high-income countries). Also, a disparity exists for
median number of mental health beds available per 100 000 population. It is
below 7 in low and lower-middle-income countries to over 50 in high-income
countries [19].

Expenditure on mental healthcare

Mental disorders are among the highest contributors to global disease burden with
a major burden borne by low-and middle-income countries, 54% in 2010 and
projected to reach 58% by 2030. However, most low-and middle-income countries
spend less than US$ 1 per person on the prevention and treatment of mental
disorders. The budget allocation on mental health by low-income countries is
around 0.5% of the total health budget, whereas, high-income countries allocate
5.1% [15].

Access to mental healthcare facilities

The difficulty in access to mental healthcare facilities is a major concern. The
integration of mental healthcare at primary care and community healthcare centres
can improve the outreach of mental health treatment to people living in areas with

low-resource settings and thus reduce the treatment gap in mental healthcare.



The determinants of mental health and mental disorders include social, cultural,
economic, political and environmental factors as well as individual attributes like the
ability to manage one's thoughts, emotions, behaviours and interactions with others. The
factors including stress, genetics, nutrition, perinatal infections and exposure to

environmental hazards are also contributing factors to mental disorders.

As the role of stress in the onset of mental disorders and other health conditions is well-
documented [20], therefore, it becomes imperative to define stress and general adaptation

syndrome which is physiological response to stress.

1.4 Stress and General adaptation syndrome
1.4.1 Stress

Stress is the response of brain and body to any demand. Any challenge including
performance at work, a significant change in life or a traumatic event can be perceived as
stressful and are termed as stressors. A stressor may be one-time or short-term stressor or
can be persistent over a long time. The body enters flight or fight mode when faced with a
stressor. This survival response prepares the body to face the threat or flee to safety
resulting in faster heart rate, breathing rate, tense muscles and increased consumption of
oxygen by brain resulting in increased brain activity. Some people can cope with stress
more effectively, thereby recovering more quickly from stressful events than others.
However, long-term stress can be harmful to the body as the body never receives a clear
signal to return to normal functioning. This continuous strain on the body due to stress
can lead to serious health issues relating to immune system, cardiovascular health,

diabetes and mental disorders [21].

1.4.2 General Adaptation Syndrome (GAS)

Hans Selye, also known as the father of stress, constructed a three-stage model of
physiological response to stress called General Adaptation Syndrome (GAS). The GAS is
described as the sum of all non-specific systemic reactions of the body which occur as a
result of long exposure to stress [22]. This reaction is due to adaptive adjustments to the

stressor.



The three stages of GAS as shown in figure 1.1 are:

e Alarm reaction
e Resistance

e Exhaustion
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Figure 1.1 The three stages of General Adaptation Syndrome (GAS) (redrawn from [22])

Alarm reaction stage

The onset of perceived stressor leads to the activation of fight-or-flight response. The
sympathetic branch of autonomic nervous system regulates the physiological changes
required to deal with the perceived threat. The enlargement of adrenal cortex is the most
important morphologic change that occurs in the alarm reaction stage. This stage can
further be divided into two phases: shock phase and counter-shock phase [22]. In this

stage, adaptation is not yet acquired.

Resistance stage

If the stress persists, the body enters the resistance stage. In this stage, the adaptation is
optimal as the body tries to counteract the physiological changes of the alarm stage. This
stage is regulated by parasympathetic branch of autonomic nervous system. In this stage
resistance to the particular stressor is increased, whereas, resistance to other stressors is
decreased [22].



Exhaustion stage

If the stress continues further and the body is unable to cope, then it goes into the final
stage of GAS, known as the exhaustion stage and the body has depleted its energy
resources and becomes susceptible to disease. The wear and tear is caused due to
prolonged exposure to stress and the body constantly operating in fight-or-flight response.

This stage is also called burnout and the acquired adaption is lost again in this stage.

These physiological changes during stress response are mediated by the endocrine system

of the body that is discussed in the next section.

1.5 Endocrinology of stress

The life exists by maintaining a complex dynamic equilibrium called homeostasis, which
is constantly challenged by stressors. The work of Hans Selye demonstrated that exposure
to stressor leads to enlargement of adrenal cortex in the alarm reaction stage of general

adaptation syndrome that indicates increased endocrine activity [22].

Hypothalamus ey T, Cerebral cortex
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Figure 1.2 The human brain showing amygdala and hypothalamus responsible for initiation of stress
response (redrawn from [23])

The onset of stressor leads amygdala, the portion of brain responsible for emotional

processing, to send a distress signal to hypothalamus responsible for communication with



rest of body through nervous system. The human brain showing amygdala and
hypothalamus is depicted in figure 1.2. The hypothalamus signalling results in activation
of sympathetic nervous system by a rapid release of catecholamine hormones namely-
epinephrine (also known as adrenaline) and norepinephrine from adrenal medulla into the
bloodstream and is responsible for fight-or-flight response [23], [24]. This leads to
vasoconstriction, increased heart rate, increased breathing rate, an increase in gas
exchange efficiency of lungs, thereby increasing supply to brain and increasing alertness.
The glucose and fats stores are released into the bloodstream to provide energy to all parts
of body.

Under long-term stressful conditions, hypothalamus activates the next component of
stress response termed hypothalamic-pituitary-adrenal (HPA) axis activation. In this
response, hypothalamus releases corticotropin-releasing hormone (CRH) which travels to
the pituitary gland, triggering the release of adrenocorticotropic hormone (ACTH) [24].
This hormone travels to the adrenal glands, prompting them to produce glucocorticoid
hormones which include the release of cortisol from adrenal cortex. After the removal of

the stressor, the stress responses subside and physiological functions return to normal.

Therefore, the stress responses are helpful for survival by increasing alertness in short-
term stressful conditions, however, long-term stress can lead to pathological conditions.
The prolonged cortisol exposure is linked to a broad range of problems including
metabolic syndrome, obesity, cancer, mental health disorders, cardiovascular disease and
increased susceptibility to infections [25]. The diseases of human pathology including
diabetes mellitus, inflammatory bowel disease, rheumatic diseases can be regarded as by-
products of the endocrine reactions which play an important role in general adaptation

syndrome and stress responses [22], [26].

The most common mental disorder is clinical depression and is a major cause of non-fatal
disease burden and years lived with disability. The pathophysiology of depression and

relationship with stress is described in the next section.

1.6 The pathophysiology of clinical depression and its relationship with stress

The stress is useful in case of emergency situations like escaping a predator but chronic

stress can manifest as illnesses. The association of stressful life events with psychiatric
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illnesses is stronger in comparison to that of physical illnesses. The mental stress is
considered to be central factor in the development of psychopathology. Despite some
evidence for parasympathetic withdrawal and sympathetic over-activity in depression,
there is no clear-cut link of psychophysiological response to stress in depression [27].

The onset of depression is often preceded by stressful life events [26]. The people who
suffered through adverse life events including unemployment, bereavement,
psychological trauma are more likely to develop depression whereas, depression may lead
to more stress and dysfunction and worsen the situation further [28]. The depression is a
result of a complex interaction of social, psychological and biological factors. The
changes initiated in HPA axis and the immune system due to chronic stress can act as a
trigger for depression. The concentrations of pro-inflammatory cytokines and
glucocorticoids may contribute to behavioural changes associated with depression [29].
The existing evidence indicates that aberrations in immune-inflammatory pathways and
activation of cell-mediated immunity represent important pathophysiological pathways

for the development of major depressive disorder.

As psychological stress can substantially up-regulate inflammatory activity [20], the
inflammation plays a crucial role in psychopathology of depression and is considered to
be a possible cause of depression as depression usually co-occurs with inflammatory
diseases including rheumatoid arthritis, inflammatory bowel disease, metabolic

syndrome, coronary heart disease [20], [29].

Therefore, the biological response to stress is critical for survival during times of actual
physical threat and prepares the body to deal with associated physical wounding and
infection. However, in the present social environment, the associated social signal
transduction pathways are most frequently activated not by approaching physical danger,
but by the symbolic, anticipated or imaginary social threats. It is under these social-
environmental conditions, therefore, that this biological response can lead to an
increasingly pro-inflammatory phenotype that is hypothesized to be a key phenomenon
driving depression pathogenesis and overlap of depression with several conditions

including rheumatoid arthritis, chronic pain and cardiovascular disease [20].

Due to the global prevalence of depression and a constantly rising trend makes it

imperative to detect depression at an early stage to receive proper treatment. The



spectrum of symptoms relating to clinical depression is elaborated in the subsequent

section.

1.7 Symptoms of clinical depression

Depression is characterized by persistent sadness and a loss of interest in activities that
the person normally enjoys, accompanied by an inability to carry out daily activities. The
people suffering from depression may normally experience loss of energy, change in
appetite, sleeping more or less, anxiety, reduced concentration, indecisiveness,
restlessness, feelings of worthlessness, guilt, or hopelessness and thoughts of self-harm or
suicide [30].

The symptoms of clinical depression may vary among individuals and can include [31]:

Psychological symptoms
The psychological symptoms of depression include:
« continuous low mood or sadness
« feeling hopeless and helpless
e having low self-esteem
o feeling tearful
o feeling guilt-ridden
« feeling irritable and intolerant of others
« having no motivation or interest in things
« finding it difficult to make decisions
e not getting any enjoyment out of life
« feeling anxious or worried

« having suicidal thoughts or thoughts of self-harm
Physical symptoms

The physical symptoms of depression include:
« moving or speaking more slowly than usual
o changes in appetite or weight (usually decreased, but sometimes increased)
e constipation

« unexplained aches and pains

10



o lack of energy

e low sex drive

e changes in menstrual cycle

o disturbed sleep— for example, finding it difficult to fall asleep at night or

waking up very early in the morning
Social symptoms

The social symptoms of depression include:
« avoiding contact with friends and taking part in fewer social activities
« neglecting hobbies and interests
« having difficulties in home, work or family life

According to the number and severity of the symptoms experienced, the depression can
be classified as mild, moderate or severe.

The huge population is suffering from depression which is a treatable mental disorder. In
order to reduce the socio-economic impact it is exerting on the society, the WHO and
countries are working in tandem to prioritise management of depression as explained in

the subsequent section.

1.8 Current management of depression

The community-based approaches effective for prevention of depression include
enhancing positive thinking patterns in children and adolescents in school-based
programmes and interventions for parents of children with behavioural problems. The
exercise programmes for elderly can also be effective in prevention of depression.

The effective treatments for moderate and severe depression include psychological
treatments like behavioural activation, cognitive behavioural therapy (CBT) and
interpersonal psychotherapy (IPT) or antidepressant medications like selective serotonin

reuptake inhibitors (SSRIs) and tricyclic antidepressants (TCAS).
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The various talking therapies for psychological treatments are discussed below [32] —
Cognitive behavioural therapy (CBT)

The aim of cognitive behavioural therapy (CBT) is to help the patient understand their
thoughts and behaviour, and the associated effect. The CBT recognises that events in past
may have shaped the patient, but it mainly concentrates on how the patient can change the
way of thinking, feeling and behaving in the present. It also teaches about

overcoming negative thoughts — for example, being able to challenge hopeless feelings.
Interpersonal psychotherapy (IPT)

This therapy focuses on the relationship problems of the patient including difficulties in
communication or coping with bereavement. In some cases, it is found to be as effective

as antidepressants.
Counselling

In this therapy, the counsellor supports the patient in finding solutions to the problems

they are facing and to find new ways of dealing with them.

The psychosocial treatments are also found to be effective for mild depression, whereas,
antidepressants are an effective form of treatment for moderate and severe depression.
The antidepressants may have associated adverse effects and are not the first line of
treatment for adolescents, mild depression and should not be used for treating children
[28].

The WHO recognised depression as a priority condition covered under mental health gap
action programme. The various programmes including Problem Management Plus, Group
Interpersonal Therapy and Thinking Healthy by WHO aims to help countries in
increasing mental health services by health workers not specialised in mental health using
brief psychological intervention manuals for depression that may be delivered by lay
workers. The mental disorders are now considered to be of prime importance due to the

associated socio-economic impact on society.

As per the scenario in India, a study conducted by Indian Council of Medical Research
(ICMR) reported 197.3 million people in India suffering from mental disorders in 2017

and the total disease burden due to mental disorders approximately doubled since 1990
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[33]. The National Institute of Mental Health and Neuro Sciences (NIMHANS), India in
National Mental Health Survey 2015-2016 [34] reported a treatment gap of 74% to 90%
for common mental disorders. The shortage of mental healthcare professionals in the
health care delivery system of India is the major reason for this treatment gap as India has
only 3800 psychiatrists, 898 clinical psychologists and 1500 psychiatric nurses [35] for

mental healthcare.

The WHO mental health action plan 2013-2020 has recently been extended till 2030
recognising the need for further emphasis on mental health. The WHO recognised the
need for prioritising universal mental health coverage and launched a special initiative for
mental health 2019-2023 [16].

Moreover, experts warn about an unprecedented wave of the mental health crisis due to
the pandemic as it has resulted in increased psychological stress and a spike in people
seeking help regarding mental health issues [36]-[39]. The role of digital technology in
mental health interventions to provide better access to tele-health services is emphasized
[36], [40].

This study presents a cardiac sounds based framework for computer-aided psychological
stress detection and is a step in the direction of using machine learning, signal processing

techniques and digital technologies to provide tele-mental health services.
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CHAPTER 2 INTRODUCTION AND
OBJECTIVES

2.1 Psychological stress

Psychological stress occurs when the complex dynamic equilibrium called homeostasis is
threatened or perceived to be threatened by internal or external adverse forces termed as
stressors [41]. Homeostasis is a self-regulating mechanism that maintains critical systems
of the body, important for the survival of the organism, within their narrow range of
operation [42]. The association of psychological stress with pathogenesis is well-
established and the contribution of stress in progression of diseases like cardiovascular
disease (CVD), cancer, human immunodeficiency virus (HIV) and clinical depression is
well-documented [43]. According to a World Health Organization (WHO) report,
depression is among the single largest causes of disability worldwide [44]. This

emphasizes the need for timely detection of psychological stress.

According to National Mental Health Survey, 2015-2016 [34] by National Institute of
Mental Health and Neuro Sciences (NIMHANS), India, an increase is reported in Indian
population suffering from mental illness from 7.5% in 2014 to 10.6% in 2016 and the
treatment gap of 74% to 90% exists for common mental disorders. The major reason for
this treatment gap can be attributed to the shortage of mental healthcare professionals in
health-care delivery system as India has only 3800 psychiatrists, 898 clinical
psychologists and 1500 psychiatric nurses [35] for mental healthcare. Therefore, low
doctor-to-patient ratio in developing and under-developed economies impedes access to
expert clinical diagnosis and healthcare. The solution to the above-stated problem could

be a computer-based automated system of psychological stress detection that is cost-
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effective and suitable for use in home-care and telemedicine. The stethoscope is an
important diagnostic tool as it is available at rural primary health care centres. The
proposed system uses electronic stethoscope for Phonocardiography (PCG) signal
acquisition and thereafter, psychological stress is detected from the acquired PCG signal.
In some diseases, use of cardiovascular signals is confirmed to be a reliable and
inexpensive method for early diagnosis. However, the diagnostic ability and accuracy of
cardiac auscultation depend on the experience of the physician. The human audibility
range also limits the diagnostic potential of cardiac auscultation [45], as shown in figure
2.1. Moreover, storing the records for follow-ups and future references is also not feasible
with conventional auscultation. Therefore, a computer-aided methodology for using PCG

signals for psychological stress detection is proposed in this work.

The PCG signals are heart sound signals, therefore, an introduction to the anatomy and
physiology of human heart and the physics of heart sounds are discussed in subsequent

sections.
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Figure 2.1 Relationship between acoustic range of heart sounds and threshold of audibility (redrawn
from [46])

2.2 Human heart- Anatomy and Physiology

Human heart acts as a muscular pump for circulation of blood throughout the body. The

muscle wall of heart consists of three layers. The inner layer that lines heart chambers is
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called endocardium, the middle layer is myocardium which provides sufficient force for
the pumping action of heart and the outermost layer is pericardium which consists of
fluids that decreases friction against heart movements during heartbeats [47]. The
thickness of muscular wall of left ventricle is about three times as compared to the
muscular wall of right ventricle. This is due to the heavier workload of left ventricle to
pump blood to rest of the body as compared to right ventricle workload of pumping blood

to the lungs [47]. The anatomy of human heart is shown in figure 2.2.

Blood carries oxygen and nutrients to tissues of the body and also carries away carbon
dioxide and metabolic waste for excretion through lungs and kidneys respectively [47].
The heart has four chambers- two upper chambers are left atrium (LAr) and right atrium
(RAr) while two lower chambers are left ventricle (LVt) and right ventricle (RVt). The
muscular wall, septum, divides right side of heart from left side [47]. The deoxygenated
blood from superior vena cava (SVc) and inferior vena cava (I\Vc) enters right atrium,
flows into right ventricle and is pumped to lungs through pulmonary arteries for
oxygenation [48]. The oxygenated blood received from the lungs through pulmonary
veins enters left atrium, flows to left ventricle and then the ventricular contraction pumps
oxygenated blood to the rest of the body through aorta [47], [48]. The blood vessels that
carry blood to the heart are called veins and that carry blood away from heart are called

arteries with pulmonary artery (PA) and pulmonary vein (PV) being exceptions [49].

The heart has four valves- two atrioventricular valves and two semilunar valves that allow
unidirectional blood flow. The atrioventricular valve between LAr and LVt is mitral valve
(MVv) and between RAr and RVt is tricuspid valve (TVV). These atrioventricular valves
allow blood to flow from atria to ventricles when pressure in atria exceeds pressure in
ventricles. The semilunar valve located between RVt and PA is pulmonary valve (PVv)
and between LVt and aorta is aortic valve (AVv). The PVv and AVv control blood flow

out of ventricles.
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Figure 2.2 Anatomical structure of heart (adapted from [47])

The time duration of ventricular contraction is termed as systole and time duration of
ventricular relaxation is diastole [48]. The cardiac cycle consists of systole and diastole
and generally, systole is shorter than diastole. The steps involved in a cardiac cycle can

therefore be summarized as [50]:

e The deoxygenated blood enters RAr through superior SVc and 1Vc

e When pressure gradient develops across RAr and RVt, TVv opens and
deoxygenated blood passes to RVt. Thereafter, RAr contracts and passes all
deoxygenated blood to RVt

e The RVt contracts to pump blood to lungs, TVv shuts to prevent blood from
flowing back to RAr. The PVv opens to pass blood through PA to the lungs for
oxygenation. When pressure in RVt falls and pressure in PA increases, PVv shuts
to prevent blood from flowing back from PA to RVt

e The oxygenated blood from lungs comes to LAr through PV

e The blood enters LAr and passes to LVt through MVv
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e The LVt contracts to open AVv and oxygenated blood is pumped to the whole
body through aorta. During LVt contraction, MVv shuts to prevent blood from
flowing back to LAr, whereas, when pressure in LVt decreases than pressure in

aorta, AVv shuts to prevent blood from flowing back to LVt

For the heart to function properly, the heart chambers must contract in a synchronised
manner. The pumping of heart is synchronised with atria contracting in unison for force-
filling the ventricles and thereafter, ventricles contracting in unison for supplying blood to
lungs and rest of body. This synchronisation is achieved through electrical conduction
system (ECS) of the heart. The sino-atrial (SA) node, also called natural pacemaker,
located in upper wall of RAr, initiates the ECS [51]. The SA node exhibits automaticity
property as it periodically generates electric impulse even without external stimulus. The
electrical impulse originated at SA node spreads via myocardium to RAr and LAr and
results in their contraction. The non-conducting tissues electrically separate atria from
ventricles. The electrical impulse traverses from atria to ventricles through
atrioventricular (AV) node with short time delay for LVt and RVt to fill with blood
before contraction [47]. The bundle of His transmits an electrical impulse from AV node

to myocardium of ventricles leading to ventricular contraction.

The ECS explains the electrical activity of heart that leads to mechanical activity of heart.
The mechanical activity of heart comprises of contraction and expansion of heart
chambers and opening and closure of heart valves. The electrical activity of heart is
recorded as ECG signals, whereas, mechanical activity of heart is recorded as PCG
signals. In order to analyse the PCG heart sound signals, it is important to emphasize on

physics of heart sounds which is presented in the next section.

