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Abstract
Stress is an increasing problem in our present world. It is recognised that increased exposure to stress
may cause serious health problems if undiagnosed and untreated. In stress medicine, clinicians’ measure
blood pressure, Electrocardiogram (ECG), finger temperature and respiration rate etc. during a number
of exercises to diagnose stress-related disorders. However, in practice, it is difficult and tedious for a
clinician to understand, interpret and analyze complex, lengthy sequential sensor signals. There are few
experts who are able to diagnose and predict stress-related problems. Therefore, a system that can help
clinicians in diagnosing stress is important.

This research work has investigated Artificial Intelligence techniques for developing an intelligent,
integrated sensor system to establish diagnosis and treatment plans in the psychophysiological domain.
This research uses physiological parameters i.e., finger temperature (FT) and heart rate variability (HRV)
for quantifying stress levels.   Large individual variations in physiological parameters are one reason
why case-based reasoning is applied as a core technique to facilitate experience reuse by retrieving
previous similar cases. Feature extraction methods to represent important features of original signals for
case indexing are investigated. Furthermore, fuzzy techniques are also employed and incorporated into
the case-based reasoning system to handle vagueness and uncertainty inherently existing in clinicians’
reasoning.

The evaluation of the approach is based on close collaboration with experts and measurements of FT
and HRV from ECG data. The approach has been evaluated with clinicians and trial measurements on
subjects (24+46 persons). An expert has ranked and estimated the similarity for all the subjects during
classification. The result shows that the system reaches a level of performance close to an expert in both
the cases. The proposed system could be used as an expert for a less experienced clinician or as a second
opinion for an experienced clinician to supplement their decision making tasks in stress diagnosis.
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Sammanfattning (Swedish Abstract)   
Den ökande stressnivån hos många personer i vårt samhälle med allt högre krav 
och högt tempo har ett högt pris. Det är känt att en förhöjd stressnivå som inte blir 
upptäckt och korrekt identifierad/diagnostiserad och obehandlad under en längre 
tid kan leda till allvarliga hälsoeffekter för individen vilket kan leda till långvarig 
sjukskrivning.  Stressrelaterade problem och sjukdomar är en stor samhällskostnad 
idag. Inom stressmedicinen mäter kliniker blodtryck, Elektrokardiogram (EKG), 
fingertemperatur och andning etc. under olika situationer för att diagnostisera 
stress. Stressdiagnos baserat fingertemperaturen (FT) är något som en skicklig 
klinker kan utföra vilket stämmer med forskningen inom klinisk psykofysiologi. I 
praktiken är det dock mycket svårt och mödosamt för en kliniker att i detalj följa 
och analysera långa serier av mätvärden och det finns endast få experter som är 
kompetent att diagnostisera och/eller förutsäga stressproblem. Därför är ett system, 
som kan hjälpa kliniker i diagnostisering av stress viktigt.  Men de stora 
individvariationerna och bristen av precisa diagnosregler gör det svårt att använda 
datorbaserat system.     
 Detta forskningsarbete har tittat på flera tekniker och metoder inom artificiell 
intelligens för att hitta en väg fram till ett intelligent sensorbaserat system för 
diagnos och utformning av behandlingsplaner inom stressområdet. För att 
diagnostisera individuell stress har fallbaserat resonerande visat sig framgångsrikt, 
en teknik som gör det möjligt att återanvända erfarenhet och förklara beslut genom 
att hämta tidigare liknande fingertemperaturprofilerar. Vidare används ”fuzzy 
logic”, luddig logik så att hantera de inneboende vagheter i domänen. Metoder och 
algoritmer har utvecklats för detta. 
 Valideringen av ansatsen baseras på nära samarbete med experter och mätningar 
från tjugofyra respektive fyrtiosex användare. En erfaren kliniker har klassificerat 
alla fall och systemet har visat sig producera resultat nära en expert. Det föreslagna 
systemet kan användas som en referens för en mindre erfaren kliniker eller som en 
”second opinion” för en erfaren kliniker i deras beslutsprocess. Dessutom har 
fingertemperatur visat sig passa bra för användning i hemmet, vid träning eller 
kontroll vilket blir möjligt ett datorbaserat stressklassificeringssystem på 
exempelvis en PC med en USB fingertemperaturmätare. 
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CHAPTER 1 

INTRODUCTION 
 

This chapter presents an introduction and outline of the thesis work. A short 
background, research questions and the research contributions are also addressed 
here. 
 