2.3 Physics of heart sounds

A sound signal is generated as a wave of alternating pressure by a vibrating object. The
vibrating source sets each particle moving in back and forth motion with the frequency of
the tone and pushing nearby particles causing a chain effect and resulting in compression
and rarefactions. Therefore, a pressure wave consists of alternating areas of compression
and rarefaction moving away from the source of sound [52]. These pressure variations are

detected using mechanical impact they create on membranes like diaphragm of
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stethoscope. The source of sound vibrating in an irregular manner will produce a complex
sound wave. If a sound wave is non-stationary, the measures to describe such a signal

have to be time-varying in order to give significant information [52].

The complex relationship between blood volume, flow and pressure within the heart
regulates opening and closing of heart valves. The fundamental heart sounds occur during
closure of heart valves but the actual cause of heart sounds is still debatable. According to
valvular theory, the heart sounds originate from point source located near heart valves.
This theory is considered to be a simplistic viewpoint. Whereas, according to the
cardiohemic theory, heart and blood are interdependent systems that vibrate as a single
unit [52].

The relationship between autonomic nervous system, accountable for maintaining

homeostasis and heart is described in the next section.

2.4 Autonomic nervous system and heart

The autonomic nervous system (ANS) involuntarily controls organs and systems of
human body. The ANS is responsible for regulation of homeostasis function [53]. The
ANS has central components located in brain stem and peripheral components comprising
efferent fibers, afferent fibers and peripheral ganglia exerting control over all internal
organs. The ANS has two branches- sympathetic nervous system (SNS) and
parasympathetic (vagal) nervous system (PNS). The SNS stimulates functioning of the
organs, whereas, PNS inhibits their functioning. An increase in sympathetic stimulation
increases HR, stroke volume and systemic vasoconstriction, in contrast, increase in
parasympathetic stimulation decreases HR, stroke volume and systemic vasoconstriction.
The PNS and SNS regulate the target organs that include eyes, salivary glands, sweat
glands, heart, lungs, intestines and kidneys. The PNS promotes growth and restoration,
whereas, SNS deals with increased metabolic output to cope with challenges outside the
body. In response to SNS activation, pupil dilate, heart-rate and force of heart
contractility increases, blood vessels constrict, blood pressure increases and movements
of intestines are inhibited [53]. The complex and opposing interaction between

sympathetic and parasympathetic (vagal) nervous system is termed as sympathovagal
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balance whereas, increase in sympathetic activation leads to sympathovagal imbalance
[54].

The field of neurocardiology explores the interconnections between heart and brain. The
heartbeat originates at SA node, which generates around 100-120 electrical impulses per
minute, whereas, the resting heart rate (HR) of a healthy subject is between 50-70 beats
per minute. This is because of continuous control of ANS over SA node output and the

real HR is the output of net regulatory effect of ANS on heart [47].

At resting conditions, both parasympathetic and sympathetic nervous systems are active
and parasympathetic system is dominant [47]. When HR increases to about 100 bpm, the
balance shifts and sympathetic activity dominates [55]. The actual balance between PNS
and SNS is dynamic and is optimised based on internal and external stimuli. The response
time of heart for sympathetic activation is relatively slow in comparison to instantaneous
response time of heart for parasympathetic activation [48]. Therefore, during mental-
stress, the consequences of central nervous system (CNS) lead to increase in HR and
blood pressure (BP) that defines hemodynamic reactivity [56] and this is useful in this

research of stress detection.

The cardiac signals useful in this study of psychological stress detection are discussed in

the following section.

2.5 Cardiovascular signals

The cardiovascular signals are signals originating from heart. The analysis of cardiac
signals forms important non-invasive diagnostic tool to monitor and assess cardiac health
and overall health of an individual. In some diseases, use of cardiovascular signals is
confirmed to be a reliable and inexpensive method for early diagnosis. The cardiovascular

signals used in this work are:

2.5.1 Electrocardiogram

The Electrocardiogram (ECG) is a graphical recording of the electrical activity of heart.

The cardiac muscles depolarize in response to electrical impulses generated by pacemaker
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cells resulting in generation of ECG signal [47]. A typical ECG signal is shown in figure
2.3.
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Figure 2.3 A plot of ECG signal

An ECG beat comprises of P-wave, QRS complex, T-wave and U-wave as shown in

figure 2.4. The significance of these waves is:

e P-wave signifies depolarisation of atrial myocardium, start of atrial contraction to
pump blood into ventricles

e QRS-complex corresponds to depolarisation of ventricular myocardium, start of
ventricular contraction to pump blood to lungs and rest of the body

e T-wave reflects repolarisation of ventricular myocardium which is an essential
recovery process for myocardium to depolarise and contract again

e The origin of U-waves is uncertain and is believed to correspond to late
depolarisation. These waves are <10% height of QRS complex and prominent in

abnormal conditions
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Figure 2.4 An ECG signal showing P wave, QRS complex and T-wave (adapted from [47])

The heart rate variability signals, derived from the R-R interval information of ECG

signals are described below.

2.5.2 Heart rate variability

The heart rate variability (HRV) is the variation in time interval of consecutive R-peaks
of ECG signal. A plot of typical HRV signal is shown in figure 2.5. As the HR of a
healthy subject is not steady, HRV depicts the capability of heart in adapting to changing
conditions by swiftly responding to stimuli [47]. The beat-to-beat variability is due to
ANS modulation of cardiac pacemaker and hence, the HRV depicts sympathovagal
balance. A low HRV suggests an increased sympathetic dominance or reduced
parasympathetic dominance [57]. Therefore, HRV is considered as a measure of neuro-

cardiac function that reflects interactions of heart-brain and ANS dynamics [55].
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Figure 2.5 A plot showing HRV signal

According to Task Force of European Society of Cardiology and North American Society
of Pacing and Electrophysiology [58], the frequency domain (power spectrum density)

analysis of HRV has four frequency bands as shown in figure 2.6:

ULF- This is ultra-low frequency (ULF) band. The frequency range of this band is less
than 0.003 Hz.

VLF- This is very-low frequency (VLF) band. The frequency range of this band is 0.003
Hz to 0.04 Hz.

LF- This is low frequency (LF) band with frequency range of 0.04 Hz to 0.15 Hz.

HF- This is high frequency (HF) band with frequency range of 0.15 Hz to 0.4 Hz.

The LF/HF power ratio is considered as sympathovagal balance indicator. An increase in
this index indicates a shift towards sympathetic dominance whereas the decrease of this

index indicates a shift towards parasympathetic dominance [59]-[63].

However, concept of LF, HF and LF/HF ratio for sympathovagal balance indication is

challenged in many studies [64]-[66].

Therefore, this research work proposes the use of PCG signals for psychological stress

detection. The PCG signals are described in the following section.
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Figure 2.6 Estimate of Power spectral density of HRV signal showing UHF, VLF, LF and HF bands
(adapted [67])

2.5.3 Phonocardiography signals

Phonocardiography (PCG) is graphical recording of mechanical activity of heart. The
heart sounds are generated due to blood flow and valve closure. The complex interplay
between pressure gradients in atria, ventricles and arteries changes the heart sound
morphology thereby affecting timing and magnitude of heart sounds [68]. These heart
sounds when recorded and plotted electronically are called PCG signals. A typical PCG

signal is shown in figure 2.7.

The PCG signal is acquired using an electronic stethoscope. The heart sounds are

described as follows:

S1- It is termed as first heart sound and is a low-frequency, low pitch and longer duration
acoustic signal [69]. The ventricular systolic contraction triggers cardiohemic system
vibrations that include heart chambers, valves and blood. These vibrations are transmitted
through thoracic cavity and received at chest wall [70]. The S1 occurs during systole, at
the end of isometric contraction period [71] due to closure of tricuspid and mitral valves

[72].
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Figure 2.7 A plot of PCG signal

S2- It is termed as second heart sound and is a high-pitch, shorter duration acoustic signal
[69]. The S2 occurs during diastole, after isovolumetric relaxation period [71] because of

closure of pulmonary and aortic valves [72].

Under normal or pathological conditions, some extra sounds including third heart sound
(S3), fourth heart sound (S4), murmurs and clicks can also be present in a PCG signal
[69], [73]. The fundamental heart sounds (FHS) are S1 and S2. In a PCG signal, the
interval between S1 to subsequent S2 is systole whereas, the interval between S2 to
subsequent S1 is diastole. In normal conditions, systole is shorter than diastole [69]. The
systole and diastole together form a cardiac cycle. The S1 peaks, S2 peaks, systole and

diastole of PCG signal are shown in figure 2.8.
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Figure 2.8 A PCG signal depicting S1 peaks, S2 peaks, systole and diastole

The interbeat interval signals that are derived from PCG signals are explained in the

following section.

2.5.4 Inter-beat interval signal

The inter-beat interval (IBI) signal is derived from PCG signal by extracting the time
interval between consecutive S1 peaks. Due to variability in HR, the time interval
between S1 peaks is also dynamic so as to adapt to changing requirements of the
individual and in response to the stimuli. It is analogous to HRV derived from ECG

signals. A plot of typical PCG-derived IBI signal is shown in figure 2.9.
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Figure 2.9 A plot of IBI signal

In order to properly acquire PCG signals, the electronic stethoscope chest-piece is to be
placed at appropriate sites on the chest. The sites best suitable for auscultation and
acquisition of cardiac sound PCG signals are called auscultation sites and are described in

the next section.

2.6 Auscultation sites

The heart sounds originate due to the closure of valves and vibrations in cardiohemic
system. These vibrations travel to the chest wall and microphone can be placed at these
sites for auscultation. The auscultation sites and their respective anatomical landmarks are

given below [72] and are shown in figure 2.10.

Aortic auscultation area (A) - It is located at 2nd intercostal space along right sternal
border
Pulmonary auscultation area (P) - It is located at 2nd intercostal space along left sternal

border
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Tricuspid auscultation area (T) - It is located at 4th intercostal space along left sternal
border

Mitral auscultation area (M) - It is located at 5th intercostal space along left
midclavicular line

Erb’s auscultation point (E) - It is located at 3rd intercostal space along left sternal

border

Figure 2.10 Auscultation sites for heart sound acquisition (adapted from- [74])

2.7 Motivation

The traditional cardiac auscultation is listening to acoustic heart sounds using
stethoscope, whereas PCG is electronic recording and graphical representation of heart
sounds using electronic stethoscope. A stethoscope is very important diagnostic tool as it
is available at primary healthcare centres, making auscultation an important diagnostic
measure. The accuracy and diagnostic capability of cardiac auscultation are dependant on
experience of the physician. The human audibility range also limits the diagnostic
potential of cardiac auscultation [45]. Whereas, the diagnostic capability of PCG signals
is independent of human audibility range. The PCG signal acquisition is cost-effective
and does not require proper clinical setup as compared to Electroencephalography (EEG)
and Electrocardiography (ECG) signals and hence is suitable for areas where
sophisticated equipment and trained physicians are not available. Therefore, PCG-based
psychological stress detection is suitable for computer-aided diagnosis, telemedicine,

rural areas and homecare.
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The psychological stress detection using ECG-based HRV signals is well-documented
[59]-[63]. The LF/HF power ratio feature extracted from HRV signals is used as
sympatho-vagal balance indicator. The increase in this feature indicates a shift towards
sympathetic dominance whereas the decrease in this feature indicates a shift towards
parasympathetic dominance. A temporal relation exists for simultaneously recorded
ECG and PCG signals. The R-wave of ECG signal appears just before S1 peak of PCG
signal [71] as shown in figure 2.11. This relationship between the two signals gives an

insight for using PCG instead of ECG for psychological stress detection.
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Figure 2.11 A plot showing simultaneously recorded PCG and ECG signals and depicts their
temporal relationship (redrawn from [73])

The bio-signals generally exhibit non-linear and non-stationary behaviour. Therefore,
extraction of significant diagnostic information from these signals is a challenging task.
Due to the non-linear and non-stationary characteristics of cardiac signals [47], the
conventional signal processing techniques that impose crucial restrictions of linearity and
stationarity of data are inadequate to capture complex dynamics of heart. Therefore, a
technique that can deal with non-linear and non-stationary nature of cardiac sound signals
will yield more significant results. The Empirical mode decomposition (EMD) is an
adaptive and data-dependent time-frequency domain signal processing technique suitable
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for non-stationary and non-linear signals [75]. The EMD technique decomposes a signal
without making a priori assumptions on the input data. The EMD technique decomposes
any temporal signal into a set of amplitude and frequency modulated (AM-FM) mono-
component sub-band signals called Intrinsic Mode Functions (IMFs). The information
present in these sub-bands can then be extracted using non-linear features as cardiac
signals have non-linear characteristics. Thereafter, these non-linear features can be fed as
an input to classifiers for decision-making. In this research work, non-linear features have

been investigated in EMD domain for psychological stress detection using PCG signals.

The conventional state-of-technologies including ECG and EEG provide important
biophysical measures for psychological stress detection. However, the present study

proposes a novel application of PCG signals for psychological stress detection.

The motivations for developing PCG-based framework for psychological stress detection

include:

e The studies [64]-[66] indicate that the well-documented ECG-based LF/HF ratio
method for psychological stress detection is not accurate and may not efficiently

indicate sympathovagal imbalance

e Stress manifestation on heart rate forms the basis for ECG-based LF/HF ratio
method for psychological stress detection. The ECG signals are temporally related
to simultaneously acquired PCG signals but as yet, there has been no systematic

investigation of the possible use of PCG for psychological stress detection.

e The EEG signals provide important diagnostic measures for psychological stress
detection but are expensive, require proper clinical setup and training for data
acquisition thus making it unsuitable as homecare-based first-level timely
screening method

e The non-availability of proper cost-effective home-care based methods for
psychological stress detection and challenges in commercial wearable devices like
frequent movement of data acquisition site, improper placement of sensors that
can also lead to unreliable data and high cost emphasize on the need for reliable
data-acquisition, alternate measurement site and cost-effective solution for

psychological stress detection
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e The easy availability of stethoscope at primary health care centers makes
stethoscope an important diagnostic tool. The easy acquisition of PCG signals
makes PCG-based method appropriate as a first-level screening method at places
where a specialized physician/equipment is not available. The easy to acquire
PCG signals make it suitable for telemedicine and can possibly increase the

outreach of timely expert diagnosis and reduce the urban-rural divide in healthcare

e Understanding and developing PCG-based psychological stress detection
framework may lead to better, early diagnosis at homecare and greater
effectiveness in healthcare delivery system using telemedicine due to shortage of
mental healthcare workers and psychiatrists in low and middle-income countries
like India

The above-mentioned motivations and research problems formed the basis of the present
study that explores the applicability of PCG signals for psychological stress detection.
The objectives of the study are defined in the subsequent section.

2.8 Objectives

The objectives of this research work are:

1) To acquire the bio-signals, pre-process the signals and extract the features for

psychological stress detection
2.) To identify the most discriminating features of bio-signals for stress detection
3.) To develop a bio-signals based stress detection system

4.) To test and validate the developed system

2.9 Steps involved in PCG-based psychological stress detection

In order to accomplish the above-mentioned research objectives for psychological stress
detection using PCG signals the following steps are involved as shown in figure 2.12:
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e Signal Acquisition
The PCG and ECG signals are simultaneously recorded as per the guidelines of
Task Force by European Society of Cardiology and North American Society of
Pacing and Electrophysiology.
e S1 peak detection and Interbeat Interval (1BI) signal formation
The S1 heart sounds are detected from PCG signals using ECG-gating method.
The interval between consecutive S1 heart sounds is computed and interbeat
interval signal (IBI) is formed. This IBI signal is used for further signal analysis to
detect psychological stress.
fl\cquilred PCG 51 pealks detectinn and END approach .I W formation
Signal IBl signal formation
3
k
Simultaneously . Low frequency to high
acquired ECG R-pdeaE}E[[];etGecnon el frquency (LF/HF) power Non-inear feature extraction
signal a aing ratio featura extraction
-~y - o -lr_"--
e Classification Classification
\ Baseline state Stressad state Bassline state Stressed state
\\
\-\
~ Comparison of ECG-based method with PCG-based method 4
Figure 2.12 Steps involved in PCG-based psychological stress detection
e Empirical Mode Decomposition

The EMD method is a time-frequency domain signal analysis method that is
applicable for non-linear and non-stationary data. The bio-signals are generally
non-linear and non-stationary, therefore, use of EMD is suitable for signal

decomposition.
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Intrinsic Mode Functions formation

The application of EMD on IBI signals leads to formation of mono-component
sub-band signals known as intrinsic mode function (IMFs) using an iterative
process called sifting.

Non-linear feature extraction

In order to detect psychological stress, the complex non-linear dynamics of
cardiac signals are captured using non-linear features. The IMF signals are used
for extracting the non-linear features.

Classification

The classification of signals as stressed state and non-stressed baseline state is
done using Least-Square Support Vector Machine (LS-SVM) classifier.
Comparison with ECG-based LF/HF power ratio feature method

The results of the developed method are then compared with well-documented
ECG-based LF/HF power ratio sympathovagal balance indicator method.

2.10 Contributions

The contributions of this thesis are summarized as:

A novel method of using PCG signals for psychological stress detection has been
developed

The time-interval between consecutive S1 heart sounds of acquired PCG signal is
computed to form IBI signal. The IBI signal is decomposed to IMFs using EMD
method. These IMFs were used to compute non-linear features namely-Area of
Analytic Signal Representation (AASR), Log of Area of ellipse from Second-
order Difference Plot (LASODP), Root Mean Square value of IMF (RmsIMF),
Shannon Entropy (ShEnt), Fuzzy Entropy (FzEnt), Permutation Entropy (PEn)
and K-NN Entropy (K-NN). The maximum classification accuracy on the dataset
is achieved using LS-SVM classifier

The developed method uses subject-specific baseline template analysis to cater to
varied stress responses and characteristic cardiac behaviour of every individual
The developed PCG-based method of psychological stress detection is cost-

efficient, suitable for home-care, telemedicine, rural-areas and performed better
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than well-documented ECG-based LF/HF power ratio sympathovagal balance
indicator method on the available dataset
e This work opens a new research area of psychological stress detection using PCG

signals

2.11 Organization of the thesis

The remaining portion of this thesis is organized as follows:
Chapter 3 Literature review

This chapter elaborates the prior-work available in this research area. The works done in
the field of PCG signals and the studies for psychological stress detection are included in

this chapter and based on this, the research gaps have been identified.
Chapter 4 Data acquisition and pre-processing

This chapter explains the method and protocol of data acquisition for this study and the
related guidelines of Task Force by European Society of Cardiology and North American
Society of Pacing and Electrophysiology. This is followed by the steps involved in pre-
processing of acquired signals. This involves detecting S1 peaks in PCG signals using
simultaneously acquired ECG signals and formation of IBI signal. This IBI signal is then

used for decomposition and further analysis.
Chapter 5 Empirical mode decomposition

This chapter describes the importance of using empirical mode decomposition method for
time-frequency domain signal analysis. The EMD technique is suitable for non-linear and
non-stationary signal analysis. The bio-signals are generally non-linear and non-stationary
in nature making EMD a justified choice for signal decomposition and analysis. The steps
for implementation of EMD on IBI signals and formation of IMFs that are mono-

component sub-band signals are also discussed in this chapter.
Chapter 6 Proposed method 1

This chapter investigates the relevance of five non-linear features namely- AASR,
LASODP, RmsIMF, ShEnt and FzEnt for PCG-based psychological stress detection. The
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classification results using this method are discussed in detail and compared with existing
ECG-based method.

Chapter 7 Proposed method 2

In this chapter, clinical relevance and diagnostic importance of three non-linear entropy-
based features namely- Permutation entropy (PEn), Fuzzy entropy (FzEn) and K-NN
entropy (KNN) is explored. Thereafter, the classification parameters obtained using this

method are discussed and compared with existing well-documented ECG-based method.
Chapter 8 Conclusion and future scope

This chapter concludes the experimental work and summarizes major research
contributions of this work. This chapter also elaborates on major findings from this
research along with advantages and limitations of the proposed method. The possible

extensions and applications of this work are also discussed in this chapter as future scope.

35



CHAPTER 3 LITERATURE REVIEW

3.1 Literature review on PCG

The PCG signals are heart sound signals and have been extensively used in studies for
cardiac anomalies detection. The major work on PCG signals is done on heart sounds
segmentation that leads to cardiac cycle segmentation and detection of S1, S2, systole and
diastole. The PCG signals are widely used in literature for murmur detection and
pathological abnormal cardiac sound detection. The PCG is also useful for foetal heart
rate monitoring as there is no acoustic energy transferred to the foetus, making it a safe
long-term cardiac monitoring method [76]. However, as per the extensive literature
survey, the authors did not come across any prior-work focussing on PCG-based

psychological stress detection.

The contributions in the field of using PCG signal for the applications mentioned above

along with techniques applied for signal analysis are reported here in chronological order:

Lehner et al. [77] developed a microcomputer-based system to segment PCG signals and
characterize murmurs using ECG and carotid pulse as reference signals. The study
acknowledged the appearance of murmurs long before appearance of other signs and
symptoms of cardiovascular system malfunction. The study proposed the use of carotid
pulse as a reference signal for PCG analysis lead to reliable detection of S2 heart sound in
PCG signals. Thus combined use of ECG signal for S1 heart sound detection and carotid
pulse for S2 heart sound detection resulted in proper and reliable segmentation of PCG
signal in systole and diastole. This resulted in an accurate characterization and
localization of the murmurs. This study used 47 phonocardiogram signals for the analysis.
The use of PCG energy curve is suggested for diagnosis of valvular and septal heart

defects and presence of murmurs is indicated if significant energy appears after S1 during
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systole or after S2 during diastole. The use of PCG energy spectrum indicated presence of
high-frequency murmurs. This study implemented on a dedicated microcomputer resulted

in fast analysis of PCG signals.

Khadra et al. [78] suggested the use of wavelet transforms for signal analysis of
phonocardiogram signals. The study highlights the disadvantages of using methods like
fast fourier transform for non-stationary heart sound signal analysis. Further, the
limitations of using spectrogram and Wigner distribution in tracking sudden changes and
transients that are characteristic to heart sound PCG signals. The study emphasized
applicability of time-frequency domain wavelet transform method in extracting clinically
useful information particularly for exact measurement of the time difference between A2
and P2 components of S2 heart sound in PCG signals as this time difference can be

widened due to pathological conditions.

Zhang et al. [79] used 11 PCG signals to test the applicability of time-frequency domain
scaling transformation based on matching pursuit method which makes use of an iterative
method for decomposing a signal into a series of time-frequency atoms. The two
components of a signal becomes difficult to distinguish if there is a small time-interval
and hence, the difficulty increases when the heart rate increases. These limitations of
auscultation are removed through time-frequency scaling of the PCG signal based on the
matching pursuit method. In this method, the time scale is changed without changing the
spectral properties and for frequency scaling the frequency band of the signal can be
compressed or expanded and frequency band can be shifted up or down to a desired
frequency range without changing the temporal properties of the signal. This technique is
found to be useful for applications like- detecting heart and heart-valve diseases and

teaching auscultation.

Kovécs et al. [76] developed PCG-based long-term foetal heart rate (FHR) monitoring
method. The use of acoustic approach for FHR does not transmit any energy to foetus and
feasibility of using low-power electronic instrumentation makes this method suitable for
long-term foetal heart rate monitoring. This study analysed simultaneous acoustic FHR
and ultrasound cardiotocograph (CTG) recordings of 80 patients for 10 minutes duration.
The study reported that for approximately 90% of total time, findings from PCG-based
FHR agreed with that of ultrasound CTG. This study also highlights the challenges of
foetal heart sound (HS) detection and analysis as described below:
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e The foetal HS signal is recorded from maternal abdomen. Therefore, it is a low-
intensity signal in comparison to the interference signals originating from the
organs of the mother.

e The acquired foetal HS signal depends on foetus position in mother’s womb and
hence it may vary in intensity, spectra and in time. This leads to changes in the
amplitude and frequency characteristics thereby, significantly modifying the
waveform of the foetal heart sound signal.

e Double peaks may appear in the foetal HS signal owing to temporal delay

between aortic and pulmonary components.

Guillén et al. [80] designed a tele-homecare system using integrated services digital
network and internet protocol using videoconferencing standards and standard TV set to
interact with patient and monitor ECG, heart sounds and blood pressure remotely. The
specifications and requirements for home-care and telemedicine are discussed in this
study. The usability, cost-effectiveness, and interoperability of the designed system were
the salient features. This system was evaluated for 52 patients and 10 university students
and emphasized the importance of feeling of virtual presence. The virtual presence tends
to provide psychological perception of empathy between physician and patient. This leads
to trustworthy assessment by medical staff and reliable outcomes of the interventions.
This is particularly useful in the scenario where a large number of patients need health
monitoring and support at home and for places with high patient-to-doctor ratio in order

to increase outreach of expert diagnosis and healthcare.

Ortiz et al. [81] studied differences in foetal heart rate variability (FHRV) from
abdominal electrocardiography and phonocardiography in 15 pregnant women. The
duration of antepartum phocardiograms and abdominal electrocardiograms is reported to
be 3 minutes. This work depicted that mean heart rate from both the methods are similar
but differences exist for FHRV indices extracted from PCG and abdominal ECG. The
FHRV indices including root mean square of the difference between sequential intervals
(RMSSD), short term variability (STV) computed as the mean of the difference between
consecutive intervals, and power of high frequency (HF) component showed higher
values in case of PCG in comparison to ECG. A significant lineal correlation was

observed between R-R spectrum of ECG and S-S spectrum of PCG within the low-
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frequency components; however, a non-significant correlation was reported at high

frequencies.

Varady et al. [82] emphasized the importance of long-term variability of foetal heart rate
in accessing the foetal health status. The study suggested use of two-channel
phonocardiography with wavelet-based advanced signal processing techniques for low-
cost, standalone, battery-operated long-term foetal heart rate monitoring as an alternative
to expensive ultrasound cardiography for home-care use. The study used wavelet-based
denoising with adaptive cross channel coefficient adjustment for efficient cancellation of
external noise in comparison to other methods examined in the study. The bursts are
identified with cross-correlation based amplitude burst detection which may correspond
with the highest probability to an S1 or S2 beat. Thereafter, the rule-based selection of the
S1 and S2 beats is accomplished by finite state machine and physiological timing rules.
This method is implemented on acoustic sound signal heavily loaded with noise as it is
recorded from maternal abdomen and vyielded 83% accuracy in comparison to
simultaneously recorded ultrasound measurements on 16 pregnant women in 28" to 40

week of pregnancy.

Syed et al. [83] used actual patient data of 30 to 40 second duration from 39 adult
subjects out of which 11 suffered from mitral regurgitation, 15 subjects had benign
murmurs and the remaining 13 were normal control subjects. This study made an attempt
to approximate steps of cardiologist-based auscultation, which include discarding the
clinically irrelevant beats, selectively tuning in to particular frequencies and gathering
information across time in order to make a diagnosis, for making an automated computer-
based auscultation system named MIT automated auscultation system (MAAS) for
cardiac sound analysis. This framework provides noise isolation, automatic cardiac sound
segmentation, high diagnostic content interval isolation and statistically significant
feature extraction corresponding to pathological signals. The stages involved in this
framework include interval segmentation, interval selection, time-frequency
decomposition using wavelet-based approach, clustering, construction of prototypical
intervals and cluster selection. The results of the classifier used are reported to be

comparable to best-published results.

Amit et al. [70] proposed a computational analysis framework for continuous non-

invasive monitoring of cardiac and respiratory functions consisting of hierarchical
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clustering, compact data representation in the feature space of cluster distances and a
classification algorithm for identification of distinct morphologies of heart sounds and
further classifying them into the physiological states. This study used time-frequency
domain signal representation, hierarchical clustering on two datasets to classify two
physiological states using morphological changes in S1. The data in the first dataset was
acquired from 12 subjects while modulating the respiratory pressure and an average
accuracy of 82=+7% is achieved in classifying the breathing resistance level. This
algorithm estimated the instantaneous breathing pressure with an average error of 19+
6% and a strong correlation of 0.92 was reported between the estimated and the actual
breathing efforts. The data of second dataset from 11 subjects was acquired during
pharmacological stress tests and the average accuracy of 86=*+7% was reported in

classifying the pharmacological stress stage.

Tang et al. [84] dealt with impulsive noise or interference in heart sounds that is
inevitable due to friction between chest-piece of stethoscope and patient’s skin, lungs
sounds and noisy hospital environments. Firstly, the quasi-cyclostationary nature of heart
sounds is discussed, then consistency of S1 and S2 heart sounds is established using nine
different clinical cases. Thereafter, non-linear time scaling is suggested in cycle-
frequency domain for reducing noise and disturbances in heart sounds. This method
achieved good performance even with five cycles and results showed clearer and more
discernible recovered heart sounds. Tang et al. [85] used fuzzy detection in joint cycle
frequency-time-frequency domain for impulsive noise reduction in heart sounds. The
heart sound atoms congregated whereas, noise atoms dispersed on joint plane. This

method attained good performance even for five cardiac cycles.

Mandal et al. [86] designed a point-of-care cardiac pre-screening hand-held, low-power
device suitable for providing heart-care services to rural areas of the developing
countries. This study used adaptive multi-resolution signal processing techniques for
acquisition, wavelet-based denoising, segmentation and classification of heart sounds and
murmurs using ultra low-power embedded processor TI-MSP 430. The presence of
cardiac abnormality in the patient leads to alteration in the temporal domain signature of
the heart sounds and it can be sensed by the device. The device can categorize a subject in
normal, abnormal, valvular abnormalities or ischemic classes and can be useful in early

detection of common congenital heart diseases. The device showed good performance on
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72 samples taken from 17 volunteers. The system developed in this study used a special
colour scheme for indication of the risk and also, a networked cardiologist is alerted if
any abnormalities are detected in the recorded heart sounds in order to provide proper
point-of-care leading to increased expert outreach in rural areas.

Kovacs et al. [87] worked in the field of foetal heart rate variability and detection of
foetal heart murmurs. The work also contributed to accessing useful parameters of foetal
cardiac operation in addition to cardiotocographic examination. The study used 3000
acoustic recordings from the maternal abdomen for detection of S1 heart sound in foetal
PCG. This study used multimodal algorithms namely- autocorrelation, wavelet transform,
matching pursuit algorithm and model-based correlation algorithm for S1 foetal heart
sound detection. The autocorrelation has proven to be the most efficient algorithms,
however, if it fails to identify an S1 sound with acceptable certainty, a combination of
two additional methods are applied consecutively for detecting heartbeats. This complex
combination of these methods provided an improved accuracy, even in case of noisy
records, as compared to individual methods at the cost of increased computation demand.

The framework suggested in the study is suitable for long-term foetal heart monitoring.

Patidar et al. [88] contributed towards heart sounds segmentation using tunable-Q wavelet
transform (TQWT) by working on dataset of heart sounds pod-cast series 2011 by the
Robert J. Hall Heart Sounds Laboratory of Texas Heart Institute at St. Luke’s Episcopal
Hospital, containing 50 abnormal cardiac sound signals. The murmurs present in the PCG
signal are removed using decomposition based on constrained TQWT and reconstruction
with adaptive selection of input variables. The study suggests adjusting Q-factor,
redundancy parameter and number of stages of decomposition of the TQWT to desired
statistical properties in order to obtain murmur-free reconstructed cardiac sound signals.
The values used in this study for reconstruction of signal are r =11 and j =11 at Q = 1.
Thereafter, low energy components are removed from reconstructed signal to extract
envelope based on cardiac sound characteristic waveform. The timing information from
characteristic waveform is used to extract heartbeat cycles from original cardiac sound
signals. This study showed promising results in FHS detection even in presence of

overlapping murmurs of comparable magnitude.

Patidar et al. [89] used data from five different sources to form a more generalized dataset

for septal defect detection from cardiac sound signals using TQWT based feature
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approach. The constrained TQWT is used for heartbeat cycle extraction and thereafter,
TQWT based decomposition is used for decomposing extracted heartbeat cycles in sub-
bands. The combinations of sub-bands are used for diagnostic feature extraction. The
decomposed sub-bands are reconstructed to compute sum of average magnitude
difference function (SAMDF). The feature set was obtained with SAMDF to represent
murmurs in heart sound signals. The classifier used in the study is LS-SVM with different
kernel functions. The study reported significant classification accuracy of 98.92% with
sensitivity of 98.80%, specificity of 99.29% at tenth level of decomposition with Q=6.

Watanabe et al. [90] made a significant contribution in the field of ubiquitous health
monitoring by suggesting the use of bi-directional microphone for mobile phone having
pressure detecting film that receives differential pressure between ports. This microphone
can be used for bio-signal measurement and can serve as a sphygmograph, a stethoscope
or a bed-side health monitor. The findings suggested that this set-up can be used as a
sphygmograph and detects the wave similar to the second derivative of the conventional
optical pulse oximeter output wave and the correlation of 0.92 is reported with pressure
pulse wave. The set-up when used as a stethoscope detects cardiac sound and pulse wave
and respiration. The use of two microphones allows computation of delay time from neck
carotid to the fingertip. The approach of this study was to make the audio microphone a
low-frequency microphone with high sensitivity by setting one pressure-detecting port in
one closed space and this lead to expansion of cut-off frequency from 200 to 0.5 Hz or
less and the gain increased by more than 50 dB in the low-frequency range.

Papadaniil et al. [91] worked in the field of automatic heart sound segmentation for
localization of S1 and S2 heart sounds and used ensemble empirical mode decomposition
with kurtosis feature for the investigation. This study was conducted on 43 heart sound
recordings from 11 normal subjects, 16 subjects with mitral regurgitation and 16 patients
with aortic stenosis recorded in real clinical environment and achieved 94.56% accuracy
in determining heart sounds location and 83.05% in heart cycle segmentation. The results
from noise stress test with additive Gaussian noise and respiratory noise suggests the
superiority of this technique in comparison to other efficient methods employing wavelet
transform, energy, simplicity and frequency measures. This work also suggested that the
improvement is due to more effective decomposition of the PCG signals into the distinct

components in comparison to the wavelet transform decomposition.
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Springer et al. [73] contributed in the field of automated heart sounds segmentation using
hidden semi-Markov model with a priori information about the duration of states, the use
of logistic-regression for emission probability estimation and modified Viterbi algorithm
for decoding the most-likely sequence of states. The study is conducted using 30-40 s
duration noisy real-world PCG signals of 112 patients and the F1-score of 95.63+0.85%
is achieved as compared to F1-score of 86.28+1.55% using state-of-art method based on
duration-dependent hidden Markov model [92]. The greater discrimination between the
states is achieved due to logistic regression in comparison to Gaussian distribution-based
emission probability estimation and the proposed method of the study significantly

outperformed the state-of-the-art method due to the use of an extended Viterbi algorithm.

Liu et al. [93] conducted a significant study to enlist all the available open PCG databases
and describes a public heart sound database, assembled for an international competition,
the PhysioNet/ Computing in Cardiology (CinC) Challenge 2016. This work is necessary
for comparative evaluations of heart sound algorithms for heart sound segmentation and
classification. The study comprises of nine databases acquired across the seven countries
and three continents over the period of a decade so this lead to a large variation in
hardware, recording locations, data quality and patient types. Therefore, the study
incorporated the sensor used, recording duration, recording position, sampling rate and
sensor frequency bandwidth. The databases included 2435 heart sound recordings from
1297 patients and healthy subjects. This study does not report any database for PCG-

based psychological stress detection.

Zhang et al. [94] investigated use of scaled spectrogram with partial least squares
regression for classifying heart sounds in categories namely- normal, murmur, extra heart
sound and artefact. This study is performed on PASCAL classifying heart sounds
challenge. The four stages of the study included heart cycle estimation using short-time
average magnitude difference of Shannon energy envelope, spectrogram scaling using
bilinear interpolation for obtaining equal length spectrograms, dimension reduction
accomplished using partial least squares regression and classification using support vector
machine classifier. The proposed method outperformed the baseline methods of the
challenge. Zhang et al. [95] used scaled spectrogram with tensor decomposition method
for classifying heart sounds using support vector machines classifier. The main

contribution of this study is use of tensor decomposition to extract the intrinsic structure
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of the scaled heart cycle spectrograms. The method proposed in the study is evaluated on
three public datasets by the PASCAL classifying heart sounds challenge and 2016

PhysioNet challenge and yielded competitive results.

Chen et al. [96] investigated the feasibility of reliable S1 and S2 heart sound recognition
without using duration of heart sounds information and heart interval information. The
study proposed conversion of heart sound signals to Mel-frequency cepstral coefficients
(MFCC) and K-means algorithm for clustering MFCC features and thereafter, using a
deep neural network classifier for S1 and S2 recognition. This study achieved 91%
accuracy in S1 and S2 fundamental heart sounds recognition using Mel-frequency
cepstral coefficients based only on acoustic characteristics and without ECG as a
reference signal. The high recognition accuracies of individual S1 and S2 heart sounds,
even in the absence of duration and interval information makes this method suitable for

patients with arrhythmia due to irregular S1 and S2 time intervals.

Latif et al. [97] recommended the use of recurrent neural networks for automated cardiac
auscultation and abnormalities detection. This study used Logistic Regression-Hidden
Semi-Markov Models [73] for heart states identification and the overall PCG waveform is
segmented into shorter instances by locating the beginning of each heartbeat. The Mel-
frequency cepstral coefficients are used for representing PCG signal in compact
representation and thereafter, recurrent neural network model is trained. The database
used is Physionet Computing in Cardiology Challenge. The results of the study
outperformed AdaBoost-CNN model which was placed as rank 1 in the PhysioNet
Computing in Cardiology Challenge 2016.

Omari et al. [98] reported another application of PCG signals for blood pressure
estimation. The correlation between pulse transit time and diastolic duration S21 is
explored in this study for PCG-based blood pressure measurement. The developed
artificial neural network used systolic duration, diastolic duration, heart rate, sex, height
and weight as input data and as per the NN decision, the mean blood pressure was
measured and thereafter, the systolic and the diastolic pressures were estimated. This
method was evaluated on 37 subjects and results are reported to be satisfactory as error in
estimation lies very close as per AAMI standard. This study shows the feasibility of PCG-

based blood pressure estimation.
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Ghosh et al. [99] worked in the field of automated heart valve disorder detection
including mitral stenosis, aortic stenosis and mitral regurgitation on a public database by
segmenting PCG signal into cycles based on formation of Shannon-entropy envelope and
approaches for heart sound cycle extraction. Thereafter, a time-frequency matrix is
obtained using wavelet synchrosqueezing transform and magnitude and phase features are
computed from the matrix. The seven features extracted from magnitude component are
mean, standard deviation, entropy, skewness, kurtosis, median, and energy and similarly,
from phase component six features namely- mean, standard deviation, entropy, skewness,
kurtosis, and energy are computed. The classifier used is random forest classifier and the
average individual accuracy values for normal, aortic stenosis, mitral stenosis, and mitral
regurgitation classes obtained are 98.83%, 97.66%, 91.16%, and 92.83%. This reported
methodology is suitable for real-time detection of PCG-based heart valve disorder
detection and an overall accuracy value of 95.12% as classification performance is
reported using proposed method. The study also verified the method on 15 recorded PCG
signals and achieved 93.33% accuracy.

Thanaraj et al. [100] proposed method for abnormal heart sound detection from
unsegmented phonocardiogram using deep neural network architectures such as a one-
dimensional convolutional neural network and feed-forward neural network. The feature
engineering and feature selection process is automated to reduce the analysis time of
screening the PCG records for heart disease identification. In this study, the challenge
2016 dataset was used with sampling frequency of 2000 Hz, and down-sampled to 500
Hz. The signal is then divided into small time-segments of 6 s epochs and Savitzky—
Golay filter is used for suppressing high-frequency noises. The processed data was
provided as an input to the proposed deep neural network architectures. The study used
1081 PCG records for training and validation and the feed-forward neural network model
with five hidden layers provided overall accuracy 0.8565, sensitivity 0.8673 and
specificity 0.8475.

Chien et al. [101] made an important contribution by presenting a deep convolutional
autoencoder for compressing PCG signals to reduce the bandwidth requirements for
transmission to remote sites for telecare applications. The hidden semi-Markov model is
used for heart sound segmentation. The seven convolution layers at encoder side
compress PCG signals into feature maps and at decoder site, other seven convolution

layers decompress feature maps and PCG signal is reconstructed for doctors to perform
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diagnosis. The proposed system was tested on Dalian University of Technology heart
sounds database of Physionet dataset and achievable compress ratio is reported to be 32

under a constraint that percent root-mean-square difference is less than 5%.

Altuve et al. [102] worked in the field of S1 and S2 heart sound analysis using intrinsic
mode decomposition from empirical mode decomposition and improved complete
ensemble empirical mode decomposition with adaptive noise. The two fundamental heart
sounds exhibit similarity in morphology, duration and superposition in frequency domain,
thereby making automated diagnosis difficult. This study uses two parameters for heart
sounds analysis in different IMFs- variance as power of S1 and S2 and Shannon entropy
as a measure of complexity in terms of information content. The study is performed on

2732 recordings of PhysioNet Computing in Cardiology Challenge 2016 database.