Today, medical knowledge is expanding so rapidly that clinicians cannot 
follow all progress any more. This is one reason for making computer-aided 
diagnostic systems desirable in medicine. Such systems can give a clinician 
a second opinion and give them access to new experience and knowledge. 
Recent advances in Artificial Intelligence (AI) offers methods and 
techniques with the potential of solving tasks previously difficult to solve 
with computer-based systems in medical domains. This thesis is especially 
concerned with diagnosis of stress-related dysfunctions using AI methods 
and techniques. Since there are large individual variations between people 
when looking at biological sensor signals to diagnose stress, this is a worthy 
challenge.  
 “Artificial Intelligence” is a term that encompasses two basic concepts. It 
concerns human thought processes and represents the processes using 
machines e.g., computers. Rich and Knight (1991) have defined AI as, 
“Artificial Intelligence is the study of how to make computers do things at 
which, at the moment, people are better.” Hence, AI concerns the 
application of human intelligence. Thinking and reasoning are part of 
human intelligent behaviour. Reasoning by logic in AI, can be implemented 
by applying Rule-based Reasoning (RBR) techniques. However, this is 
applicable when the domain knowledge can be represented with rules. 
Reasoning by learning can be achieved using Artificial Neural Networks 
(ANN). It requires large data sets to learn the functional relationship 
between input and output space. Reasoning by analogy and experience is the 
recognition of commonality. In humans, analogy and ability to learn from 
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applicable when the domain knowledge can be represented with rules. 
Reasoning by learning can be achieved using Artificial Neural Networks 
(ANN). It requires large data sets to learn the functional relationship 
between input and output space. Reasoning by analogy and experience is the 
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experience helps to solve a current problem (Demirali, 2011). In AI, 
reasoning by analogy can be implemented using Case-Based Reasoning 
(CBR). CBR uses cases to represent knowledge. A case is defined by 
Kolodner and Leake as (1996) “a contextualized piece of knowledge 
representing an experience that teaches a lesson fundamental to achieving 
the goals of the reasoner.” In CBR, cases are stored in a case library or case 
base.  Whenever a new problem i.e. case comes, it searches for previous 
cases with the similar problem description. The solution of a retrieved past 
case can be adapted to construct a solution to the current situation. The new 
solution can be stored as a new learned case in the case library for future 
problem solving. Unlike other AI methods, CBR does not depend on 
generalised domain knowledge. It uses knowledge that appropriates for a 
particular case or problem situation.  
 Human diagnostics is a complex process and difficult to formalise in a 
model. According to Miller and Geissbuhler (2007) human diagnostic 
reasoning depends on various cognitive activities and often consists of  
information collection, pattern identification, problem solving, decision 
making, assessment under uncertainty and empathy. Therefore, it is 
challenging to represent this reasoning in a computer in such a way that it 
can also solve medical diagnostics problems. The term decision support 
system (DSS) is defined by Little as “model-based set of procedures for 
processing data and judgments to assist a manager in his decision making” 
(Turban and Aronson, 2001). Also, Medical DSS has been defined by many 
people in many different ways. According to Shortliffe a medical DSS is 
“any computer program designed to help health professionals make clinical 
decisions” (Bemmel and Musen, 1997). Again, in (Miller and Geissbuhler, 
2007), diagnostic DSS is defined as “a computer-based algorithm that 
assists a clinician with one or more component steps of the diagnostic 
process.” The early AI systems in medical decision making emerged around 
the 1950’s and mainly developed using decision trees or truth tables. After 
that, different methods and algorithms, such as Bayesian statistics, decision-
analytical models, symbolic reasoning, neural-networks, RBR, fuzzy logic, 
CBR etc. have been introduced to build clinical DDSS. Some of the early 
DSS in the medical domain are: The MYCIN, Leeds Abdominal Pain 

                                                                             1 Introduction 

5 

 

System and HELP system. The system MYCIN uses RBR for the diagnosis 
of infectious blood diseases (Shortliffe, 1976).  The Leeds Abdominal Pain 
System helps to diagnose the cause of acute abdominal pain using Bayesian 
reasoning (de Dombal et al., 1972). HELP (Health Evaluation through 
Logical Processing) mainly generates patient-specific alarm and diagnostic 
suggestions based on a decision logic module (Kuperman et al., 1991; 
Gardner, 1999). Although clinical diagnostic DSS does not exhibit any 
significant success in routine use by clinicians or in widespread 
commercialisation, the field is continually improving. 
 Computer-based diagnostic systems can support a clinician in diagnostic 
processes and can be used as a second option/opinion. It can help to 
improve quality of diagnosis since computer systems can perform certain 
tasks much faster, efficiently and consistently than a human can, for 
example, complex and lengthy mathematical analysis of biological signals. 
It could help to reduce health care expenses, for instance in circumstances 
where the number of physicians are limited, it may assist in the initial 
diagnosis process. Moreover, being a computer system it may be easier to 
transfer experts’ knowledge through computers via internet. Nevertheless, 
even though for some tasks diagnostic DSS shows significant performance, 
in the medical domain it cannot be a replacement of a human physician, 
especially if the decision is associated to an individual’s life since it has 
several limitations compared to human intelligence (Chin, 2003).   
 Knowledge that required in the diagnosis of stress in the 
Psychophysiological domain is relatively unstructured. There is no set of 
rules to articulate the clinician’s diagnostic knowledge. Since CBR has 
shown significant performance in developing systems in rather unstructured 
domains (Surma and Vanhoof, 1996) and we need a personalised solution, 
we have applied this as a core technique for developing a computer-based 
diagnostic system in the Psychophysiological domain. Other techniques i.e. 
Fuzzy logic, Fast Fourier Transformation (FFT) are also incorporated into 
the system.  
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1.1 AIM AND OBJECTIVE 
In our modern everyday life, there are many situations that may trigger 
stress or result in an individual living with an increased level of stress 
during a long time period. It is a well-known fact that a high level of stress 
(negative stress) over time can cause serious health problems including 
cardiovascular diseases, anxiety and hyperventilation. So, diagnosis of stress 
is an important issue for health and well-being. Different treatments and 
exercises can assist to control stress. However, one of the effects of stress is 
that it can reduce bodily awareness. Hence, it is easy to miss signals such as 
high tension in muscles, unnatural breathing, blood-sugar fluctuations and 
cardiovascular functionality etc. It may take many weeks or months to 
become aware of the increased stress level, and once it is noticed, the effects 
and unaligned processes, e.g. of the metabolic processes, may need long and 
active behavioural treatment to revert to a normal state (Von Schéele and 
Von Schéele, 1999). For patients with high blood pressure and heart 
problems high stress levels may be directly life-endangering. Therefore, a 
computer-based system that can determine when a person is stressed is 
essential. 
 Diagnosis of stress often involves acquisition of biological signals for 
example finger temperature, electrocardiogram (ECG), electromyography 
(EMG) signal, skin conductance (SC)  signals etc. and is followed by a 
careful analysis by an expert. However, the number of experts to diagnose 
stress in psycho-physiological domain is limited. Again, responses to stress 
are different for different persons. So, interpreting a particular curve and 
diagnosing stress levels is difficult even for experts in the domain due to 
large individual variations. Since, manual analysis of these complex 
biological sensor signals is difficult and tedious a personalised stress 
diagnosis system to assist clinicians in the domain is valuable.  
 Clinical studies show that the pattern of variation within heart rate i.e., 
HRV and finger temperature (FT) signals can help to determine stress-
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related disorders. FT measurements can be collected using a sensor 
(comparatively low in cost) and can be used as a convenient supplementary 
tool to diagnose and control stress at home and in the workplace by a 
general user. ECG i.e., heart rate variability (HRV) on the other hand is 
most often used clinically to diagnose stress. This requires equipment 
suitable for a clinical environment and experienced clinical staff. This thesis 
is mainly motivated by a desire to develop a computer-based stress 
diagnosis system that can be used by people who need to monitor their 
stress levels during everyday situations e.g. at home, at work and in a 
clinical environment for health reasons. This can also be used by clinicians 
as a second option. The research aim of the thesis is to: Develop algorithms 
able to classify biological sensor signals e.g. such as finger temperature 
and ECG (i.e. heart rate variability) to diagnose individual stress. 