The study of existing literature shows that the prior-work involving PCG signals
primarily focussed on the fields including foetal heart rate monitoring [76], [81], [82],
[87], fundamental heart sounds segmentation [73], [83], [91], [96], abnormal heart sound
murmur detection [94], [97], [103] and noise reduction [84], [85]. Whereas, the field of
using PCG signals for psychological stress detection is unexplored. Therefore, this
research work focuses on the applicability of PCG signals in psychological stress

detection.

3.2 Literature review on stress detection

The major work on psychological stress detection using bio-signals is often divided into

two categories [104]:

1) Physical signals: These measures change as a result of muscle activity due to
psychological stress like- eye movements, pupil size, speech, respiration and facial

expressions.

2) Physiological signals: The change in vital functions of body due to psychological stress
is covered under this category. Examples include- changes in cardiac activity, brain

activity, Blood VVolume Pulse, exocrine activity and electrodermal activity.

The contributions in the field of psychological stress detection are described in

chronological order as follows:
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Shusterman et al. [105] studied three methods for detection of sympathetic activation as
indicator of stress on ten healthy subjects (three females and seven males). The methods
included skin temperature variability, photoplethysmography (PPG) and HRV. The study
showed insensitivity of temperature variability to noise or other mechanical factors and
hence suitability for detection of sympathetic activation. The loss of correlation in
temperature variability of right hand and left hand and a significant reduction in pressure
wave envelope indicate sympathetic tone. This study also documented changes in HRV
and temperature variability in response to mental stress in eighteen (sixteen males and
two females) Coronary Artery Disease (CAD) patients and ten normal subjects. In
controls, both temperature variability and HRV in very low-frequency range decreased,

whereas, no changes occurred in spectral HRV power of CAD patients during stress.

Zhai et al. [106] experimented on Blood Volume Pulse (BVP), pupil diameter (PD) and
Galvanic Skin Response (GSR) data acquired from six subjects. The stressor used for this
study is Stroop test. The study used ten attributes for stress detection. The accuracy
achieved is 80% using Support Vector Machine (SVM) classifier and sigmoid kernel
function in differentiating stressed and non-stressed mental states of computer users. The
study also demonstrated the hardware, software and signal processing requirements

involved in this study of stress detection.

Kumar et al. [107] used HRV data of 38 (26 male, 12 female) physically fit volunteers
during air traffic control task simulation and subjective stress rating was evaluated using
NASA Task Load Index. The continuous wavelet transform was used to compute features
of HRV signals and fuzzy clustering and fuzzy-based identification techniques were
utilized to eliminate the effect of uncertainties because of individual variations in HRV
for ANS assessment. The participants of the study were asked to refrain from use of
coffee and nicotine before and during the conduct of experiment. This study contributed
in quantifying mental stress and establishing a direct functional relationship between
ANS activities and mental stress.

Choi et al. [108] suggested removal of respiratory influences from HRV signals as
residual signals showed more discriminating power for monitoring mental stressed state
in four subjects. This is because the breathing may fall in LF or HF band of HRV signal,
reducing the diagnostic ability of HRV-based LF/HF ratio feature. The extracted residual
signal for the stress condition had more spectral power as compared to relaxed condition
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depicting better discriminatory power of residual signal. The dual-task for mental stress
used in the study was tracking the target and memory search while following the pacing
signal. The classifier used is quadratic classifier and classification performance of
extracted residual signal outperformed the traditional HRV analysis method. The study
also proposed a normalization method for compensating the ventilation differences

between paced and spontaneous breathing.

Li et al. [109] reported superiority of Hilbert marginal spectrum based on EMD as
compared to conventional power spectrum density estimation for assessment of ANS. The
data used in this study is simulated HRV signals and real-HRV data from 7 healthy
subjects. The selective blocking drugs namely atropine and metoprolol are used for this
study. The R-R signal is interpolated and resampled to make R-R interval a function of
time. The analytic signals obtained by using Hilbert transform is used for feature
extraction. The frequency behaviours are then analysed to estimate spectral traits of HRV
signal. The system proposed in the study is more sensitive in identifying low-frequency

and high-frequency bands of HRV.

Sharma et al. [110] collected data from 35 (22 males, 13 females) graduate students while
they watched stressed film clip and non-stressed film clip. The videos having facial
regions in visible spectrum and thermal spectrum were acquired. The features used in the
study are spatio-temporal features from thermal and visible spectrum videos. The study
also contributed towards a new feature for thermal spectrum videos to capture dynamic
thermal patterns in histograms. The fusion of thermal and visible spectrum facial patterns

yielded 72% stress recognition rate using SVM classifier.

Chen et al. [111] contributed in the field of contact-less stress detection and suggested the
use of hyperspectral imaging technique for extraction of tissue oxygen saturation value in
21 volunteers. The stressor used for the study is Trier Social Stress Test and stress
detection accuracy achieved is 88.1% with manual selection of classifier threshold. For
this study, the participants with a 125% higher cortisol level and a 6 bpm higher heart-rate
were regarded as stressed candidates. This method can serve as a non-contact type stress

detection modality.

Lanata et al. [112] accessed the changes in ANS and style of driving due to an
incremental increase in stress. This experiment was performed on 15 subjects and

parameters like HRV, respiration and electrodermal response (EDR) and parameters from
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steering wheel like change in velocity, angle and time response were monitored during
simulated driving. The stressors used in the study included unpredictable skids of vehicle
during simulated driving and a further increase in stress, induced by time-based
arithmetic questions along with unpredicted skids. The accuracy achieved is greater than
90% in discriminating three driving sessions- simple driving, stressed driving, and

increased stress-level driving.

Al-Shargie et al. [113] proposed fusion of EEG and functional near-infrared spectroscopy
(FNIRS) data acquired from prefrontal cortex showed improvement of 3.4% and 11% in
classification accuracy of mental stress as compared to unimodal EEG and fNIRS
modalities respectively. This study was conducted on 22 healthy male participants and
experiment was conducted based on Montreal Imaging Stress Task and mental arithmetic
task. The alpha amylase measurement was also conducted on the participants. The SVM
classifier was used in this study.

Baltaci et al. [114] acquired pupil diameter and thermal data from 11 (2 females, 9 males)
healthy subjects. The stress is induced by viewing pictures from International Affective
Picture System (IAPS). The classifiers used in the study included decision tree classifier
and Adaboost with random forest classifier. The performance of Adaboost with random
forest was better than decision tree classifier. The features extracted from pupil diameter
and periorbital temperature yielded the best accuracy as 83.8%. The best sensitivity and
specificity reported in the study is 83.9% and 83.8%. The study showed that entropy in a

pre-defined time window offers useful features for combining with actual measurements.

Giannakakis et al. [115] contributed in contact-less stress detection and used video-
recorded facial cues extracted from mouth activity, eye activity, head movements and
heart rate estimate through camera-based PPG as indicators of stress and anxiety. The
data from 23 adults (7 women, 16 men) and stressors used included social exposure,
emotion recall, stressful images from IAPS and stressful video. The study also used self-
report in order to correlate facial parameters to perceived stress. During stress, eye blink
rate increased, small rapid head movements indicated by head movement amplitude and
velocity and heart rate increased. The highest classification of 91.68% is achieved during

social exposure phase by Adaboost classifier.

Anusha et al. [116] acquired electrodermal activity (EDA), skin temperature (ST) and

ECG from 34 (20 males, 14 females) subjects. The stressor used in the study is laboratory
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intervention that matches with real-life job stress by combining mental workload,
performance pressure and time pressure. The stress response validation was done using
salivary cortisol level. This work used 61 features and four classifiers namely- Linear
Discriminant Analysis, Quadratic Discriminant Analysis, Support Vector Machine with
Radial Basis Function kernel and k-Nearest Neighbour classifier with k=3 are used in this
study. The analysis in the study was conducted on ECG of 300 s duration as per
international guidelines for short-term HRV analysis, whereas, EDA and ST data
segments of 300 s, 180 s, 60 s and 30 s were examined. The EDA performed well for 60 s
data segments and ST for 30 s data segments. The study showed EDA as the best single
modality, whereas, highest accuracy of 97.13% is achieved for stress recognition with
combination of EDA and ST.

Xia et al. [117] worked on early detection of mental stress using both EEG and ECG
signals acquired from 22 male subjects. This study emphasized on performing predictions
not on accuracy but for treatment efficacy by defining four stress levels and creating
models for individual levels. The accuracy, sensitivity and specificity achieved using this
method is 79.54%, 81%, and 78% respectively. The stressors used in the study are
Montreal Imaging Stress Task and arithmetic questions. The study also highlighted
significant neurophysiological differences at individual level between stress and stress-
free conditions. The features computed for this study are- relative power, power ratios,
coherence, amplitude asymmetry and phase lag and SVM classifier with RBF kernel and
sigmoid kernel are utilized in this study.

Asif et al. [118] studied effect of music tracks on human mental-stress levels. In this
study, EEG signals from 27 (14 males, 13 females) subjects were acquired using MUSE
headband while listening to different music tracks. The subjects were asked to fill self-
report state and trait anxiety questionnaires. The features computed from acquired EEG
signal for this study included- absolute power, relative power, coherence, phase lag and
amplitude asymmetry. The classifiers used in the study are sequential minimal
optimization, stochastic decent gradient, logistic regression, and multilayer perceptron.
The performance of logistic regression classifier was better and reported classification
accuracy of 98.76%. It is also concluded from the study that music tracks lead to
reduction in stress levels and stress response of females is more sensitive for music tracks

as compared to males.
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Castaldo et al. [119] made an important contribution by suggesting the use of ultra-short
HRV features extracted from duration of less than 5 min as valid surrogates for short-term
HRV features extracted from 5 min duration. These findings can be helpful in real-time e-
health monitoring where 5-min recordings might be unsuitable. The ECG signals used for
the study are acquired from 42 healthy subjects during university exam and resting phase.
The 23 features from ultra-short length were compared with the standard short HRV
features. The results of the study indicate that 6 features out of 23 showed consistency
across all durations from 5 min to 1 min, whereas, 3 out of the selected 6 ultra-short HRV
features namely- MeanNN, StdHR, and HF achieved accuracy above 88% using
Neighbour Search (IBK) classifier.

Mejia et al. [120] conducted a whole-body cold exposure study on 20 healthy subjects for
assessment of autonomic responses. This study extracted Pulse rate variability (PRV) data
from ear canal, ear lobe and peripheral sites such as fingers and toes from
photoplethysmography signals. In addition to this, HRV data was also acquired. The
study aimed to explore the effect of cold exposure on autonomic control and on the
relationship between HRV and PRV signals. The findings of the study showed an
increase in PRV time-domain and Poincaré plot indices, differences were also observed in
frequency-domain indices; however, relative-power parameters remain unaltered. The
HRV-indices showed similar trends but were less impacted than PRV. The study showed
promising results for PRV-based autonomic activity assessment on different body

locations thus giving insights on localized autonomic nervous system responses.

Zubair et al. [121] also contributed in multi-level stress detection using ultra short-term
PPG recordings of a low-cost wearable sensor for PRV estimation. The stressor used in
the study is mental arithmetic task and subjective validation of stress was done. The study
used beat-to-beat interval series estimated from PPG signals of 60 seconds duration and
features are proposed in the study captured temporal information of PPG quantify it in
Poincare plot. The classifiers used in the study are quadratic discriminant analysis
and SVM. The findings of the study reported 94.33% accuracy of proposed method with
SVM for five-level identification of mental stress. This study is also validated on a

dataset using a different Stroop test as stressor.

The above mentioned studies show the applicability of ECG-based HRV signals [107]-
[109], [119], EEG signals [113], [118] and imaging [110], [111], [114], [115], PPG and
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PRV [115], [121] for stress detection. The fusion of various modalities including skin
temperature variability, photoplethysmography, BVP, pupil diameter, electrodermal
activity, EEG and ECG are used in various studies for psychological stress detection
[105], [106], [112], [116], [122]. The prior-work showed no considerable effort towards
PCG-based psychological stress detection. As the ECG signal is temporally related with
PCG signal [71], it is proposed that the latter can be used for psychological stress
detection.

3.3 Commercial wearables for stress detection

The rising levels of stress on a global level and increase in the knowledge regarding the
harmful effects of stress on physical health and well-being lead to an increase in emphasis
on stress monitoring. In order to explore this field, commercially available wearables
including smartwatches and fitness bands provide unobtrusive, non-invasive continuous
stress monitoring. These wearables provide physiological measurements and analytics for
gauging the state of mind. The important contributors in wearable stress monitors include

Garmin, Apple and Fitbit.

vivosmart 3
Forerunner 645

Figure 3.1 The commercial wearable smartwatches depicting stress (image from [85])

The Garmin devices use HRV for stress level detection computed from heart rate data. In

case of higher stress levels, there is less variability between beats, whereas less stress is
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indicated by an increase in variability between beats. The stress score between 1 to 100
on Garmin devices, as shown in figure 3.1, is the result of a three-minute test performed
while standing still for analysing HRV, where 1 is very low-stress state and 100 is very
high-stress state [123].

The Apple watch and Samsung galaxy watch also utilizes heart data acquired from the
wrist in order to compute stress level and provide early detection of increased stress. The
optical heart sensor in smartwatch heart rate monitor generally uses
photoplethysmography. The sensors are generally located in back-panel of the watch as
shown in figure 3.2. This technology uses an optical LED light source and an LED light
sensor and as the light shines through the skin, the sensor measures the amount of light
reflected back. The reflections of light reflections vary as blood pulses under the skin of
wrist pass the light. These variations in light reflections are interpreted as heartbeats
[124]. The reason for colour of blood appearing red is that it reflects red light and absorbs
green light, therefore, Apple watch uses green LEDs and light-sensitive photodiodes for
detection of amount of blood flowing through wrist. During heartbeat, blood flow in the
wrist and leads to more absorption of green light, whereas, in between the beats lesser
amount of green light absorption takes place. The LEDs are flashed hundreds of times
every second to compute number of heartbeats per minute and range of heartbeats
supported is 30-210 beats per minute and the low-level signal is compensated by an
increase in brightness of LED and sampling rate [125]. However, the Fitbit sense uses

electrodermal activity for stress detection.

Figure 3.2 The image showing sensor placement on a smartwatch (image from [88])
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Another wearable device, Muse is an EEG-based headband and has seven calibrated
sensors for detection and measurement of the brain activity and is shown in figure 3.3.
This device translates brainwaves to guiding weather sounds, for instance, if the mind is
in calm state, peaceful weather sound is heard and if the mind is busy and distracted,

stormy weather sound is heard [126].

Figure 3.3 The wearable EEG-headband (image from [90])

The recovery process during sleep is also a significant feature in wearable technology for
stress monitoring. The wearables are also moving further by providing meditation
sessions, recommending deep breathing in order to lower the stress levels and return to a

calm mental state.

A study [127] summarized the major contributions in stress detection using wearable
technologies and useful physiological signals for stress detection. This study also
identified data acquisition challenges in wearable technologies that include frequent
movement of data acquisition site, for instance, the wrist movement during data
acquisition by smartwatch sensor. The improper placement of sensors can also lead to
unreliable data. The need for wearables to be charged several times for recording a single
day data as the battery life is generally 3-4 hours when all sensors are active, the big data
problem and difficulty in data fusion from different sensors are also significant challenges

during data acquisition using wearable sensors.
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3.4 Research gaps

The research gaps identified during the study of existing literature and state-of-art

technologies include:

e The existing studies mainly focussed on psychological stress detection using EEG
or ECG signals that are expensive or require proper clinical setup, but no
significant efforts have been done towards the detection of psychological stress

using PCG signals

e The mental health problems are prevalent globally, with India alone having 197.3
million mental health patients. Despite this, the problem of low-cost home-care

based solutions for timely detection of psychological stress is not addressed

e The methods suitable for telemedicine and computer-aided psychological stress

diagnosis are not available

e Most significant features for psychological stress detection have not been
identified

Based on the aforementioned problem definitions, the goal of this research is to develop a
low-cost PCG-based framework for timely detection of psychological stress that is
suitable for home-care and telemedicine and can serve as an alternative to well-
documented ECG-based method.

3.5 Summary

The studies done on PCG signals mainly focussed on fundamental heart sounds detection,
foetal heart rate monitoring and murmur detection. The psychological stress prevailing
globally needs timely detection and home-care based pre-screening to prevent
manifestation of diseases. The methods available for psychological stress detection like
EEG and ECG signals are not suitable for this purpose. The easy to acquire PCG signals
are temporally related to ECG signals and this provided the insight of using PCG for
psychological stress detection. The hidden diagnostic information from non-linear and
non-stationary dynamics of cardiac signals can be extracted using non-linear features

computed from PCG signals in EMD domain. This time-frequency domain signal
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decomposition and analysis technique is suitable for non-linear and non-stationary data.
This study explores PCG-based non-linear features to find the most discriminating
features for psychological stress detection. This is a new research area for application of
PCG signals.
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CHAPTER 4 DATA ACQUISITION AND
PRE-PROCESSING

4.1 Data acquisition
4.1.1 Introduction

A comprehensive list of accessible databases for PCG signals is available at [93]. These
databases are available for fundamental heart sound segmentation and abnormal heart
sound murmur detection but no database is reported for PCG-based psychological stress
detection. As per the extensive literature survey, the authors did not come across any
prior-work that addresses the issue of psychological stress detection using PCG signals.
Hence no publicly accessible dataset was available for psychological stress detection
using PCG signals. Therefore, the challenges of this study were more as dataset under the
guidance of physician needs to be acquired for psychological stress detection using PCG

signals.

In this study, the ECG and PCG signals were simultaneously acquired as shown in figure
4.1, so that the ECG signal is used as a reference signal for S1 peak detection of PCG
signal and later for comparison of the results with that obtained from PCG-based method.
The ECG and PCG signals are not used directly in this study but instead, HRV and IBI
signals derived from the timing information of respective signals are used for further
analysis and psychological stress detection. For this study, the data was acquired from 33
healthy male students in the age group of 18 to 25 years (mean = 20.11, standard
deviation = 2.30) of Thapar Institute of Engineering and Technology, TIET campus who
were to attempt the professional education institute examination. The readings of this

study are taken as per guidelines of Task Force by European Society of Cardiology and
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North American Society of Pacing and Electrophysiology. In case of ECG signals, the
optimum sampling rate between 250 Hz-500 Hz and 5-minute duration of recording is
suggested to capture proper diagnostic information and fiducial point estimation [67],
[128]. Thereafter, ECG R-wave fiducial point information is used to detect S1 peaks of
PCG signal. The S1 peak frequency in normal subjects was reported at 46 +2Hz [129]
and the spectrum of S1 is reported up to 120 Hz [130]. Therefore, simultaneous PCG and
ECG signals of five minutes duration were recorded using Medicaid’s dual-channel
PhysioPac having sampling frequency (Fs) 256 Hz. In this study, the simultaneous ECG
and PCG signal recordings of duration five minutes, approximately two hours before the
start of the exam were considered as the signals of subjects under psychological stress.
The baseline values for subject-specific template formation were recorded once the

students returned from holidays after exams under similar environmental conditions.
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Figure 4.1 Simultaneously recorded PCG and ECG signals

4.1.2 Stressors- Laboratory induced and real-life stressors

The studies for stress detection using laboratory-induced stress show increased
sympathetic activity and reduced baroreflex gain but their efficacy is limited due to
intrinsic artificiality [131]. The models like public speaking can affect respiration due to
speaking and may interfere in the interpretation of results [131]. Therefore, the real-life
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stressors might involve negative emotions and can be more clinically relevant for
psychological stress detection [131], [132]. The real-life psychological stress occurs when
the complex dynamic equilibrium called homeostasis is threatened by real-life forces or
situations termed as real-life stressors. The real-life stressors used in various studies
include- examination stress [119], [131]-[133], stress due to dental procedures [134] and
job interviews [135]. The stress in this study is not laboratory-induced [136], [137], rather
real-life examination stress [131]-[133]. The data for this study is acquired from students
approximately two hours before the institute examination and another reading as baseline
is acquired from the same subjects after they return from holidays as done in studies
[131], [132].

4.1.3 Duration of data acquisition

The duration of simultaneous ECG and PCG data acquisition for this study is 5-minute
and rationale behind this is explained ahead. In the present study, stress is not induced
using cold pressor test, colour stroop test and trier social stress test (TSST) as the intrinsic
artificiality of these tests may not elicit negative emotions otherwise experienced during a
real-life stressful situation. The students of the institute undergoing examination are
already stressed, so the designed study protocol did not require the time for inducing
stress using a task. Additionally, the baseline readings are taken on another day, when the
participants of the study returned from home after exams, therefore, recovery period is
also not the requirement of the study protocol.

The requirement of the study is to compute LF/HF ratio parameter of ECG-HRYV signal as
sympathovagal indicator and on similar lines developing a novel PCG-IBI based
psychological stress detection method as ECG and PCG signals are temporally related.
Therefore, as per the guidelines of Task Force by European Society of Cardiology and
North American Society of Pacing and Electrophysiology involved in standardization of
measurement methods for HRV analysis, a 5 minute ECG recording is sufficient for
short-term frequency-domain HRV analysis. As LF/HF ratio is a frequency domain

parameter, a 5-minute recording is sufficient.

Moreover, on similar lines, the studies [132], [138] conducted using examination as real-
life stressor, used 5-minute ECG signal acquisition. The novel PCG-based psychological
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stress detection method proposed in this work required simultaneous signal acquisition of
ECG and PCG signals as these signals are temporally related. Therefore, signal
acquisition duration of 5-minutes is sufficient for this study. In addition to this, a recent
study [119] for mental stress assessment during university examination also highlighted
the use of ultra short-term HRV signals of duration less than 5 minutes for stress

detection.

4.1.4 Sampling frequency for the study

The sampling frequency used for this study is 256 Hz and the reason for this is explained
ahead. A study [139], is conducted on ECG signals originally sampled at 1 kHz and
down-sampled to 500 Hz, 250 Hz, 100 Hz and 50 Hz for determining acceptable ECG
sampling frequency range for HRV analysis. It concluded that ECG sampling frequency
of 250 Hz ensures sufficient R-R interval precision and is acceptable for HRV analysis.
However, if frequency-domain analysis of HRV signals is not required then a sampling
frequency of 100 Hz is also acceptable, but, in this study, LF/HF ratio is required which is
a frequency domain measure, therefore, minimum acceptable sampling frequency
required is 250 Hz. Additionally, readings are taken as per the guidelines of Task Force
by European Society of Cardiology and North American Society of Pacing and
Electrophysiology. In case of ECG signals, the optimum sampling rate between 250 Hz-
500 Hz and 5-minute duration of recording is suggested to capture proper diagnostic
information and fiducial point estimation [67], [128].

In case of PCG signals, we need to detect S1 peaks using ECG R-peak fiducial point as a
reference. The S1 peak frequency in normal subjects was reported at 46+2Hz [129] and
the spectrum of S1 was reported up to 120 Hz [130]. Therefore, the sampling frequency
of 256 Hz is sufficient for this study.

The protocol adopted for data acquisition of this study is explained in the next section.

4.1.5 Data acquisition protocol

The protocol adopted for this study of psychological stress detection using PCG signals is

explained as follows:
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The data acquisition is done about two hours before the start of institute exam, at around
11 am, for institute exam starting at 1 pm. In order to avoid diurnal variations, the
baseline readings were also recorded around 11 am on another day when the participants
of the study returned from home after exams.

Inclusion criteria

{1} Any adult male student of Thapar Institute of Engineering and Technology having
institute examination the next day

{2} Agrees to give two readings: R1- approximately 2 hours before the institute exam
conducted the next day; R2- baseline reading recorded once participant returns to institute
from home after exams

{3} Eligible and willing to participate in the study

{4} No medical history

{5} Not currently on any type of medications

The primary outcome of the study is detecting psychological stress using PCG signals and
secondary outcome of the study includes a comparison of obtained results with ECG-
based LF/HF ratio sympathovagal indicator method. The primary end-point is recording
R2 baseline readings.

The State-Trait Anxiety Inventory (STAI- Y1) self-report questionnaire was filled by
each participant before the data acquisition. The STAI form has twenty statements to
evaluate how the participant feels right now (in the present moment). It is a 4-point scale
where 1 indicates “not at all”, 2 indicates “somewhat”, 3 stands for “moderately so” and 4
stands for “very much so” pertaining to the statements. It deals with the state anxiety and
showed high alpha reliability coefficients under unavoidable conditions of psychological
stress. This STAI S-Anxiety questionnaire used in this study is reported to show high
reliability when used under psychological stress conditions and has been found suitable in
real-life stressors such as job interviews, important examination and dental procedures
[140]. The scores on the S-Anxiety scale increase when used under psychological stress
and decrease after relaxation [140]. As per the developers of this STAI scale, the affective
states considered under stress class are tension, nervousness, apprehension and worry
[140]. The examination is a prominent real-life stressor for the students of age-group 18
to 25 years. The non-stress baseline in this study is when the students return from
holidays after the exams as suggested by the clinical psychologist of the institute and used
in previous studies [131], [132].
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As per the recommendation of the supervisor of this study, the data acquisition was done
at the waiting lounge of the hostel of the participating students, where the students reside
and prepare for exams in order to avoid laboratory settings for real-life examination
stressor based data acquisition. The students from various disciplines of engineering
including mechanical, electrical, computer sciences and electronics engineering
participated in the study.

The steps included during data acquisition procedure are as follows:

e The subjects were informed about the purpose of the study and written consent
was taken

e The subjects were asked to fill a declaration form about any medications recently
used or any medical history

e The subjects were asked to answer State-Trait Anxiety Inventory (STAI Form Y)
self-report questionnaire for evaluation of their present psychological state

e The subjects were asked to lie in the supine position and breathe normally

e The PCG sensor was placed on fifth intercostal space along the left mid-clavicular
line

e ECG strap electrodes were attached to limbs of the subjects after applying bio-
electrode gel for better conductivity

e The simultaneous PCG and ECG signals of five minutes duration were acquired

This protocol of signal acquisition was approved by a practising physician and the
readings for this study were taken under his guidance. The records of the subjects on
medications were removed from the study. The study has ethical clearance from the

institution ethics committee.

The study design has certain limitations and compromises as in this study, the difficulty
level of the examination, the subjective understanding and interpretation of the STAI
questionnaire presented to the participants is not considered. In addition to this, the
dataset is small and only male participants are included in this study making the findings
gender-specific. The dataset needs to be increased and include female data analysis to
make it a robust generalized system. The individual trait interpretations cannot be gauged
from this data as the study deals with state data. The other real-life stressors are not
included in this study and the present study does not explore the chronic stressful
conditions that are believed to cause pathological issues.

62



The acquired signals need to be pre-processed to make them suitable for further analysis
and psychological stress detection. The pre-processing of signals performed in this study

is explained in the following section.

4.2 Pre-processing of signal

The acquired ECG and PCG signals are not used directly in this study but instead, HRV
and IBI signals derived from the timing information of respective signals are used for
further analysis and psychological stress detection. The time duration of cardiac cycles
consisting of consecutive S1 peaks is computed from acquired PCG signals to form IBI
signals. The extracted IBI signals are used for further analysis and psychological stress

detection.

In order to form IBI signal, FHS segmentation is to be done, which requires identifying
fundamental heart sounds S1 and S2 of the PCG signals. The methods reported in
literature for FHS segmentation can be divided into two categories. The first set of studies
[71], [84] used simultaneously recorded ECG signal as a reference for FHS segmentation.
This method is called ECG gating and depends on the timing information provided by R-
peak of ECG signal. These methods locate R-peak in the ECG signal and the
corresponding peak in PCG signal will be S1, thus leading to reliable detection of S1, S2,
systole and diastole [70]. The second set of studies [73], [91], [94], [96] focuses on FHS
detection without simultaneous ECG signal. These methods have also shown reliable
results. The primary motive of the developed methodology is to emphasize the use of
PCG for psychological stress detection, thus in this study, ECG is used as a reference
signal for FHS detection.

The acquired ECG signal has baseline wander as shown in figure 4.2. The baseline
wander is removed from the acquired ECG signals e(i), for reliable detection of R-peaks
using a bandpass filter of lower cut-off frequency 0.3 Hz and higher cut-off frequency of
15 Hz [141]. Thereafter, Pan-Tompkins algorithm [142] is applied for peak detection and
location identification of R-peaks in baseline wander removed signal é(i). Then, the
resulting signal é(i) is normalized by

é()

e(i) = max(2OD (4.1)
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where e(i) is the acquired ECG signal, é(i) is the filtered signal and é(i) is the

normalized signal to the fixed scale of [-1,1].
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Figure 4.2 a) ECG signal with baseline wander b) ECG signal with baseline wander removed c)
Normalized ECG signal

The acquired ECG signal with baseline wander and corresponding corrected ECG signal
are shown in figure 4.2. This corrected ECG signal is then used for S1 peak detection of
PCG signals. The peak occurring in PCG signal, corresponding to R-peak of
simultaneously acquired ECG signal will be S1 peak. Firstly, the R-peak of processed
ECG signal is detected. Thereafter, windowing method is used to select a portion of PCG
signal p(i) where the probability of finding S1 peak is maximum. Then the peak detected
in this portion of PCG signal is S1 peak. Then this is repeated for the next identified R-
peak of ECG signal till all the R-peaks in ECG signal and corresponding S1 peaks of
PCG signal are identified. The algorithm 1 is used and all the S1 peaks of PCG were
detected as shown in figure 4.3, but for uniformity in signal analysis, a total of 300 S1-S1

peaks were considered. The algorithm used for S1 peak detection is provided below:
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Algorithm1: Windowing Technique for PCG peak detection
Variables: E, = Number of R-peaks of ECG
k = Location of i" R-peak
n = Average number of samples depicting duration of
S1 peak (based on dataset template)
fori=1toE,
pcgWindow = PCG signal from k to k+n samples
Find Peaks in pcgWindow
maxP = maximum of peaks detected in pcgWindow
corresponding to the i R-peak

location of i PCG peak = location of maxP + k - 1

end
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Figure 4.3 Simultaneous ECG and PCG signals with peaks detected
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The peak detection algorithm when implemented detects the S1 peaks in PCG signal by
the technique of ECG gating as shown in figure 4.3. The duration between two
consecutive S1 peaks, tgs is calculated to form IBI signal s(i). The IBI signals for
baseline non-stressed state and stressed state are shown in figure 4.4. This IBI signal will

be further used for signal analysis and psychological stress detection.

The specifications of the computational facilities used for this study include signal
processing and analysis using MATLAB 2016a installed on HP Pavilion dv6 notebook
PC with Intel core i5 — 2430M CPU with 2.4GHz processor base frequency, 4 GB RAM,
64-bit operating system. In addition to this, data acquisition was done using Medicaid’s

dedicated software for Physiopac ECG and PCG data acquisition device.

4.3 Summary

The simultaneous ECG and PCG signals were acquired as per the guidelines of Task

Force by European Society of Cardiology and North American Society of Pacing and
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Electrophysiology. The simultaneously acquired ECG signal serves two purposes- firstly,
S1 peak detection in PCG signals using ECG-gating method and secondly, the ECG
signals will also be used for comparing the results with PCG-based method. The stressor
used in this study is real-life examination stress and not laboratory-induced stress as their
efficacy is limited due to intrinsic artificiality. The IBI signal is derived from the timing
information of consecutive S1-peaks. Therefore, acquired PCG signal is not used directly
for psychological stress detection but the inter-beat interval signal derived from PCG
signal will further be used for signal decomposition and analysis to detect psychological
stress.
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CHAPTER 5 EMPIRICAL MODE
DECOMPOSITION

5.1 Introduction

The signal decomposition is often a pre-requisite for useful feature extraction and
classification problems. The signals acquired from biological systems like humans are
generally non-linear and non-stationary. The analysis of these signals require information
of both time and frequency domain. The time-frequency domain techniques like Fourier
spectral analysis are available, but they impose crucial restrictions of linearity and
stationarity of data. The time-frequency domain non-stationary signal processing
techniques like short-time Fourier transform (STFT), Wavelet transform (WT) and
Wavelet packet transform (WPT) have been applied for biomedical signals, but the
drawbacks of these methods include linear data assumption and the requirement of a
priori designed basis functions for signal decomposition [143], [144]. Therefore, the
above methods are inadequate to capture the complex non-linear dynamics of cardiac
signals.

In STFT method, the width of window remains constant for signal analysis and hence, the
time and frequency resolution cannot be altered. The selection of wide window in time-
domain results in fine resolution in frequency-domain and poor resolution in time-domain
[145]. For non-stationary analysis, good time resolution is required at the event of high
frequency and fine frequency resolution is required at the occurrence of low-frequency
[146]. Therefore, fixed resolution limits the performance of STFT. The scaling parameter
of WT allows multi-resolution signal analysis. The study [147] used WT on ECG signals
for detection of premature ventricular contractions and [148] used WT for patient-specific
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ECG signal classification. The analysis using wavelets is linear and the selection of one

basic wavelet for data analysis makes wavelet-based analysis non-adaptive in nature.

The Empirical mode decomposition is a time-frequency domain signal processing method
which is applicable to non-stationary and non-linear signals. This adaptive and data-
dependent technique makes no a priori assumptions on the input data for signal
decomposition and hence found to be useful in many biomedical signal processing
applications. The EMD technique has a limitation of mode-mixing when the signal to be
decomposed has frequencies that are too close. The S1 and S2 heart sounds of PCG
signals have overlapping spectra. However, in this study, the EMD technique is not
applied on PCG signals directly, but on inter-beat interval signals derived from respective
PCG signals, so this problem does not have a significant effect on this study. Moreover,
on similar lines, EMD has been used in the analysis of various studies involving inter-
beat RR-interval signals derived from ECG signals [149], [150]. The EMD has also been
applied on EEG signals for analysing open eye and closed eye [151], normal and epileptic
seizure EEG signals [152]-[155]. In addition to this, the EMD technique has also been
used on PCG signals for heart sounds classification [156], heart sounds segmentation
[91], heart sound analysis [102]. In this study, we are using EMD technique on PCG

signals for analysis of stressed and non-stressed subjects.

The motivation behind using EMD for signal decomposition of PCG signals for
psychological stress detection is the applicability of EMD technique on non-linear and
non-stationary data. The data from biological systems generally violates conditions of
stationarity and linearity. Therefore, techniques like STFT and Fourier spectral analysis
are insufficient to capture the complex non-linear dynamics of cardiac sound PCG
signals. The EMD technique works without defining a basis function and without setting
a priori the level of decomposition whereas, defining a mother wavelet function is a pre-
requisite before applying time-frequency domain wavelet transform method. Moreover,
the EMD has been previously used on PCG signals [91], [156] and showed better
decomposition of PCG signals in comparison to wavelet transform signal decomposition
technique [91]. Therefore, in the present study, the EMD method has been used for signal

decomposition and analysis.
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5.2 Signal decomposition and analysis using EMD technique

In this study, EMD technique is used for decomposition of signals to mono-component

sub-band signals. The EMD technique decomposes non-stationary and non-linear signals

into a set of AM and FM mono-component signals called IMFs. In this study, EMD

technique is used on IBI signal to form IMFs. These IMFs fulfil two basic conditions

[143]:

The number of extrema and number of zero crossings must be the same or differ
at the most by one within the entire dataset.
The mean value of the envelope defined by local maxima and the envelope

defined by local minima is zero at any point.

The decomposition of signal g(t) into IMFs is done using an iterative process named as

sifting process and is summarized as [143]:

1)
2)

3)

4)

5)

6)

7)
8)

9)

Extract all the extrema of signal g(t)
Interpolate all maxima to form an upper envelope Emax(t) and all minima to
form lower envelope Emin(t)

Compute the average value of upper and lower envelope by:
_ Emax(¢) + Emin(t)

c(t) 5 (5.1)
Find the difference between g(t) and c(t)
d(t) = g(t) —c(t) (5.2)

Check whether d(t) fulfils the two basic conditions of IMFs mentioned above, if
it does, go to step (7)
If d(t) does not satisfy above-stated conditions for IMFs, repeat step 1 to step 4
till the conditions are met
After obtaining the IMF, I,(t) = d(t)
Calculate the residue as:

Ry(®) =9 —L(®) (5.3)
Rest of the IMFs will be obtained from the residue R, (t) by repeating step 1 to
step 6

The above-described sifting operation is repeated until no more IMFs can be obtained

from the final residue function. In this study, the stopping criterion used for sifting

70



process limits the standard deviation between two consecutive sifting results to typical
value of 0.3 [107].
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Figure 5.2 IBI signal of non-stressed subject decomposed to IMFs after application of EMD technique
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Figure 5.4 IBI signal of stressed subject decomposed to IMFs after application of EMD technique
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The signal g(t) after decomposition can be represented as:

M
9O = ) In(®) + Ru(®) 5.4
m=1

where, L,,(t) is the mth IMF, R,,(t) is the final residue and M is the total number of IMFs

extracted. The signal approximation of signal g(t) is given by:

9O = ) An(®) cos(pm(®) (5:5)

The timing information of consecutive S1 peaks of acquired PCG signals is extracted to
form IBI signals. The EMD technique is applied to decompose IBI signals to IMFs for
signal analysis and feature extraction. The IBI signals decompose to different number of
IMFs on application of EMD technique. In the present study, all the IMFs of the acquired
signals were extracted. Each IBI signal of the dataset had atleast seven IMFs, so for
uniformity in signal analysis, seven sub-band decomposition was selected as done in
studies [149], [150], [157]. The MATLAB code for signal decomposition using EMD
technique is available at http://www.mit.edu/~gari/CODE/HRV/emd.m

The IBI signal from non-stressed subject as shown in figure 5.1 is decomposed to IMFs
on application of EMD technique as shown in figure 5.2. The IBI signal from subject in
stressed state is shown in figure 5.3 and is decomposed to corresponding IMFs using
EMD technique as shown in figure 5.4. The highest frequency components of the signal
are captured in IMF1, subsequent lower frequency components are captured in IMF2 and
lowest frequency components are in IMF7 as shown in figure 5.2 and figure 5.4. These
IMF signals obtained by decomposition of PCG-derived IBI signals of non-stressed and

stressed subjects are then used for feature extraction and detection of psychological stress.

5.3 Summary

The EMD is a convincing technique for time-frequency domain signal analysis. It often
decomposes a signal into finite and small number of mono-component sub-band IMFs.
The main advantage of EMD is the applicability on non-linear and non-stationary signals

and hence is suitable to capture non-linear characteristics of cardiac signals.
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CHAPTER 6 PROPOSED METHOD 1

6.1 Introduction

The goal of this research work is to develop a psychological stress detection system that
is cost-effective, suitable for homecare and telemedicine using easy to acquire PCG
signals. As discussed in the previous chapters, firstly, the S1 peaks are detected from the
acquired PCG signals (described in chapter 4). Then the time interval between successive
S1 peaks is computed in order to form IBI signals (described in chapter 4). Thereafter, the
EMD technique for signal decomposition and analysis is applied on IBI signal to

decompose it into mono-component sub-band IMF signals (described in chapter 5).

The next step is to extract non-linear features from the IMFs. The non-linear features
have been widely used in the analysis of cardiac signals [158], [159]. These features
unearth the underlying non-linear nature of PCG signals and are able to capture complex
non-linear characteristics of cardiac signals. This PCG-based psychological stress
detection method uses five non-linear features extracted using EMD approach namely-
Area of Analytic Signal Representation (AASR), Log of Area of ellipse from Second-
order Difference Plot (LASODP), Root Mean Square value of IMF (RmsIMF), Shannon
Entropy (ShEnt) and Fuzzy Entropy (FzEnt). The explanation of these features is given in

the next section.

The remaining chapter is organized as: section 6.2 describes non-linear feature extraction
and feature selection is explained in section 6.3. The section 6.4 of this chapter describes
the classifier used and the results and discussions are provided in section 6.5. The

proposed method is summarized in section 6.6 of this chapter.
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6.2 Feature extraction

The complex non-linear dynamics of PCG signals are explored using five non-linear
features namely- AASR, LASODP, RmsIMF, ShEnt and FzEnt. The details of these non-

linear features are discussed in this section.