1.2 RESEARCH QUESTIONS 

In this research project, the following four research questions (RQ) have 
been formulated based on aim and objective of the work presented in the 
previous section.  
 

RQ1: What methods/techniques can be used for developing a stress   
diagnosis system?  

 Diagnosis of stress is difficult even for experts in the domain. So, the first 
question addresses the need of methods and techniques that is suitable for 
diagnosis of stress. The system will provide support in a clinical and non-
clinical environment and could possibly be used by home users in their daily 
lives.  
 
RQ2: How can we build a DSS able to assist clinicians in a complex 

medical domain when there are no clear guidelines and large 
individual variations? 
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RQ2-1: What is needed for enabling a computer aided system to 
identify individual stress level?  

 A precondition in computer aided clinical diagnosis is that measurements 
are comparable. Different patients have very different and individual 
measurement characteristics in the stress domain. It is necessary to identify 
and deploy an approach/technique for collecting measurements that enables 
uniform and reproducible diagnosis of stress levels. 
 

RQ2-2: How can essential features for stress diagnosis are 
extracted from sensor signals such as finger temperature 
and ECG?  

 The third research question addresses the issue of extracting features 
from sensor signals. It is a highly complex and partly intuitive process 
which experienced clinicians use when manually inspecting biological 
sensor signals and classifying a patient. Building a system performing well 
in such tasks using methods far beyond traditional methods (thresholds/ 
average/ min/ max) is challenging. 

1.3 RESEARCH CONTRIBUTIONS 

The research work presented in this dissertation contributes to a number of 
areas e.g., artificial intelligence in medicine, diagnostic decision support 
systems, intelligent sensor signal processing, and medical informatics. The 
contributions of the dissertation have been briefly described in the appended 
papers. Table 1.3-1 shows interconnections between the appended papers 
and contributions. 
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Table 1.3-1 Research questions and corresponding contributions 

Research 
question 

Contribution Appended  paper reference 

RQ1: What 
methods/ 
techniques can 
be used for 
developing a 
stress diagnosis 
system? 

Literature review and 
interview with domain 
experts have been done 
to understand the 
application domain and 
to determine suitable AI 
techniques/methods for 
the domain. 

Paper I 
Case-Based Reasoning Systems in the Health 
Sciences: A Survey of Recent Trends and 
Developments.  
 

Shahina Begum, Mobyen Uddin Ahmed, Peter Funk, 
Ning Xiong, Mia Folke, IEEE Transactions on 
Systems, Man, and Cybernetics--Part C: Applications 
and Reviews, IEEE, December, 2011 
 

RQ2-1:  What is 
needed for 
enabling a 
computer aided 
system to identify 
individual stress 
level?  

Define a calibration 
phase to establish a 
number of individual 
parameters to diagnose 
individual stress-related 
disorders in a computer-
aided system 

Paper II 
Using Calibration and Fuzzification of Cases for 
Improved Diagnosis and Treatment of Stress.  
 

Shahina Begum, Mobyen Uddin Ahmed, Peter Funk, 
Ning Xiong, Bo von Schéele, 
Proceedings of 8th European Conference on Case-
based Reasoning workshop proceedings, September, 
2006 
 

RQ2-2:  How can 
essential 
features for stress 
diagnosis be 
extracted from 
sensor signals 
such as finger 
temperature and 
ECG?  

Develop techniques for 
automatic feature 
extraction from the 
sensor signals i.e. FT 
and HRV signal. 
 

Paper III and Paper V 
Sensor Signal Processing to Extract Features from 
Finger Temperature in a Case-Based Stress 
Classification Scheme. 
 

Shahina Begum, 6th IEEE International Symposium on 
Intelligent Signal Processing (Special Session on 
Signal Processing in Bioengineering), August, 2009 
 

And  
 

A Decision Support System Based on ECG Sensor 
Signal in Determining Stress.  
 

Shahina Begum et. al., Submitted to the journal of 
Expert Systems with Applications. 
 

RQ2: How can we 
build a DSS able 
to assist clinicians 
in a complex 
medical domain 
when there are no 
clear guidelines 
and large 
individual 
variations? 

Define algorithms for the 
computer-based 
classification of individual 
stress level and 
implement a new DDS 
that assists clinicians in 
diagnosing stress using 
finger temperature and 
heart rate variability 
measurements.   
 

Paper IV and Paper V   
Case-Based Decision Support System for Individual 
Stress Diagnosis Using Fuzzy Similarity Matching.  
 

Shahina Begum, Mobyen Uddin Ahmed, Peter Funk, 
Ning Xiong, Bo von Schéele,  
The Journal of Computational Intelligence vol. 
25,p180-195(16), Blackwell Publishing, August, 2009 
 

And 
 

A Decision Support System Based on ECG Sensor 
Signal in Determining Stress.  
 