6.2.1 Area of analytic signal representation

The analytic signal representation (ASR) of the IMF is obtained using Hilbert
transformation [143]. The ASRs of the IMFs possess a unique center and proper structure
of rotation [152]. The original IBI signals do not satisfy these conditions but the mono-
component IMFs calculated using EMD technique satisfy these conditions as shown in
figure 6.1. Therefore, the area of ASR plot of IMF signal can be evaluated and can be

used as a feature for differentiating different classes.
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Figure 6.1 ASR of IBI signal and IMF signal
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The Hilbert transform of a real signal g(t) is given by:

1
gu() = g() *— (6.1)

Therefore, the Hilbert transform of IMF I(t) is given by:

Iy(t) = 1(t) *% (6.2)
The ASR of the IMF is computed as:
a(t) =1(t) +jIx(t) (6.3)
Alternatively, the signal a(t) in equation (6.3) can also be represented as:
a(t) = B(t) exp(jo (1)) (6.4)

where, B(t) is the amplitude of the analytic signal a(t) and ¢(t) is the instantaneous

phase and are calculated as follows:

B(t) = /Iz(t) + 14(t) (6.5)

Iy (t)
I1(t)

@(t) = tan™? I (6.6)
The ASR plot of signal a(t) is obtained by plotting the imaginary part of signal a(t) (i.e.
B(t)sin(¢@(t))) against the real part, B(t)cos(@(t)). The ASR plots for seven IMFs of a
non-stressed subject are shown in figure 6.2 (a) and for a stressed subject are shown in
figure 6.2 (b).

Then the central tendency measure (CTM) has been used to compute the area of circle of
ASR plots of IMFs in the complex plane. The radius corresponding to 95% CTM has
been used to compute the area of ASR plot in the complex plane.

76



200

=

P
g
AsrlMF1

ASR Signal

-400 =200
400 G600 800 1000 -100  -50 0 50 100

100 100

AsriMF2
[
AsriME3

-100
-100  -50 0 50 100

100

50 50

AsriMF4
-]

AsrlMFS
=

in
_&1 o
=
R
=
=
[+
=
B
=
i
S
I
=

=20 0 20 40

50 100
= = A .
= A= /_,,-/
Ln _ED U'.I
<L <L
=100 =100
=100 =50 0 50 =50 0 50 100

Figure 6.2 (a) ASR plots of IBI signal from non-stressed subject and seven IMFs

The CTM for ASR plot is computed by selecting a circular region of radius r, around the
origin, then counting the points that fall within that radius, and dividing by total number
of points [160]. Let N be the total number of points in analytic signal a(n) and r is the
chosen radius, then CTM for ASR plot is calculated as [152]:

Zn=a F ()

CTM = 6.7
L (67)
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Where,

F(n) = {1 if ([Refa(m)}]? + [Imag{a(n)}])*s < r 69

0 otherwise

The area of ASR plot is calculated using:

Area ASR = mr? (6.9)
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Figure 6.2 (b) ASR plots of IBI signal from stressed subject and seven IMFs
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This feature has been used for epileptic seizure detection in EEG signals [152], [154]. It
has also been used on ECG signals for normal and diabetic RR-interval analysis [149] and
normal and coronary artery disease (CAD) heart rate signals [157]. In this study, this
complex plane area feature is used on PCG signals to discriminate between the stressed

and non-stressed (S and NS) subjects.

6.2.2 Area of second-order difference plot

The second-order difference plot (SODP) feature provides graphical representation of
variability of the IMF signal. The SOD plot of IMF I(n)can be obtained by
plotting K (n) against J(n) where J(n) and K (n) are defined as [151]:

Jn)=I(n+1) —1(n) (6.10)
Kn)=In+2)—-I(n+1) (6.11)

The plot obtained by plotting K(n) as vertical axis and J(n) as horizontal axis follows an
elliptical pattern as shown in figure 6.3. The 95% confidence ellipse area is used to
quantify the variability of signals. This parameter has been used in this study to
discriminate between stress and non-stressed subjects in this study. It can be calculated as
follows [151]:

Firstly, the means of J(n) and K (n) are calculated as:

(6.12)

(6.13)

1
My =% > JK() (6.14)
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Then, d parameter is computed as:

d = \/(M,Z + M?) — 4(MPME — ME)

The a and b parameters are computed as:

a= 1.7321J(Mf +M2)+d

b= 1.7321J(Mf +M2)—d

Now, the ellipse area of SODP is computed as:

Area SODP = mab

(6.15)

(6.16)

(6.17)

(6.18)

The SOD plots for seven IMFs of a non-stressed subject are shown in figure 6.4 (a) and

for a stressed subject are shown in figure 6.4 (b).
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Figure 6.4 (a) SOD plots of seven IMFs of non-stressed subject

This parameter has been recently used in the analysis of EEG signals [155], ECG signals
[149], [150] and in Center of Pressure (COP) signals [161]. In this research work, the
significance of this parameter to provide important diagnostic information for

discriminating stressed and non-stressed subjects is explored.
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Figure 6.4 (b) SOD plots of seven IMFs of stressed subject

6.2.3 Root mean square value of IMF

The root mean square (RMS) value of the IMFs is used as a parameter to differentiate
between stressed and non-stressed signals of the subjects in this study. As the IMF signals
shown in figure 6.5 have zero-crossing, this parameter is valuable for calculating the

amplitude of each IMF signal.
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Figure 6.5 IMF signals showing zero-crossing

It is computed as square root of arithmetic mean of squares of a set of values of IMF

signal. The RMS value of an IMF signal I(n) with n values can be computed as:

1
RmsIMF = \/; (Z4I2412 4+ 12 (6.19)

The RMS value has been used in ECG signal analysis for ischemia monitoring [162] and
in individual identification [163]. This study uses this parameter extracted from IMFs of
PCG-based IBI signals to find significant diagnostic information to differentiate stressed

and non-stressed signals.

6.2.4 Shannon entropy

This parameter is evaluated on the IMFs obtained from IBI signal of PCG. The entropy in
information theory is the measure of disorder or uncertainty. The Shannon entropy

associated with each data value is calculated as negative of logarithm of probability mass
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function of the value. Therefore, the Shannon entropy (in bits) of an IMF signal 1(n) with

n values can be computed as:

H(I) = — z P(I)l0g,P (L) (6.20)
k=1

where, I(n) ={I, + I, + I3 + I, + --- + I,} be the n values of IMF signal and P(I) is

the probability of a random phenomenon I,,.

Shannon entropy has been used for detection of epilepsy in EEG signals [164] and also
recently used on IMFs for identification of focal EEG signals [165]. In this study, this
feature has been used on IMFs obtained from PCG signals for psychological stress

detection.

6.2.5 Fuzzy entropy

The concept of fuzzy sets is imported and applied to measure the similarity of vectors on
the basis of an exponential function and their shapes. It is defined as natural logarithm of
conditional probability that two vectors similar for m points will remain similar for m+1

points [166]. This parameter is calculated as follows [166]:

For an N sample time-series I(k): 1 < k < N}, given m, form vector sequences {X;*, k =

1,...,N —m — 1}, where X;* represents m consecutive | values starting from kth point.
For given n and r values, compute the similarity degree, Ly; between two sequences (kth
and jth) using fuzzy function (1%, n, 7)

',?j(n, r) = ,u(l,’{r},n,r) (6.21)
where, [;/; is the maximum absolute difference of two sequences (kth and jth) and fuzzy
function (1%, n,7) is an exponential function

n
u(lkmj,n, r) = exp(—(l,’g}) /T) (6.22)

The use of an exponential fuzzy function has two main advantages: 1) the function is
continuous so that the similarity does not change abruptly; 2) the function is convex so
that the self-similarity is maximized. Therefore, fuzzy entropy uses soft boundary for
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similarity measurement whereas other entropy measures use hard-boundary which can

lead to abrupt changes in entropy values with small changes in tolerance limit [159].

Define the function ¢™ as follows:

N-m N-m
1 1 "
P 1) = Z{m >y (6:23)

Jj=1j#k
Similarly, form {X]**1} and compute ¢™*1(n,r)
Then, Fuzzy entropy is computed as:
FzEnt(m,n,7,N) = In[p™(n,7)] — In[e™ 1 (n,1)] (6.24)

Here, m is the embedding dimension, n is gradient and r is width of boundary of fuzzy
function. Typically, small integer values are chosen for n and value of r is computed
using standard deviation of the dataset [166]. In this study we have taken, n=2,
r=0.2*standard deviation of dataset and m=2,3,4,5. For this study, m=4 has been selected
using false nearest neighbour algorithm. Larger m values allow more detailed
reconstruction of the dynamic process but too large m values will impose a need of a very
large N (10™-30™), which is generally not feasible for a physiological dataset, or the need

of a very broad boundary that can lead to information loss [166].

This parameter has been used for characterization of electromyography (EMG) signals
[166], to identify focal EEG signals [167] and for detection of congestive heart failure in
ECG based HRV signals [159]. In this study, the significance of this parameter to provide
important diagnostic information for discriminating stressed and non-stressed subjects has

been analysed.

6.3 Feature Selection

All the features extracted for the study may not be significant and can lead to decrease in
classification accuracy of the classifiers. The relevant feature selection becomes
fundamental [168]. A systematic approach for selecting the features is used in this study.
As the objective of feature selection in this study is to select the features that remain

consistent during subject-specific and across subject analysis so, the intersection of
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significant features from experiment 1 and experiment 2 are selected and fed to the

classifier.

The experiment 1 of this study comprises of deviation analysis in stressed signals from
mean baseline values of the features in non-stressed signals. Each subject in experiment 1
is compared to his own baseline reading. This technique incorporates individual
variations in stress responses. The experiment 2 of the study focuses on extracting
significant features that are comparable across the subjects. In experiment 2, Kruskal-
Wallis non-parametric statistical test is used for evaluating p-value for checking
significance and discrimination ability of extracted features. The features that exhibit
maximum deviation and are statistically significant are selected for psychological stress
detection. The selection of the common features from subject-specific and across subjects
feature analysis ensures that the selected features are statistically significant and gives
high discrimination between the stressed and non-stressed category of signals. The

selected features are then fed to the classifier.

6.4 Least squares support vector machine classifier

Support vector machine (SVM) is a machine learning and data mining technique
effectively used for pattern recognition. It has been successfully applied in many real-
world applications such as biomedical signal classification, bioinformatics, image
classification and hand-written character recognition. The SVM is based on structural risk
minimization and provides better generalization ability than empirical risk minimization
based traditional learning methods [169]. As SVM is based on structural risk
minimization and not on empirical risk minimization which works by minimising number
of misclassified training data, therefore, SVM is less vulnerable to over-fitting [170]. It
constructs separating hyperplane in higher dimension input space to identify different
classes of data [171]. It involved quadratic programming with inequality constraints. This
study uses least-square version of SVM called LS-SVM. It involves linear equations with
equality constraints in order to achieve better performance with faster computation speed.
Mathematically, LS-SVM is represented as [171]:

p

H(x) = sign [Z apt R(z,z,) + b

k=1

(6.25)
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where R(z,z,) is kernel function, «; is Lagrangian multiplier, t, is the target class
vector, z, denotes D-dimension k-th input vector and b represents the bias-term. In this
study, LS-SVM with linear, quadratic, polynomial (order 3), Multi-layer Perceptron
(MLP) and Radial Basis Function (RBF) kernels are used. The RBF kernel is
mathematically represented as [172]:
—llz=zgll?

R(z,z,) =e 2r* (6.26)

where, —||z — z,||? represents squared Euclidean distance between two feature vectors

and width of RBF function is controlled by y parameter.

The motivation of using LS-SVM for classification in this study is that it is based on a
well-established mathematical model and is suitable for linear and non-linear
classification problems. The LS-SVM works with equality constraints and sum squared
error cost function instead of inequality constraints in SVM [173]. The LS-SVM uses a
set of linear equations instead of quadratic programming in SVM to decrease the

computation burden [171] and achieve faster and better classification performance [89].

The LS-SVM classifier has already been used in many biomedical applications that
include classification of CAD and normal ECG signals [157], [158], diabetic and normal
class RR-interval signals [150] and seizure and seizure-free EEG signals [153], [155].
Moreover, it has also been used on cardiac sound signals for septal defect diagnosis [89]

and for classification of cardiac sound signals [174].

6.5 Results and discussions

As each IBI signal of the dataset had atleast seven IMFs, so for uniformity in signal
analysis, seven sub-band decomposition was selected. In this study, five non-linear
features namely- area of ASR signal, log of area of SODP, RMS value of IMF, Shannon
Entropy and Fuzzy Entropy were extracted from seven IMFs of each IBI signal thus
leading to extraction of 35 features (5x7=35 features) from IBI signal of every subject.
These 35 features are shown in table 6.1 and the values of each feature for baseline non-

stressed state and stressed state are expressed in the form of mean=standard deviation.
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6.5.1 Experiment 1- Subject-specific parameter deviation analysis

The key feature of this study is to take into account the distinct stress responses and
characteristic cardiovascular behaviour of every individual. Therefore, this method
proposes a monitoring technique which takes into account the normal cardiac activity of
the individual and measures the deviation from normal cardiac activity due to

psychological stress.

As per literature, various studies [59]-[62], [175] used LF/HF power ratio obtained from
HRV of ECG signals, to quantify sympathovagal balance. The increase in this index
indicates a shift towards sympathetic dominance whereas the decrease of the index
indicates a shift towards parasympathetic dominance. This experiment tests the use of
PCG-based features which showed deviation during psychological stress from normal
baseline values, in comparison with ECG based LF/HF power ratio feature. In this study,
the experimental value for every feature of stressed signal category is compared with the
respective baseline value of the feature. The features that showed maximum deviation

from mean baseline values are shown in table 6.2.
Discussion-

The area of analytic signal representation of intrinsic mode functions is estimated for both
the classes (stressed and non-stressed) of signals. It was observed that AASR value of
IMF3 showed an increase of 12.56% (average increase in mean value) in 90.62% of
cases. Whereas, AASR value of IMF7 showed an increase of 47.35% in 93.75% cases as
shown in table 6.2. The mean value of estimated area of ASR is smaller for non-stressed
category when compared with stressed category of signals. This could possibly be due to

the greater amplitude of these IMF signals for subjects under stress.

The log of area of SODP is computed for both the category of signals. This feature
showed an increase of 7.20% in IMF4 for 87.50% of cases. For IMF7, the value of
LASODP feature increased by 30.39% in 90.62% of cases. The LASODP feature has
smaller value for non-stressed category of signals as compared to stressed category. The
increased variability in second-order difference plot of stressed subjects is possibly an

indication of changed cardiac activity due to psychological stress.
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Table 6.1 Mean and Standard deviation (SD) of features for non-stressed and stressed category of IBI

signals
IMF Feature Without stress- During stress (MeanzSD)
(MeanzSD)

IMF1 LAASR* 9.492+1.103 9.440+0.622
LASODP 10.527+1.084 10.522+0.686
RmsImf 28.580+15.197 26.114+8.873
ShEnt 8.208+0.046 8.224+0.003
FzEnt 0.591+0.112 0.649+0.120

IMF2 LAASR* 8.830+1.287 9.187+0.682
LASODP 8.635+1.152 8.911+0.569
RmsImf 19.722+10.446 21.465+6.044
ShEnt 8.208+0.046 8.224+0.003
FzEnt 0.540+0.045 0.506+0.093

IMF3 LAASR* 8.691+0.788 8.959+0.560
LASODP 7.164+0.973 7.618+0.569
RmsImf 17.510+6.539 19.851+4.969
ShEnt 8.209+0.0484 8.224+0.003
FzEnt 0.482+0.048 0.506+0.0484

IMF4 LAASR* 8.786+0.743 8.751+0.979
LASODP 5.731+0.744 6.144+0.703
RmsImf 16.763+5.129 17.987+7.023
ShEnt 8.211+0.047 8.225+0.003
FzEnt 0.301+0.056 0.330+0.064

IMF5 LAASR* 8.451+0.685 8.919+1.399
LASODP 4.691+0.775 4.622+1.390
RmsImf 15.914+6.705 22.396+16.953
ShEnt 8.211+0.049 8.225+0.003
FzEnt 0.212+0.067 0.174+0.049

IMF6 LAASR* 8.397+0.837 9.317+1.504
LASODP 3.604+1.265 4.227+1.479
RmsImf 17.063+7.461 31.755%23.403
ShEnt 8.210+0.049 8.227+0.003
FzEnt 0.125+0.046 0.089+0.035

IMF7 LAASR* 8.336+1.758 9.276+1.461
LASODP 2.464+1.556 3.214+2.0672
RmsImf 35.965+63.231 38.188+31.53
ShEnt 8.209+0.049 8.226+0.003
FzEnt 0.054+0.035 0.054+0.033

*Here log values of AASR feature have been used and are depicted by LAASR
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The RMS value of all IMFs is computed for both stressed and non-stressed category

signals. A higher value of IMF6 and IMF7 is observed for subjects under stress. The

increase of 86.10% in value of IMF6 for 93.75% of signals was observed making it a very

powerful indicator of psychological stress. For IMF7, the value of RMS feature increased

by 6.18% in 81.25% of cases. This increase in RMS value during psychological stress

could be due to greater amplitude of these IMFs during stress.

Table 6.2 Features showing significant deviation from mean baseline values during psychological

stress
IMF Feature Mean Mean value | Change in | Feature
Name baseline during mean from | suitable for
(BL) value | stress BL value number of
(%) subjects
(%)

IMF3 AASR 79.277 89.234 12.56 90.62
Increase

IMF7 AASR 229.997 338.889 47.35 93.75
Increase

IMF4 LASODP 5731 6.144 7.20 87.50
Increase

IMF7 LASODP 2.464 3.214 30.39 90.62
Increase

IMF6 RmsIimf 17.063 31.755 86.10 93.75
Increase

IMF7 RmsIimf 35.965 38.188 6.18 81.25
Increase

IMF5 FzEnt 0.212 0.174 17.94 84.37
Decrease

IMF6 FzEnt 0.125 0.089 28.98 90.62
Decrease

ECG-HRV | LF/HF ratio | 1.026 1.233 20.15 78.12
Increase

The FzEnt feature is computed from IMFs for every subject during stress and is compared

with the respective baseline value. This feature for IMF5 recorded a decrease of 17.94%

from mean baseline value in 84.37% of cases under consideration and a decrease of

28.98% for IMF6 in 90.62% of cases. The results showed lower mean values of FzEnt for

subjects under psychological stress category depicting the lower complexity of PCG
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stress category signals. This reduced complexity indicates a stable and periodic behaviour
of heart rate under stress. This may be a reflection of reduced parasympathetic activity

and thus depicting sympathovagal imbalance.

This experiment also emphasized a very interesting fact that the features showing
deviation due to psychological stress were predominantly from higher IMFs namely
IMF3, IMF4, IMF5, IMF6 and IMF7 as shown in table 6.2. As per the implementation of
EMD technique, the higher IMF signals correspond to lower frequency signals. As most
of the information of PCG signals is concentrated at lower frequencies, this justifies the
results of this experiment and reason for getting useful information from higher IMF

signals.

This experiment identifies features that show maximum deviation from subject-specific
template baseline values as shown in table 6.2. The ECG-based LF/HF power ratio
feature showed an increase of 20.15% in 78.12% cases. Whereas, the most powerful
PCG-based features identified based on findings of experiment 1 are RMS value of IMF6
and AASR from IMF7 which showed 86.10% increase in 93.75% of cases and 47.35%
increase in 93.75% of cases respectively. Therefore, this experiment also showed that the
features extracted from PCG signals are better indicators of sympathovagal balance than

LF/HF power ratio feature of ECG-HRV signal as evident from table 6.2.

6.5.2 Experiment 2-1dentifying statistically significant features for psychological stress
analysis

The IMFs were derived using EMD technique on IBI of PCG signals from stressed and
non-stressed category of signals. These IMFs were arranged in order from high-frequency
to low-frequency components. Thereafter, mean and standard deviation values of features
obtained from these IMFs are shown in table 6.1. The obtained features were tested for
statistical relevance using Kruskal-Wallis non-parametric test. All the features which
show p-value less than 0.05 are considered to be statistically significant. These features
are not subject-specific as they are not obtained by comparison with individual baseline
values, but are significant across the subjects. The p-values of all five extracted features
for IMF1 to IMF7 are computed and are presented in table 6.3. The box-plots for these

features are shown in figure 6.6 to figure 6.9.
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Table 6.3 p-values of extracted features from IMFs for non-stressed and stressed category signals

Feature | IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7
AASR 7.78x10" | 4.05x10™" | 8.78x107 | 7.47x10* | 4.66x10? | 3.26x107 | 4.96x107
LASODP | 8.09x10" | 3.26x10™ | 1.39x10? | 6.96x107 | 6.97x10™ | 2.88x10™" | 2.00x10”
Rmsimf | 8.40x10™" | 1.01x107 | 1.70x10™" | 4.93x10™ | 5.80x107 | 7.18x10° | 1.50x10%
ShEnt 5.16x102 | 1.76x10?% | 4.52x10™" | 9.40x107 | 4.35x10™" | 2.53x10? | 7.60x10%
FzEnt 4.10x107 | 6.75x10? | 3.84x107 | 2.94x10? | 8.09x10° | 1.51x10° | 7.88x10"
Discussion-

Kruskal-Wallis is a non-parametric statistical test and makes no assumption about the

distribution of data. This test uses feature-data ranks rather than raw values to evaluate

discriminative power of a feature. The p-value of a feature is a measure of discriminating

ability of the feature in separating two classes and the features with p < 0.05 are

considered to be statistically significant.

log ASR area

B

Figure 6.6 Box-plot of log ASR area, IMFn(NS)=nth IMF for Non-stressed baseline state, IMFn(S)=

nth IMF for stressed state
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The AASR feature is statistically significant (p < 0.05) for IMF5, IMF6 and IMF7 as
shown in table 6.3. Therefore, IMF5, IMF6 and IMF7 of AASR feature can be used to
discriminate stressed and non-stressed categories of signals. This can also be inferred by
observing figure 6.6 depicting the box-plots corresponding to AASR feature of first seven
IMFs of IBI signals. It can also be observed from the box-plot that the statistically
significant IMFs of this features show higher values of AASR in case of stressed category
of signals. For rest of the IMFs, p-value is not less than 0.05, so they do not provide any
significant discrimination between S and NS category of signals.

In case of LASODP feature, p < 0.05 is observed in case of IMF3 and IMF7 as depicted
in table 6.3. These IMFs of LASODP feature can significantly be used to discriminate S
and NS category of signals. The box-plots for LASODP corresponding to IMF1 to IMF7
of NS and S category of signals are shown in figure 6.7.
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Figure 6.7 Box-plot of log SODP area, IMFn(NS)=nth IMF for Non-stressed baseline state, IMFn(S)=
nth IMF for stressed state
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The p-values for RmsImf feature are significantly lower (p < 0.05) for IMF6 and IMF7 as
shown in table 6.3 and this can also be inferred by observing box-plot in figure 6.8 as
these IMFs show significant separation between two categories of signals. Hence the
IMF6 and IMF7 are suitable for discriminating S and NS category of signals. The visual
analysis of box-plot of this feature also shows higher values of significant IMFs in

stressed category of signals.

RMS IMF

-+

FPHo0psgeclabgs

i | | | | i i ' | i
. lerif (M) Teaf1(S) raf2(MS) rrd2(5) Iraf3(NS) I3 (S) nfd(MS) lrfd (5] efB(NS) (S B (NS) Iafo (=) rd? (NS) off (3)

Figure 6.8 Box-plot of RMS, IMFn(NS)=nth IMF for Non-stressed baseline state, IMFn(S)= nth IMF
for stressed state

In case of ShEnt feature, the p-values for IMF2 and IMF6 are significantly lower (p <
0.05), thus making these IMFs suitable for discriminating S and NS categories of signals.
Whereas, for FzEnt feature as shown in table 6.3, the significantly lower p-values (p <
0.05) were observed for IMF1, IMF3, IMF4, IMF5 and IMF6 making them suitable for

discrimination of NS and S category of signals. The boxplot for FzEnt is shown in figure
6.9.
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Figure 6.9 Box-plot of Fuzzy Entropy, IMFn(NS)=nth IMF for Non-stressed baseline state, IMFn(S)=
nth IMF for stressed state

Table 6.4 Statistically significant features identified using Kruskal-Wallis statistical test (p < 0.05)

Feature IMF

AASR IMF5, IMF6, IMF7
LASODP IMF3, IMF7

RmsImf IMF6, IMF7

ShEnt IMF2, IMF6

FzEnt IMF1, IMF3, IMF4, IMF5, IMF6

To summarize experiment 2 of this study, the significant features identified using
Kruskal-Wallis statistical test (p < 0.05) to discriminate stressed and non-stressed
category of signals are shown in table 6.4. These results are also confirmed by box-plots
depicted in figure 6.6 to figure 6.9. The features which showed the least p-value and thus
can be considered as the most significant features are IMF7 of AASR, IMF6 of RmsIimf,
IMF5 and IMF6 of FzEnt. It is interesting to note that these results support the findings
from experiment 1 which showed the most powerful features to be IMF7 of AASR and
IMF6 of RMSImf.
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The table 6.5 summarizes the features selected from experiment 1 and experiment 2. The
results shown in table 6.5 indicate that the results of experiment 2 are supporting the
results of experiment 1. There are six significant features that are common in experiment
1 and experiment 2 namely- AASR IMF7, LASODP IMF7, RmsIMF IMF6, RmsIMF
IMF7, FzEnt IMF5, FzEnt IMF6. These features are depicted in bold in table 6.5. The
presence of these common features in both subject-specific (experiment 1) and across
subjects feature analysis (experiment 2) implies that these features give high
discrimination between stressed and non-stressed category of signals and are statistically

significant.

Table 6.5 List of features significant in experiment 1 and experiment 2 to find common features

Feature Name Selected features
Experimentl Experiment 2
AASR IMF3 -
- IMF5
- IMF6
IMF7 IMF7
LASODP - IMF3
IMF4 -
IMF7 IMF7
RmsImf IMF6 IMF6
IMF7 IMF7
ShEnt - IMF2
- IMF6
FzEnt - IMF1
- IMF3
- IMF4
IMF5 IMF5
IMF6 IMF6

Thereafter, the selected six features are used for training and testing of three classifiers
LS-SVM, k-Nearest Neighbour (kNN) and Bayes Net and their classification
performance is evaluated. In this study, we have used inbuilt MATLAB function
svmtrain with least square method and kernel functions linear, quadratic, polynomial
(order 3), multi-layer perceptron with default weight 1 and default bias -1 and radial basis

function (RBF) with rbf_sigma value 1.05. The optimal kernel parameter is decided on

96



the basis of trial and error experimentation. The reliability and robustness of classification
is ensured using 10-fold cross-validation. The performance of classifiers can be evaluated

using parameters namely accuracy (ACC), sensitivity (SEN), specificity (SPE).

In this study, the comparison of LS-SVM with other classifiers in table 6.6 shows high
classification accuracy provided by LS-SVM classifier in comparison to other classifiers
included in this research work. The LS-SVM classifier with RBF kernel showed highest
classification accuracy for PCG-based psychological stress detection. This is the reason
for using RBF kernel with LS-SVM. The previous study [174] on cardiac sound signals
classification also reported high classification performance by using LS-SVM with RBF
kernel. In this study, the average ACC, SEN and SPE achieved on the dataset using LS-
SVM classifier with RBF kernel is 93.14%, 92.58% and 93.33% respectively. The
summary of performance of classifiers is depicted in table 6.6.

Table 6.6 Performance summary of classifiers for classification between stressed and non-stressed
category signals

Features selected | Classifier | Kernel and Kernel | ACC SEN SPE
parameter (%) (%) (%)
AASR IMF7 Linear 68.75 65.63 71.88
LASODP IMF7 Quadratic 76.56 71.88 81.25
RmsIMF IMF6 LS-SVM | Polynomial (order 3) | 90.45 80.91 98.00
RmsIMF IMF7 RBF, Y'=1.05 93.14 92.58 93.33
FzEnt IMF5 MLP (scale [1-1]) | 63.51 54.17 72.50
FzEnt IMF6 k=1 85.94 81.25 90.63
KNN k=3 71.88 68.75 75.00
k=5 64.06 59.38 68.75
Bayes Net 81.25 72.72 62.50

Thus, the features proposed in this study are significant for psychological stress detection
from PCG signals using EMD technique. The discrimination ability of PCG-based
features is more on this dataset than ECG-based LF/HF power ratio sympathovagal
balance indicator method as shown in experiment 1. The proposed methodology achieved
average classification accuracy of 93.14% on the dataset. Therefore, it can be inferred that
PCG-based method is a robust, cost-efficient and reasonably better method than ECG-

based LF/HF power ratio method for psychological stress detection.
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The main finding of this research is the applicability of PCG signals for psychological
stress detection using six non-linear features which are sensitive in both subject-specific
and across subject analysis. Another finding of this study is that the important features
identified for psychological stress detection in this study are- AASR IMF7, LASODP
IMF7, RmsIMF IMF6, RmsIMF IMF7, FzEnt IMF5, FzEnt IMF®6. It is interesting to note
that these features are predominantly from higher IMFs which are lower frequency
signals. This research finding is justified as most of the information of PCG signals is
concentrated at lower frequencies. The advantage of the study is that the proposed system
is automatic and hence, there is no inter-observer and intra-observer variability. Also, the
subject-specific template analysis in this study takes into account varied stress responses
and characteristic cardiac behaviour of every individual. The proposed system is reliable
and robust as 10-fold cross-validation is used. This cost-effective methodology is suitable
for home-care and telemedicine. However, the proposed methodology has been tested on
a small dataset of age group 18 to 25 years. In order to apply this method for home-care
and clinical use, it is necessary to test it on a larger dataset. The use of other kernel
functions with different kernel parameters can also enhance the performance of classifier.
In addition to this, computing other non-linear features like fractal dimension and
Lyapunov exponent and combining them with proposed features may further improve the

accuracy.

6.6 Summary

In present work, a novel technique of using PCG signals for psychological stress
detection is proposed. This method uses EMD technique suitable for non-linear and non-
stationary signal analysis of PCG signals. The use of non-linear features ensures
capturing of complex non-linear dynamics of heart sound PCG signals. In this study, the
findings of experiment 1 support the findings of experiment 2 for identifying most
powerful features for PCG-based psychological stress detection. The common features
identified from experiment 1 and experiment 2 of this study for psychological stress
detection are- AASR IMF7, LASODP IMF7, RmsIMF IMF6, RmsIMF IMF7, FzEnt
IMF5, FzEnt IMF6. The use of these identified common features ensures high
discrimination ability between stressed and non-stressed category of signals and statistical

significance of features.
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The main findings from this study include-

e Applicability of PCG signals for psychological stress detection

e The results on this dataset indicate that PCG-based psychological stress detection
method is reasonably better than well-documented ECG-based LF/HF power ratio
method

e The important features identified for PCG-based psychological stress detection are
predominantly from higher IMFs which are lower frequency signals. This research
finding is justified as most of the information of PCG signals is concentrated at

lower frequencies

As the features suitable for PCG-based psychological stress detection identified in this
study are from low-frequency IMFs, therefore, it becomes vital to preserve low-
frequency IMFs of IBI signals. This will ensure effective feature extraction and can
improve accuracy in detecting psychological stress. This forms the basis of the
proposed method 2 of this research, which is discussed in the next chapter of the
thesis.
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CHAPTER 7 PROPOSED METHOD 2

7.1 Introduction

The aim of this work is to develop an improved framework for PCG-based psychological
stress detection based on the findings of proposed method 1 (discussed in chapter 6). This
study explores the potential of non-linear entropy-based features extracted in EMD
domain for psychological stress detection. Firstly, simultaneous PCG and ECG signals
are acquired from the subjects. The ECG signals are used for ECG-gating to find S1 peak
in PCG signals and then used for comparison of the results obtained from PCG-based
psychological stress detection (explained in chapter 4). The time interval between
consecutive S1 peaks is extracted to form IBI signals (explained in chapter 4).
Subsequently, the EMD signal decomposition technique is applied on IBI signal to
decompose it into mono-component sub-band IMF signals (explained in chapter 4). In
this study, each IBI signal had atleast seven IMFs, so seven sub-band signal
decomposition is selected. As per the findings of previous method (proposed method 1
presented in chapter 6), low-frequency IMFs are important and contain significant
information for psychological stress detection. So, the low-frequency seven IMFs are
retained in this study to prevent information loss at this stage. The next step is to extract
non-linear entropy-based features from these IMFs. These features are useful in capturing
non-linear subtleties of PCG signals. This PCG-based psychological stress detection
method uses entropy-based non-linear features extracted in EMD domain namely-
Permutation entropy, Fuzzy entropy and K-NN entropy. The explanation of these features

is given in the next section.
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The remaining chapter is organized as- section 7.2 describes non-linear feature extraction.
The statistical significance and feature ranking are explained in section 7.3. The section
7.4 of this chapter describes classifier used and the results are presented in section 7.5.
The discussions of results obtained in this study are provided in section 7.6. The proposed

method is summarized in section 7.7 of this chapter.

7.2 Feature extraction

This study uses entropy-based features namely- Permutation entropy, Fuzzy entropy and
K-NN entropy to capture the non-linear dynamics of the cardiac sound signal in order to

detect psychological stress from PCG signals.

7.2.1 Permutation Entropy

Permutation Entropy (PEn) feature is useful in complexity analysis of the signals. It is
chosen as a feature for analysis in this study because of its practical advantages like

computational simplicity and robustness to noise [176]. It is computed as [177]:

al
PEn = — Z A, log(A) (7.1)
=1

where a is sequence length and total number of possible permutation patterns are al, 4; is

Ith

probability of occurrence of I permutation pattern. This feature is used for ECG signals

for diagnosis of atrial fibrillation [178], for detection of focal EEG signals [167] and for
detection of congestive heart failure in short term HRV signals [159].

7.2.2 Fuzzy Entropy

Fuzzy Entropy (FzEn) is a measure of the degree of similarity between two vectors of

length p from N-sample time series. It is computed as [166]:

FzEn(p,q,7,N) = In[¢P(q,7)] — In[pP*'(q,7)] (7.2)
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The function @P(q,r) is defined as:

N-p N-p
P(q,r) = z - Z I 7.3
@ =y o1 2, G (7.3)
k=1 j=1,j#k

where, [ ; is degree of similarity between two vectors (kth and jth) and g, r control fuzzy
boundary. Here, q is gradient and r is width of boundary of fuzzy function and p is the
embedding dimension. The advantage of using FzEn feature is that unlike other entropies,
it uses soft boundary for similarity measurement which prevents abrupt entropy value
changes due to small changes in tolerance limit. More details of fuzzy entropy are

discussed in chapter 6.

This feature has been used for CAD diagnosis from HRV signals [158], for detection of
congestive heart failure in short-term HRV signals [159], for characterization of surface
EMG signal [166] and for detection of focal EEG signals [167].

7.2.3 K-Nearest Neighbour Entropy

K-Nearest Neighbour Entropy (K-NN) measures the scattering of the signal. It can be
defined as follows [179]:

S
KNNG) = =p(K) + ¢(S) +10g(Vp) + D/S ) log(e())) (7.4)
j=1

where, S is total number of samples, D is dimension of x and e(j) is distance between jth
sample and K-nearest neighbours of x, whereas, V, represents volume of unit ball of D-
dimension and function ¢(S) is digamma function as explained by [179]. This feature has
been used in CAD diagnosis using HRV signals [158] and to identify focal EEG signals
[167].

7.3 Statistical significance and feature ranking methods

Biomedical data often does not follow normal distribution and usually has small sample
sizes as humans or animals are involved in data acquisition [180]. If the data is not

normally distributed or underlying distribution is heavily tailed or skewed, non-
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parametric tests are more powerful than parametric counterparts [180]. Kruskal-Wallis
non-parametric test showed high Asymptotic Relative Efficiency (ARE) and minimal
power loss even when the underlying distribution is normal whereas the power gain is
substantial when normality condition is not met [181], [182]. Therefore non-parametric
statistical tests are preferred in biomedical signal analysis. Kruskal-Wallis is a non-
parametric statistical test and makes no assumption about the distribution of data [183].
The median is central tendency statistic for non-parametric tests [180]. This test uses data
ranks rather than the original values to evaluate the discriminative power of the feature. In
this study, Kruskal-Wallis non-parametric statistical test is applied on the extracted
features to measure the statistical significance of features in terms of p-value. The

features with p-value < 0.05 are considered to be statistically significant.

In this study, we have used inbuilt MATLAB function kruskalwallis to evaluate p-
values of the features and to draw the box-plots for visual comparison of values of PEN,
FzEn and K-NN entropy features for stressed and non-stressed category signals. The
boxplots use 5-number summary which consists of— maximum and minimum range
values, upper and lower quartiles and median to convey the level, spread and symmetry of
data values [184]. The boxplot is exploratory data analysis statistical technique, used to

identify patterns that can otherwise be hidden in data [185].

The feature ranking methods are useful in identifying the most significant features by
assigning ranks to the extracted features and arranging the features in descending order as
per their clinical relevance. Thereafter, the identified features with higher ranks can be
used for classification and other lesser significant features can be neglected. The methods
are useful in reducing system complexity without affecting the classification performance
of the system. The feature ranking methods used in this study include entropy method,
Bhattacharya space algorithm, Receiver Operating Characteristic (ROC) method and
Wilcoxon method. The entropy feature selection method uses divergence method for
measuring class separability of different classes in order to rank the features whereas, the
Bhattacharya space algorithm wuses Bhattacharya distance for measuring the
differentiability of different classes [158], [186]. The ROC method uses area under ROC
curve to rank features [186] whereas, the Wilcoxon method ranks the features on the basis
of non-parametric test [158]. The highest-ranked features identified using these methods

are then used for classification.
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7.4 Least-squares support vector machines

The SVM is explained in chapter 6. The LS-SVM method of classification works by
constructing separating hyperplanes in higher dimension input space in order to identify

different classes of data. Mathematically, LS-SVM is represented as [171]

m

z (lkSkP(Z, Zk) +b

k=1

L(x) = sign (7.5)

where, a, is Lagrangian multiplier, P(z, z;) is kernel function, s, is target class vector,
7, denotes D-dimension k-th input vector and b represents the bias-term. In this study,
LS-SVM with Radial Basis Function (RBF) kernel is used, which is mathematically
represented as [172]

—llz—z|I?

P(z,z,) =e 2r* (7.6)
where, y parameter controls the width of RBF function.

The differences in SVM and LS-SVM and the applications of LS-SVM in biomedical

field are mentioned in chapter 6.

7.5 Results

The timing information of consecutive S1 peaks of acquired PCG signals is extracted to
form IBI signals. The IBI signals decompose to different number of IMFs on application
of EMD technique. Each IBI signal of the dataset had atleast seven IMFs, so for
uniformity in signal analysis, seven sub-band decomposition was selected as done in
studies [149], [150], [157]. As per the findings of proposed method 1 (chapter 6), the low-
frequency IMFs are important and contain significant information for psychological stress
detection. The low-frequency IMFs also showed higher correlation with IBI signal.
Therefore, the low frequency seven IMFs for each IBI signal were retained and high-
frequency IMFs were discarded to avoid information loss at this stage. If we exclude all
higher IMFs existing after IMF7, there will be information loss as low-frequency IMFs
will be discarded. For this, we reversed the numbering of IMFs to consider significant

low-frequency seven IMFs of each signal. Therefore, unlike convention, in this study,
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IMF1 has the lowest frequency components, IMF2 has subsequent higher frequency

components and IMF7 has highest frequency components as depicted in figure 7.1.

As explained in chapter 4, two readings from each subject- one in baseline state and

another in stressed state were acquired for this study and each IBI signal is decomposed

to seven IMFs. The experiments in this study were conducted on 420 signals of 30
subjects (30x2x7=420 signals) containing 18,000 beats (30x2x300=18,000 beats). In this

research work, three non-linear entropy features namely- Permutation entropy, Fuzzy

entropy and K-NN entropy were extracted from seven IMFs of each IBI signal thus

leading to extraction of 21 features (3x7=21 features) from each IBI signal of the subject.
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Figure 7.1 Plots of IMFs, IMF1=Lowest frequency, IMF7=Highest frequency a) Baseline state b)
Stressed state
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Typical values used in this study and parameter selection for features

The EMD technique is applied to decompose IBI signals to IMFs for signal analysis and
feature extraction. The EMD technique uses sifting process for signal decomposition. The
stopping criterion used for sifting process limits the standard deviation between two
consecutive sifting results to typical value of 0.3 [143]. In this study, the essential
parameters required for computing PEn, FzEn and KNN entropy parameters are selected
in suggested ranges using trial and error experimentation to maximize the classification
accuracy. In case of Permutation entropy, for practical purposes, the range suggested for
embedding dimension for time series is 3 to 7 [177]. In our study, number of samples in
each signal is 300 and is less than 6! so the embedding dimension values 3,4,5 are
considered as suggested in [177] and maximum classification accuracy is achieved using
values of embedding dimension as 3 and time lag as 1. For FzEn, q is gradient and r is
width of fuzzy boundary and p is embedding dimension. If the boundary is too narrow, it
results in salient influence from noise, while too broad boundary may result in the loss of
information [166]. A study conducted on EMG signal [166], suggested values
r=0.2*standard deviation of dataset, q=2 and p=2,3,4,5 for FzEn. The method adopted in
the above study is reported to be suitable for other physiological signals. Moreover, the
values suggested in above study have also been used for ECG-based HRV signals for
detection of congestive heart failure [159]. In this study, we achieved highest
classification accuracy using p=4. For K-NN entropy, the number of nearest neighbours

used for this study are K=3,5,7 and value K=7 yielded maximum classification accuracy.