Shahina Begum et. al.,Submitted to the journal of 
Expert Systems with Applications.
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The following are the specific contributions presented in this dissertation.   
- A survey on trends and developments of recent medical CBR systems 
has been done. 
 

- A case-based reasoning system is developed to prove that it is possible 
to make complex diagnosis in domains previously only manually 
diagnosed. This shows that artificial intelligence enables decision support 
systems in complex and weak domains such as stress diagnosis domain. 
 

- A novel combination of calibration phase and AI methods and 
techniques are explored to propose methods and techniques enabling 
individual diagnosis.  
 

- It is shown how a fuzzy similarity matching algorithm improves 
system performance by handling uncertainty inherently existing in the 
clinicians’ reasoning process of stress diagnosis. 
 

- A novel feature extraction technique to extract features from slowly 
varying physiological sensor signal i.e. Finger Temperature or ECO2 is 
presented. 
 

- The system shows how a uniform hybrid case can be formalised 
combining time and frequency domain features which represent the heart 
rate variability signal.   
 

- Evaluation of the system reveals that the proposed algorithm has the 
potentiality to be applied in clinical as well as in non-clinical 
environments for diagnosis of personalised stress levels. 

1.4 THESIS OUTLINE 

The dissertation is composed of two parts; part-I is a framework and part- II 
contains the five appended papers. Part I contains the chapters:  
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 Chapter 1: ‘Introduction’ presents an introduction and outline of the 
thesis work. A short background, research questions and the research 
contributions are also addressed here. 

Chapter 2: ‘An overview of the application domain’ describes the 
background of the problem domain upon which the research is based on.  

Chapter 3: ‘Approaches and methods’ describes the background of the 
methods upon which the research is based on. It discusses case-based 
reasoning, fuzzy logic and Fast Fourier Transformation techniques. The 
theoretical overview of these methods will help to provide a better 
understanding of the next chapters to the readers. The limitations and 
advantages of the methods and justification for using the methods will be 
further addressed in the discussion chapter. 

Chapter 4: ‘Stress diagnosis system’  explains the steps of stress 
diagnosis, the scientific basis for sensor signals such as finger temperature 
and heart rate variability and how a computer-based system is designed to 
perform diagnosis and provide clinicians with decision support 
functionality. The chapter also presents a proposed design for a computer 
based diagnosis system that has been implemented in a prototype for 
evaluation.  

Chapter 5: ‘Evaluation’ The evaluation of the decision support system is 
presented in this chapter.  

Chapter 6: ‘Discussion, conclusion and future work’ this chapter 
summaries the thesis contributions and discusses the issues related to 
justification of using the selected methods and physiological parameters. It 
also presents a discussion about the evaluation and results of the system. 
The boundaries and limitation of the system is also included at the end of 
the chapter. Further, it presents conclusions drawn from the research work. 
It also discusses the research issues that remain to be solved. 
 Part-II of this thesis contains chapter 7, chapter 8, chapter 9, chapter 10 
and chapter 11which present the complete versions of the paper I, paper II, 
paper III, paper IV and paper V respectively.  
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presented in this chapter.  

Chapter 6: ‘Discussion, conclusion and future work’ this chapter 
summaries the thesis contributions and discusses the issues related to 
justification of using the selected methods and physiological parameters. It 
also presents a discussion about the evaluation and results of the system. 
The boundaries and limitation of the system is also included at the end of 
the chapter. Further, it presents conclusions drawn from the research work. 
It also discusses the research issues that remain to be solved. 
 Part-II of this thesis contains chapter 7, chapter 8, chapter 9, chapter 10 
and chapter 11which present the complete versions of the paper I, paper II, 
paper III, paper IV and paper V respectively.  
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CHAPTER 2 

AN OVERVIEW OF THE 
APPLICATION DOMAIN 

 
This chapter describes the background of the problem domain upon which the 
research is based.  
 

Psychophysiology is a branch of psychology which studies the 
interrelationships between the physiological and psychological aspects of 
behaviour. According to Darrow (1964), Psychophysiology is “the science 
which concerns physiological activities which underlie or relate to psychic 
events”. Andreassi (1995) has defined it as, “the study of relations between 
psychological manipulations and resulting physiological responses, 
measured in the living organism, to promote understanding of the relation 
between mental and bodily processes.” Cacioppo et al.  (2007) state that 
“Psychophysiology is intimately related to anatomy and physiology but is 
also concerned with psychological phenomena – the experience and 
behaviour of organisms in the physical and social environment”. It studies 
the interconnection between body and mind. If a person is informed about 
this mind-body connection, he/she can utilize this knowledge and control 
psychophysiologic activity which could improve health (John et al. 2000). 
So, for instance, a physical disease can be treated psychologically or vice-
versa.  Stress medicine is a branch of applied psychophysiology where the 
assessment and treatment of stress-related dysfunctions is clinically studied. 
In stress medicine, psychophysiologists investigate scientific ways to 
prevent and treat stress-related dysfunctions (i.e., mainly with behavioural 
approaches). 
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2.1 STRESS 