The non-linear entropy features are computed from IMF signals of stressed and non-
stressed category and their range is shown in table 7.1. The p-values to check the
statistical significance of these features are computed using Kruskal-Wallis non-
parametric test and are shown in table 7.2. In order to visualize the discriminating power
of these features, the boxplots of PEn, FzEn and K-NN are shown in figure 7.2, figure 7.3
and figure 7.4 respectively. The boxplots show five-point summary of extracted features
values for stressed and non-stressed category signals and are used for visual comparison

and interpretation of results.
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Table 7.1 Mean and Standard deviation of features obtained from IMFs of baseline and stressed state

signals
Feature IMF Baseline- Stress
Non-stress (MeanzSD)
(Mean£SD)

PEn IMF1 0.7285+0.0155 0.7258+0.0121
IMF2 0.7778+0.0295 0.7598+0.0152
IMF3 0.8049+0.0878 0.7984+0.0329
IMF4 0.9292+0.0591 0.8723+0.0372
IMF5 1.0335+0.0890 0.9943+0.0817
IMF6 1.2189+0.1346 1.1388+0.1258
IMF7 1.4735+0.1972 1.3567+0.1813

FzEn IMF1 0.0104+0.0058 0.0088+0.0017
IMF2 0.0358+0.0277 0.0223+0.0101
IMF3 0.1001+0.0537 0.0605+0.0143
IMF4 0.1816+0.0654 0.1154+0.0307
IMF5 0.2679+0.0792 0.2434+0.1027
IMF6 0.4220+0.1267 0.3643+0.1290
IMF7 0.5163+0.0816 0.4648+0.1078

K-NN IMF1 -2.1890+6.2875 0.3559+5.2630

Entropy IMF2 -3.6729+7.0938 0.5814+3.9141

Estimator | IMF3 -5.1779+3.6738 -1.2857+4.4269
IMF4 -5.3848+1.3413 -1.4626+3.9897
IMF5 -4.3915+1.4847 -4.3903+4.0141
IMF6 -4.2954+2.6828 -2.9657+2.3421
IMF7 -3.9210+4.1166 -3.0132+2.5016

Table 7.2 p-values of features from IMFs of baseline and stressed state signals

Feature | IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7

PEn 3.9x107 |7.2x10% |2.3x10" [3.2x10* |6.2x10° | 2.4x10° | 3.3x107
FzEn 5.0x107 | 2.3x107 |[5.2x10° | 1.1x10* |3.5x107 |4.6x10° | 4.6x107
K-NN 3.3x10° | 1.4x10° [ 1.7x10° |3.6x10° |7.9x10" | 4.6x10% | 4.2x10"
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All the extracted features may not be significant and can result in a decrease in
classification accuracy of the classifier. Therefore, the selection of significant features
becomes fundamental. In this study, feature ranking methods namely- Entropy method,
Bhattacharya space algorithm, ROC method and Wilcoxon method have been used for
feature selection. These ranking methods arrange features in descending order of their
statistical significance as shown in table 7.3. The higher ranked features should be used
for classification and insignificant lower ranked features can be neglected. In order to
obtain maximum classification accuracy using minimum number of feature vectors, these
ranked features are fed one by one to LS-SVM classifier with RBF kernel until highest
accuracy is obtained. The plot showing number of features versus classification accuracy
for various ranking methods is shown in figure 7.5. The highest classification accuracy of
96.67% is achieved using first five features of Bhattacharya space algorithm as shown in

figure 7.5.
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Table 7.3 Features in descending order of significance according to feature ranking methods

Feature Entropy method | Bhattacharya ROC method Wilcoxon
Rank Method Method

1 FzEn IMF3 K-NN IMF4 K-NN IMF4 K-NN IMF4
2 K-NN IMF4 K-NN IMF3 FzEn IMF4 K-NN IMF2
3 FzEn IMF1 K-NN IMF2 PEn IMF4 FzEn IMF4
4 FzEn IMF4 K-NN IMF1 K-NN IMF2 K-NN IMF3
5 FzEn IMF2 FzEn IMF3 FzEn IMF3 PEn IMF4
6 K-NN IMF5 FzEn IMF1 K-NN IMF3 K-NN IMF1
7 PEn IMF3 K-NN IMF6 PEn IMF6 K-NN IMF6
8 PEn IMF4 FzEn IMF2 PEn IMF7 FzEn IMF3
9 PEn IMF2 K-NN IMF5 K-NN IMF1 PEn IMF6
10 K-NN IMF2 PEn IMF3 FzEn IMF6 PEn IMF7
11 K-NN IMF3 FzEn IMF4 FzEn IMF7 K-NN IMF7
12 K-NN IMF7 K-NN IMF7 K-NN IMF6 FzEn IMF6
13 FzEn IMF7 PEn IMF2 PEn IMF5 FzEn IMF7
14 PEn IMF7 PEn IMF4 PEn IMF2 PEn IMF1
15 PEn IMF6 PEn IMF7 PEn IMF3 PEn IMF5
16 K-NN IMF6 FzEn IMF7 FzEn IMF2 PEn IMF2
17 K-NN IMF1 PEn IMF6 FzEn IMF5 K-NN IMF5
18 PEn IMF5 FzEn IMF5 K-NN IMF7 PEn IMF3
19 FzEn IMF5 PEn IMF1 PEn IMF1 FzEn IMF2
20 FzEn IMF6 FzEn IMF6 FzEn IMF1 FzEn IMF5
21 PEn IMF1 PEn IMF5 K-NN IMF5 FzEn IMF1

The LS-SVM classifier with RBF kernel has been used in studies on cardiac sound PCG
signals [174], [187]. In this study, the classification of LS-SVM with RBF kernel is
compared with linear and quadratic kernel functions using selected first five features of
Bhattacharya space algorithm as shown in table 7.4. The optimal kernel parameter is
decided on the basis of trial and error experimentation. The reliability and robustness of

classification are ensured using 10-fold cross-validation. The classification performance
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of the classifier can be evaluated using parameters namely- accuracy (ACC), sensitivity
(SEN), specificity (SPE). The performance summary of the proposed system is shown in
table 7.4.
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Figure 7.5 Plot depicting accuracy versus number of features using different ranking methods

As per literature, various studies [59]-[62] used ECG-HRV based LF/HF power ratio
feature as a standard to quantify sympathovagal balance. The increase in this index
indicates a shift towards sympathetic dominance whereas the decrease of the index
indicates a shift towards parasympathetic dominance. The proposed methodology for
using PCG signals for psychological stress detection showed higher accuracy on our
dataset in comparison with ECG based LF/HF power ratio feature as shown in table 7.4
and table 7.5.

111



Table 7.4 Performance summary of proposed system for classifying baseline and stressed state signals

Features Ranking Classifier | Kernel ACC SEN SPE
used Method and
Kernel
parameter
K-NN IMF4 | Bhattacharya | LS-SVM | Linear 71.67% | 73.33% 70.00%
K-NN IMF3 Quadratic 83.33% | 66.67% 100%
K-NN IMF2 RBF 96.67% | 100% 93.33%
K-NN IMF1 Y=1.05
FzEn IMF3
Table 7.5 Performance using ECG-based LF/HF power ratio feature
Feature Description Used in | Accuracy
studies

ECG based | Increase in this feature shows sympathetic | [59]-[62] | 80%
LF/HF dominance whereas, decrease shows parasympathetic
power ratio dominance
Table 7.6 Improvement in classification accuracy with each step of proposed methodology
Features Classifier Methodology Accuracy
Permutation LS-SVM Inter-beat Interval (1BI) signal used, 68.33%
Entropy, RBF Kernel | No use of EMD technique,
Fuzzy Entropy, Y=1.05 Total features used per 1Bl signal = 3
K-NN Entropy EMD technique used on IBI signals, 85.00%

No ranking methods used,

Total features used per I1BI signal = 21

Proposed Methodology 96.67%

Total features used per IBI signal =5

In order to evaluate the efficacy of each step of the proposed methodology, the

improvement in classification accuracy at every step using LS-SVM classifier and RBF

kernel is evaluated and recorded in table 7.6.
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7.6 Discussion

In this work, the methodology for psychological stress detection using PCG signals is
proposed. The time-duration between consecutive S1 peaks of the acquired PCG signals
is used to form IBI signals. Thereafter, EMD technique is used to decompose IBI signals
to IMFs which are mono-component AM-FM signals. The extracted IMFs are shown in
figure 7.1, where IMF1 has the lowest frequency components and IMF7 has the highest
frequency components. The EMD technique of signal decomposition is suitable for non-
linear and non-stationary signals. The complex cardiac dynamics are then captured using
three non-linear entropy features namely- PEn, FzEn and K-NN entropy estimator

computed from IMFs of IBI signals.

The PEn quantifies the degree of complexity of the time series. The higher values of PEn
show high complexity of signals whereas, low values of this feature indicate low
complexity of the signals. The mean values of PEn in table 7.1 and the boxplot
representation in figure 7.2 indicate lower values of PEn feature for subjects under
psychological stress. This depicts the lower complexity of stress category signals as
compared to non-stressed category signals. The reduced complexity indicates a stable and
periodic behaviour of heart under stress. This may be a reflection of reduced

parasympathetic activity and thus depicting sympathovagal imbalance.

The FzEn is used for similarity analysis of time series. The mean values of FzEn in table
7.1 and the boxplot representation in figure 7.3 indicate lower values of FzEn feature for
subjects under psychological stress. The smaller values of FzEn feature indicate more
regularity of signals. The cardiac signals of subjects under stress show more regular

behaviour depicting reduced parasympathetic activity.

The K-NN entropy feature quantifies scattering of a time series. The higher values of this
parameter indicate wider scattering. The mean values from table 7.1 and boxplot
representation in figure 7.4 show higher values of this feature for subjects under
psychological stress. This shows signals for subjects under psychological stress are more
scattered as compared to non-stressed subject signals. A study [188] used K-NN entropy
to measure scatter (diffusiveness) to characterize divergence from homeostasis and
reported similar results. The value of scattering increased in stressed states. This is due to
the adjustment of metabolism (dysregulated metabolic behaviour) and coordinated

adaptive responses of the organism due to stressor [188].
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Thereafter, the extracted features were tested for statistical relevance using Kruskal-
Wallis non-parametric test and the p-values obtained for the features are reported in table
7.2. The p-value is a measure of discriminating ability of the feature in separating two
classes and all the features which show p-value less than 0.05 are considered to be
statistically significant. The PEn feature is statistically relevant (p < 0.05) for IMF1,
IMF4, IMF6 and IMF7 as evident in table 7.2. In case of FzEn feature, p < 0.05 is
observed in case of IMF3, IMF4, IMF6 and IMF7 as depicted in table 7.2. The p-values
for K-NN feature are significantly lower (p < 0.05) for IMF1, IMF2, IMF3, IMF4 and
IMF6 as shown in table 7.2. Therefore, these IMFs of the extracted features can be used
to discriminate stressed and baseline categories of signals. The K-NN IMF4 feature
showed lowest p-values in table 7.2 and hence can be considered as the most significant
feature for psychological stress detection according to statistical test.

The extracted features are arranged in descending order of significance using feature
ranking methods namely- Entropy method, Bhattacharya space algorithm, ROC method
and Wilcoxon method as shown in table 7.3. The main objective here is to obtain
maximum classification accuracy using minimum number of features, therefore, the
higher-ranked features are fed one by one to LS-SVM classifier until highest accuracy is
obtained. The plot of number of features versus classification accuracy for various
ranking methods is shown in figure 7.5 which depicts that the highest classification
accuracy of 96.67% is achieved using first five features of Bhattacharya space algorithm.
The highest accuracy, sensitivity and specificity achieved using the proposed
methodology is 96.67%, 100% and 93.33% respectively using LS-SVM classifier with
RBF kernel as shown in table 7.4. It is also interesting that the highest-ranked feature in
table 7.4 is K-NN IMF4, which also showed lowest p-value in table 7.2. The most
significant features used for classification in table 7.4 are- K-NN IMF4, K-NN IMF3, K-
NN IMF2, K-NN IMF1 and FzEn IMF3. It can be observed that these most significant
features are from low-frequency, lower IMF signals. As most of the information of PCG
signals is concentrated at lower frequencies, this justifies the results of this study and the

reason for getting useful information from low-frequency IMFs.

The proposed methodology achieved highest classification accuracy of 96.67% on the
dataset, whereas the classification accuracy achieved using standard ECG-based LF/HF

power ratio method is 80% on this dataset as shown in table 7.5. Therefore, it can be

114



inferred that the proposed method is a robust, cost-efficient and reasonably better method

for psychological stress detection than ECG-based LF/HF power ratio method.

The efficacy and importance of each step of the proposed methodology is depicted in
table 7.6 of the study. Firstly, IBI signal is used to compute the entropy features, without
the use of EMD technique for signal decomposition. The accuracy of 68.33% is achieved
in this case. Secondly, 85.00% accuracy is achieved if all features obtained using EMD
technique for signal decomposition of I1BI signals are used for classification and hence no
ranking methods are used. Finally, if all steps of proposed methodology are followed, the
highest accuracy, 96.67% is achieved. This shows that all steps of the proposed
methodology are integral to obtain high classification accuracy between non-stressed and

stressed psychological states.

The main contribution of this study is the novel methodology to use PCG signals for
psychological stress detection instead of EEG or ECG signals. The advantages of using
PCG signals over other bio-signals for psychological stress detection are- acquisition
process of PCG is simpler, easier and inexpensive, making this method suitable for use in
rural areas, developing economies, home-care and other areas where a specialized
physician/equipment is not available. Another finding of this study is that the PCG-based
features for psychological stress detection are more efficient on the dataset as compared
to well-documented ECG-based LF/HF power ratio feature as shown in table 7.4 and
table 7.5. As the proposed system is automatic, there is no inter-observer and intra-
observer variability. This method requires computation of only five features making it a
fast method suitable for real-time psychological stress detection. The proposed system is
robust and reliable as 10-fold cross-validation is used. However, fundamental heart
sounds segmentation of PCG signals is a cumbersome task but many studies [73], [91],
[95], [96] have suggested algorithms for FHS detection without using a reference signal.
The limitation of this work is that the proposed methodology is tested on a small dataset.
The proposed system needs to be tested on a larger dataset before deployment for
homecare and clinical use. The use of other kernel functions with different kernel
parameters can also enhance performance of the classifier. The other significant non-
linear features can be identified and combined with proposed features to further enhance

classification accuracy.
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7.7 Summary

In this work, we have retained low-frequency seven IMF signals for feature extraction as
inferred from findings of chapter 6 and they also showed higher correlation with IBI
signals. This leads to lesser information loss and hence, better classification accuracy.
The features extracted in this study are entropy-based non-linear features in EMD domain
namely- Permutation Entropy (PEn), Fuzzy Entropy (FzEn) and K-Nearest Neighbour
(K-NN) entropy estimator. The results show that K-NN and FzEn features performed
better than PEn feature. The highest classification accuracy achieved is 96.67% using first
five features of Bhattacharya space algorithm namely- K-NN IMF4, K-NN IMF3, K-NN
IMF2, K-NN IMF1 and FzEn IMF3. In this study, unlike convention, IMF1 contains
lowest frequency components and IMF7 contains highest frequency components.
Therefore, identified most significant features for psychological stress detection are from
low-frequency IMF signals, supporting the findings of chapter 6. As most of the
information of PCG signals is concentrated at lower frequencies, this justifies the results

of this study and the reason for getting useful information from low-frequency IMFs.
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CHAPTER 8 CONCLUSION AND FUTURE
SCOPE

8.1 Conclusion

This work develops a novel method of using PCG signals for psychological stress
detection. The easier acquisition of PCG signals as compared to EEG or ECG signals
makes the developed method suitable for rural areas, developing economies, home-care
and other areas where a specialized physician/equipment is not available. This study
focuses on PCG-based psychological stress detection and the stress used in this study is
not laboratory-induced rather real-life examination stress. The data for this study is
acquired from students approximately two hours before the institute examination and
another reading as baseline is acquired from the same subjects after they return from
holidays. The S1 peaks of PCG signals are detected and time duration of consecutive S1
peaks leads to formation of IBI signal. The EMD technique for non-linear and non-
stationary signal analysis is applied on IBI signals to form IMFs. The features are then

extracted from IMFs for psychological stress detection.

In proposed method 1, the applicability of five non-linear features namely- Area of
analytic signal representation (AASR), Log of area of second order difference plot
(LASODP), Root Mean Square value of IMF (RmsIMF), Shannon Entropy (ShEnt) and
Fuzzy Entropy (FzEnt) for PCG-based psychological stress detection is explored. The
analysis has been done in two phases. The subject-specific analysis incorporated the
individual characteristic cardiac behaviour and the features that showed maximum
deviation from baseline values were identified. The next phase aimed at finding the

features for psychological stress analysis that are significant across subjects using
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Kruskal-Wallis statistical test. Thereafter, a comparative analysis has been conducted to
select the features that were consistent during subject-specific and across subject analysis.
A total of six features namely: AASR IMF7, LASODP IMF7, RmsIMF IMF6, RmsIMF
IMF7, FzEnt IMF5 and FzEnt IMF6 were identified that were common in both the phases
of study. The identified six features from the comparative analysis are used for
classification using LS-SVM classifier with RBF kernel. The average accuracy achieved
for classification of stressed and non-stressed category of signals is 93.14% using 10-fold

cross-validation.

In proposed method 2, the applicability of three non-linear entropy-based features-
Permutation entropy (PEn), Fuzzy entropy (FzEn) and K-NN entropy estimator (KNN)
for PCG-based psychological stress detection is explored. The non-linear features have
been computed for capturing the non-linear characteristics of cardiac PCG signals. The
ranking methods have been used for optimizing the classification performance and
highest accuracy achieved is 96.67% using first five features of Bhattacharya ranking
algorithm. The use of 10-fold cross-validation with LS-SVM and RBF kernel function
makes the proposed system reliable and robust. The identified most suitable features for
psychological stress detection are- K-NN IMF4, K-NN IMF3, K-NN IMF2, K-NN IMF1
and FzEn IMF3.

This research work also highlights that the features identified from PCG signals provided
better results on the dataset as compared to well-documented ECG based LF/HF power
ratio feature-based sympathovagal balance indicator method. Therefore, the developed
methodology for PCG-based psychological stress detection is efficient to detect
psychological stress.

Another conclusion that can be inferred from this study is that the important features
identified for psychological stress detection are predominantly from low-frequency IMFs.
As most of the information of PCG signals is concentrated at lower frequencies, this
justifies the results of this study and reason for getting useful information from low-
frequency IMF signals. The proposed methodology for psychological stress detection
using PCG signals can be further applied to design a reliable system for home-care and

primary health-care centres of rural areas to provide timely diagnosis.
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8.2 Major Findings and Contributions

The novelty of this study is the applicability of PCG signals for psychological

stress detection

The important features identified for psychological stress detection are from
lower frequency IMF signals. As most of the information of PCG signals is
concentrated at lower frequencies, this justifies the results of this study and reason

for getting useful information from low-frequency IMF signals

The PCG-based method has reasonably better discrimination ability on the dataset
than ECG-based LF/HF power ratio sympathovagal balance indicator method,
when STAI self-report questionnaire is taken as a standard

The subject-specific baseline template used in the study ensures incorporation of

the individual cardiovascular characteristic behaviour and stress responses

This study opened a new research area of psychological stress detection using
PCG signals

8.3 Advantages of PCG-based stress detection

Suitable for places where sophisticated equipment like EEG and ECG are not

available
An important contribution for reducing urban-rural divide in healthcare

Cost-effective methodology, easy to acquire PCG signals makes it suitable for

home-care, developing economies and telemedicine

Performed better than standard ECG-based sympathovagal balance indicator

method on the dataset

The developed system is automatic and hence, there is no inter-observer and intra-

observer variability

Can be further developed as a smartphone-based system for psychological stress

detection

119



8.4 Limitations and Future Scope

The proposed system needs to be tested on a larger dataset comprising of various

age-groups before deployment for homecare and clinical use

The use of other kernel functions with different kernel parameters can also

enhance performance of the classifier

A computer-based optimum criteria for kernel function and kernel parameter

selection can be developed

The other significant non-linear features can be identified and combined with

proposed features to further enhance classification accuracy

Differentiating State-anxiety and Trait-anxiety using PCG signals may form

another field of research

The use of PCG signals for human emotion recognition can also be explored in

future works
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