Stress is an inevitable part of our human life. No one can live without stress. 
If there is not enough stress, individual performance decreases because of 
lack of motivation and if it is too high then it also diminishes performance 
due to stress-related disorders. “One of the difficulties about stress is that it 
can work for you or against you, just like a car tire. When the pressure in 
the tire is right, you can drive smoothly along the road: if it is too low, you 
feel all the bumps and the controls feel sluggish. If it is too high, you bounce 
over the potholes, and easily swing out of control” (Butler and Hope, 1995). 
So, there are two main types of stress: 1) Eustress or positive stress which is 
good for our health and 2) Distress or negative stress which is harmful for 
our health. Optimal level of stress increases performance but it is different 
for different people. Some people are able to identify their optimal level of 
stress for better performance in their daily life although this is not easy. 
Some can become “blind” to dysfunctional stress, especially when it 
develops gradually. Long-term exposure to stress i.e. when the emergency 
stress response is prolonged i.e. out of its functional context for most of the 
time,  may in the worst case cause severe mental and/or physical problems 
that are often related to different kind of psychosomatic disorders, coronary 
heart disease etc. Symptoms of stress could be physiological (e.g. headaches 
and fatigue), cognitive (e.g. difficulty in concentration) and emotional (e.g. 
increased anger and anxiety). These symptoms of stress are also different 
for different people not only in “content” but also in terms of intension and 
durations. 
 The term ‘stress’ was first introduced by Hans Selye in the 1950s. Selye 
(1976) defined stress as a "non-specific response of the body to any 
demand". Stress is our body’s response to any threat to defend the body 
from its potential harm. Another commonly used definition of stress given 
by Lazarus (1966) is "stress occurs when an individual perceives that the 
demands of an external situation are beyond his or her perceived ability to 

                                                                                   2.1 Stress 

17 

 

cope with them". Individual response to a situation or “thing” can be varied 
for a number of reasons and depends also on one’s coping capability or 
estimation of one´s own capacity. "Since appraisal, emotions, and coping 
patterns ebb and flow in a person's changing commerce with the 
environment, a new type of assessment is needed that measures process and 
variation within individuals and across situations, as well as structure and 
stability" (Lazarus, Cohen, Folkman, Kanner and  Schaefer's, 1980, p. 113). 
  The three key components of stress defined in (Lazarus and Folkman, 
1984) are:  

- Situation and demands i.e., some external physical or psychological 
environment that causes stress. For example, job change, financial 
problems etc. are referred to as stressors.  
- Appraisal of the situation i.e. how a person interprets the situation. For 
example, a person might take a huge work load without being worried 
and the same amount of work could make another person worried 
thinking how to cope with that situation. A further perspective relates to 
how we anticipate events, where one person can anticipate problems in 
advance. That anticipatory stress reaction prevents the person to perform 
some action while another person does the opposite. So, individuals’ 
mental state, ways to anticipate beforehand and ways to appraise 
situations in “real time” determine whether stress occurs or not. 
- Resources i.e., individual’s capability to cope or deal with the stress 
situation. For example, two persons can be stressed in a situation. 
However, one might think that he has enough resources to cope with the 
problem and the other might not. So, these two people will respond 
differently to that situation. If their predicted coping actions are not 
successful they need to consider their prediction efficacy, increase their 
coping performance or modify their self-efficacy (Bandura, 1994).  

 Therefore, stress can result from our inability to appraise a situation and 
judged demand. It can also vary depending on our resources for coping with 
the situation. In our everyday life, we can react to certain events or facts that 
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may produce stress (i.e. via appraisal of the external stimulus) and our 
body’s central nervous system activates to release stress significant 
hormones to protect ourselves. This is called the “fight-or-flight” reaction, 
or the stress response, which concerns complex interactions between many 
systems but where the nervous system plays a crucial role.  

2.1.1 Physiology of the Stress Response 

The human nervous system is divided into two main parts, the voluntary 
system and autonomic system. The autonomic nervous system is divided 
into two parts: sympathetic and the parasympathetic nervous system. The 
sympathetic nervous system (SNS) works to protect our body against threats 
by stimulating the necessary glands (i.e. thyroid and adrenal glands) and 
organs. It decreases the blood flow to the digestive and eliminative organs 
(i.e. the intestine, liver, kidney etc.) and enhances the flow of blood to the 
brain and muscles. The thyroid and adrenal glands also supply extra energy. 
As a result the heart rate speeds up, blood pressure increases, digestion 
decreases and the peripheral blood vessels constrict i.e. vasoconstriction, 
favoring blood distribution to large muscle groups which slows down the 
flow of blood etc. The SNS thus activates the body for the fight-or-flight 
response to stress. The parasympathetic nervous system counteracts the 
fight-or-flight response to return the body to its normal state. It stimulates 
digestion, the immune system and eliminative organs etc. to rebuild the 
body (Wilson, 2008).  

 When our brain appraises stress, the sympathetic nervous system 
stimulates the hypothalamus, and prepares the brain to respond to stress (see 
Fig. 2.1-1). The SNS stimulates the adrenal gland to release the hormone 
Adrenaline into the blood supply. It also releases Noradrenalin to the nerve 
endings and activates various smooth muscles. These hormones decrease 
digestion, increase the heart rate, increase metabolic rate, dilates blood 
vessels in the heart and other muscles and constricts the skin blood vessels 
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i.e. decreases skin temperature etc. The Hypothalamus also releases 
Corticotropin-releasing hormone (CRH) which activates the pituitary gland 
to release the Adrenocorticotropin hormone (ACTH). ACTH then travels 
through the blood supply and stimulates the adrenal glands to release 
Cortisol into the blood supply. Thus, the human body supplies energy and 
oxygen, and provides stimulation to the heart, muscles, brain and other 
organs to help the body respond to stress. 

 

Figure 2.1-1 Physiology of the stress response  

When the brain receives the information that the stress situation is over, 
the parasympathetic nervous system helps to return the hormones to the 
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baseline levels as well as the SNS. Thus, the SNS activates during stress and 
helps to release stored energy. On the other hand, the parasympathetic 
nervous system performs the opposite function i.e. returns the body to its 
normal state. So, due to a stress response the body releases large amount of 
energy immediately and this reaction to stress can affect many physiological 
mechanisms. To diagnose psychophysiological dysfunctions such as stress, 
clinicians often consider the balance between the activities in the 
sympathetic and parasympathetic nervous systems. A general overview of 
stress activity to our body is given in Fig. 2.1-2. 
 

 

Figure 2.1-2 General overview of the stress response 
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2.2 PHYSIOLOGICAL PARAMETERS TO MEASURE 
STRESS       

Some physiological parameters that are commonly used to measure stress 
include; skin conductance, skin temperature, respiration e.g. end-tidal 
carbon dioxide (ETCO2), electromyography (EMG), electrocardiography 
(ECG), heart rate e.g. calculating respiratory sinus arrhythmia (RSA), heart 
rate variability (HRV), electroencephalography (EEG), brain imaging 
techniques, oculomotor and pupilometric measures etc.  
 

 

Figure 2.2-1 Biofeedback training using physiological sensor signals 

 Biofeedback training is an effective method for controlling stress where 
the patient can alter their physiological and/or psychological state while 
observing measurement changes. From prior education they are able to see 
and understand how a positive or negative psychophysiological change is 
represented on the graph and can behaviourally train the body and/or mind 
to change the biological response to improve their condition. A biofeedback 
training session with physiological sensor signal is shown in Fig. 2.2-1. 
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2.2.1 Finger Temperature and Stress 

In general, finger temperature decreases when a person is stressed and 
increases during relaxation or in a non-stressed situation. This relates to 
mainly sympathetic intervention of the alpha-receptor in the vascular bed. 
When relaxation occurs, activity of the sympathetic nervous system 
decreases as well as the intervention of the alpha receptors, which leads to 
increased dilation of the blood vessels which increases blood flow and 
temperature. The reverse situation occurs during stress i.e. the sympathetic 
nervous system activates causing a vessel constriction and also thereby 
decreases in peripheral circulation which leads to decreased skin 
temperature.  Thus, blood flow in the finger and temperature also responds 
to changes in emotional state. In clinical practice, the activities of the 
automatic nervous system (i.e. balance between the sympathetic and 
parasympathetic nervous systems) are monitored as a part of diagnosis of 
psychophysiological dysfunctions. Therefore, the rise and fall of finger 
temperature as illustrated in Fig. 2.2-2 can help to diagnose stress-related 
dysfunctions or dysfunctional behaviours. The reason is that FT mainly 
more clearly identifies SNS in the complex SNS-PNS interaction. In 
addition FT is easier to understand and observe as the stress “accelerator” 
and a decrease of FT reflects stress. It is also an effective parameter for 
patients with Raynaud's syndrome (Caramaschi et al., 1996), where Nitric 
Oxide in the endothelia also plays an important role. Some conventional 
methods of diagnosing stress include measuring one or mostly a 
combination of the following: ETCO2, heart rate e.g. calculating the RSA 
and HRV as well as FT. One of the advantages of using FT in diagnosing 
stress is also that the diagnosis and biofeedback training is often less 
expensive than using these other conventional measures, which require 
equipment not suitable for use in a non-clinical environment and cannot be 
used without experienced clinical staff. Since it is not always possible to 
provide clinical staff with laboratory facilities to measure many different 
parameters (often using many sensors) a supplementary convenient tool that 
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can be used at any time and any place to diagnose and control stress for a 
general user is important. A temperature sensor can be used to collect finger 
temperature by attaching it to the finger. The FT signals from the sensor 
readings can be transmitted as an electronic signal to a computer screen. 
Thus it can serve as a convenient method to diagnose and treat stress i.e. 
give biofeedback to normalise stress-related dysfunctions at home and at 
work for general users. Also it can be used as an auxiliary medical system 
for clinical treatment. 
 

 

Figure 2.2-2 Variations on finger temperature measurement with stress in the 
different test phases. Condition 3 and 5 followed by condition 1(baseline) and 
condition 2(deep breath) are stress and relax and finally, condition 5 and 6 show 
the math stress and relax  

 Ideally, temperature is monitored repeatedly for short intervals during a 
longer period, i.e. a week, to determine the temperature consistency or 
pattern of the person. Some example signals are illustrated to show the 
individual variations. It has been observed from the measurements that 
different people have different representative temperatures, e.g. some may 
have representative temperature of 27° C as the lowest temperature while 
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for other people 32° C may be the lowest. An example of different 
representative temperature is illustrated in Fig. 2.2-3 and 2.2-4 for two 
different people (Individual A and Individual B). 
 

 

Figure 2.2-3 Individual A. Variations of the representative temperature dependent 
on the individual  

 

 

 

 

 

 

 

  

Figure 2.2-4 Individual B. Variations of the representative temperature dependent 
on the individual  
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Figure 2.2-5 Finger temperature for a person before (orange) and after (blue) lunch  

 Changes in temperature before and after meals can be pronounced in 
some individuals as shown in Fig. 2.2-5.  
 

 

 

Figure 2.2-6 The person cannot eliminate stressful thoughts in the ‘relax condition’ 
in step 4  
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Figure 2.2-7 A student before the thesis presentation  

 Stress responses are different for different people and so are the coping 
capabilities. An individual’s capability to cope with stress is also important 
to identify when measuring stress levels. A patient can be classified 
depending on their stress reaction and recovery capacity. Moreover, reaction 
time is also another important factor to consider in making a proper 
individual treatment plan. For instance, in Fig. 2.2-6 the person was thinking 
of a stressful event in their life during stress conditions in step 3 and the 
finger temperature was decreasing. In step 4, the person had to relax but did 
not succeed in relaxing quickly. 

The finger temperature measurement in Fig. 2.2-7 is shown for a student 
before his master’s thesis presentation. He explains that he was so stressed 
before the presentation that he could not recover from the stress in the next 
stages. Three common situations have been observed while collecting the 
FT measurement: a. finger temperature decreases with increasing stress 
which is the most common situation, b. finger temperature increases with 
increasing stress i.e. paradoxical relation (e.g., observed in severe post 
traumatic stress disorders) and c. little or no changes i.e. the temperature 
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remains stable when a person is experiencing stress, this is exceptional but 
might happened for some people. This might be related to rigid biological 
behaviours which might be related to chronic stress or it might be that the 
subject is very cool and does not appraise (pre- and cognitively) stress. In 
such cases clinical expertise is important. In general, finger temperature 
decreases when a person is stressed and increases during relaxation or in a 
non-stressed situation. So, the indication of a person’s stress condition can 
be obtained from the individual temperature variations. 

2.2.2 Heart Rate Variability and Stress 

The heart rate (HR) signal is non-stationary (Kauffmann et al., 1988) and 
the signal pattern is also different for different people (Kemper et al., 2007). 
Even the range of the signal depends on the type of population like men, 
women, infants, and the physical condition like healthy or sick. Heart rate 
variability (HRV) depicts the activity of the autonomous nervous system and 
is thereby commonly used as a quantitative indicator of stress (Vascillo and 
Lehrer, 2000). There are several ways to measure heartbeat namely pulse 
oximeter, ECG and photoplethysmographic (PPG). A pulse oximiter is used 
mainly for measuring the oxygen saturation in the blood and blood volume 
changes in skin (Jubran et al., 1999). But most of the monitoring systems 
also provide HR. PPG is a newly developed sensor system that can also be 
used for measuring the HR by considering pulse (Nilsson et al., 2007). But 
this is not as accurate as with ECG while the peak to peak for calculating 
HR is not sharp and in many patient populations not distinct enough. In 
clinical work PPG identified HR can only be done if the blood volume wave 
is clearly observed visually. However, ECG is a standard way to measure 
HR and is still considered the best and widely used approach. Willem 
Einthoven received the Nobel Prize1 in Physiology or Medicine for the 
discovery of the mechanism of the electrocardiogram in 1924. The ECG 

                                                      
1 Nobel Prize, http://nobelprize.org/nobel_prizes/medicine/laureates/1924/ 



                                                           2.2 Physiological Parameters to Measure Stress  

26 

 

 
 

Figure 2.2-7 A student before the thesis presentation  

 Stress responses are different for different people and so are the coping 
capabilities. An individual’s capability to cope with stress is also important 
to identify when measuring stress levels. A patient can be classified 
depending on their stress reaction and recovery capacity. Moreover, reaction 
time is also another important factor to consider in making a proper 
individual treatment plan. For instance, in Fig. 2.2-6 the person was thinking 
of a stressful event in their life during stress conditions in step 3 and the 
finger temperature was decreasing. In step 4, the person had to relax but did 
not succeed in relaxing quickly. 

The finger temperature measurement in Fig. 2.2-7 is shown for a student 
before his master’s thesis presentation. He explains that he was so stressed 
before the presentation that he could not recover from the stress in the next 
stages. Three common situations have been observed while collecting the 
FT measurement: a. finger temperature decreases with increasing stress 
which is the most common situation, b. finger temperature increases with 
increasing stress i.e. paradoxical relation (e.g., observed in severe post 
traumatic stress disorders) and c. little or no changes i.e. the temperature 

Time in minutes

T
e
m

p
e
r
a

tu
r
e
 i

n
 d

e
g

r
e
e
 

C
e
ls

iu
s  

                                                           2.2 Physiological Parameters to Measure Stress  

27 

 

remains stable when a person is experiencing stress, this is exceptional but 
might happened for some people. This might be related to rigid biological 
behaviours which might be related to chronic stress or it might be that the 
subject is very cool and does not appraise (pre- and cognitively) stress. In 
such cases clinical expertise is important. In general, finger temperature 
decreases when a person is stressed and increases during relaxation or in a 
non-stressed situation. So, the indication of a person’s stress condition can 
be obtained from the individual temperature variations. 

2.2.2 Heart Rate Variability and Stress 

The heart rate (HR) signal is non-stationary (Kauffmann et al., 1988) and 
the signal pattern is also different for different people (Kemper et al., 2007). 
Even the range of the signal depends on the type of population like men, 
women, infants, and the physical condition like healthy or sick. Heart rate 
variability (HRV) depicts the activity of the autonomous nervous system and 
is thereby commonly used as a quantitative indicator of stress (Vascillo and 
Lehrer, 2000). There are several ways to measure heartbeat namely pulse 
oximeter, ECG and photoplethysmographic (PPG). A pulse oximiter is used 
mainly for measuring the oxygen saturation in the blood and blood volume 
changes in skin (Jubran et al., 1999). But most of the monitoring systems 
also provide HR. PPG is a newly developed sensor system that can also be 
used for measuring the HR by considering pulse (Nilsson et al., 2007). But 
this is not as accurate as with ECG while the peak to peak for calculating 
HR is not sharp and in many patient populations not distinct enough. In 
clinical work PPG identified HR can only be done if the blood volume wave 
is clearly observed visually. However, ECG is a standard way to measure 
HR and is still considered the best and widely used approach. Willem 
Einthoven received the Nobel Prize1 in Physiology or Medicine for the 
discovery of the mechanism of the electrocardiogram in 1924. The ECG 

                                                      
1 Nobel Prize, http://nobelprize.org/nobel_prizes/medicine/laureates/1924/ 
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sensor signal reflects changes in electrical potential over time. It represents 
the variations in beat-to-beat alteration in the heart rate. The changes in 
electrical potential over time that is reflected in the ECG signal 
measurement can be used to diagnose stress-related disorders.   
 A heartbeat is the physical contraction of the heart muscle and the trace 
of each heartbeat consists of these three complexes i.e. P, R, and T. The 
heartbeat is initiated with the firing of the Sinoatrial (SA) node which is the 
dominant peacemaker of the heart. The four chambers of the heart are called 
the right atrium, right ventricle, left atrium and left ventricle (Carr and 
Brown, 2001). The upper chambers: the right and left atriums make the first 
wave-the ‘P wave (depolarization)’. The next flat line shows the electrical 
impulse goes to the bottom chambers. The bottom chambers: the right and 
left ventricles make the ‘QRS complex wave (depolarization)’. The resting 
period of the ventricle represents the ‘T wave (re-polarization)’ as shown in 
Fig. 2.2-8. Thus, the ECG represents each electrical event of the cardiac 
signal with a distinct waveform.  

 
 

 

Figure2.2-8 ECG signal in QRS complex wave form 

One example is shown in Fig 2.2-8. When a person is stressed the 
sympathetic nervous system increases the SA firing rate and thereby reduces 
the inter-beat interval (Israel et al., 2005). The sympathetic activity leads to 
an increase in HR, while parasympathetic activity decreases the HR. 
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However, changes in SNS and PSNS are not always possible to determine 
based only on changes in HR. For example, an increased HR can be caused 
by the increase of SNS input and/or decrease of PNS input. Analysis of 
fluctuations in beat-to-beat periods could provide the contributions from 
SNS and PSNS activities. Thus, the sympathetic and parasympathetic 
activity is reflected in HRV and has become a popular parameter to 
investigate the state of the ANS (Kumar et al., 2007; Jovanov et al. 2003; 
Jovanov et al. 2002). However, HRV can be different for different persons 
(Kemper et al., 2007) due to age, sex, physical condition i.e. healthy or sick 
etc. HRV can be used to quantify individual stress (Bansal et al., 2009) 
however individual variations make it difficult to use it in a computer-aided 
system.   
  

 

Figure 2.2-9 Variations of heart rate signal during different test conditions  

The ECG represents the electrical activity in the heart during the 
ventricular contraction using the QRS complex. The time period between 
the consecutive heartbeats (or RR intervals) can be detected from the QRS 
complex. The measurement of the HRV analysis can be obtained from the 
RR interval.  
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 An example of the ECG measurement is shown in Fig. 2.2-9 
demonstrating the variations in heart rate during different phases. 
 Slow paced breathing to increase the amplitude of RSA has been 
proposed as a treatment for a variety of stress-related dysfunctions (Lehrer 
et al., 2000). Frequency domain analysis is the spectral analysis of HRV. 
The HRV spectrum has high frequency component ranging from 0.18 to 0.4 
Hz which is due to respiration. RSA is usually reflected in high-frequency 
HR oscillations (0.18–0.4 Hz). The low frequency component ranges from 
0.04 to 0.15 Hz which appears due to both the vagus and cardiac 
sympathetic nerves (Berntson et al., 1997). It is the ratio of the low to high 
frequency spectra which can be used as an index of parasympathetic 
balance. Therefore, HRV analysis can help to diagnose the stress level of a 
patient. In time domain analysis either the HR at any point in time or the 
intervals between successive normal complexes are identified. Statistical 
methods are used for the time domain analysis. A detailed description is 
available in chapter 4.  
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CHAPTER 3 

APPROACHES AND METHODS 
 
This chapter describes the background of the methods which the research is based 
on. It discusses the techniques of case-based reasoning, fuzzy logic and Fast 
Fourier Transformation. The theoretical overview of the methods will help to 
provide a better understanding of the next chapters to the readers. The 
limitations/advantages of the methods and justification of using the methods will be 
further addressed in the discussion chapter. 
 
Case-based Reasoning (CBR) is applied as a core methodology to develop 
the system and the other methods i.e., Fuzzy logic, Fast Fourier 
Transformation (FFT) are also used in developing the system. Besides, 
some of the statistical methods i.e., Square of the correlation coefficient or 
Goodness-of-fit, Absolute mean difference and Sensitivity and specificity 
tests applied during the system evaluation are described here. 

3.1 CASE-BASED REASONING  

CBR is a subfield of AI. In recent years, it has been applied in developing 
commercial industrial as well as medical applications. The origin of CBR 
stems from the work of Schank and Abelson in (1977) at Yale University. 
Schank (1982) emphasises that “remembering is at the root of how we 
understand... at the root of how we learn.” They have explored that new 
experiences reminds us of previous situations or the situation pattern. It 
could help us to avoid the mistakes that have been made in the past and 
learn eventually. The first CBR system CYRUS (Kolodner, 1983a), 
(Kolodner, 1983b) was developed by Janet Colodner. She employed 
knowledge as cases and used the indexed memory structure. Many of the 
early CBR systems such as CASEY (Koton, 1989), and MEDIATOR 
(Simpson, 1985) were implemented based on CYRUS’s work. According to 
Kolodner (1993) “In case-based reasoning, a reasoner remembers previous 
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situations similar to the current one and uses them to help solve the new 
problem”. So, learning from the past and solving new problems based on 
previously solved cases is the main approach of CBR. Consider a car 
diagnosis problem. Suppose, Mr. X’s car has stopped and he might start to 
think what has gone wrong with the car?  Suddenly he remembers that last 
time when the car stopped, there was no petrol. Is there petrol now? He 
found that there is petrol. So, he starts to think more and remembers what 
happened to Mr. Y who decides to charge the battery since the car has 
stopped and additionally the lights were also not working for his car. So, 
this is the way how we often reason in our daily life and solve problems 
without a deep understanding of the problem. Accodring to Riesbeck and 
Schank (1989) “a case-based reasoner solves new problems by adapting 
solutions that were used to solve old problems”. This approach is thus 
inspired by humans and how we typically reason when solving problems.  

3.1.1 Case 

The first step in developing a CBR system is to determine how to formulate 
a case. A case represents a piece of knowledge as experience and plays an 
important role in the reasoning process. Watson (1997) defined cases as “a 
contextualized piece of knowledge representing an experience.” So, cases 
can be instances of things or a part of a situation that we have experienced. 
The case comprises unique features to describe a problem. Cases can be 
presented in different ways (Watson, 1997). To provide the solution of a 
new case, the cases can be represented using a problem and solution 
structure (Case structure A, Fig. 3.1-1). For the evaluation of a current case, 
cases can also contain the outcome/result (Case structure B, Fig. 3.1-1). The 
traditional problem solution structure may not sufficient enough in some 
medical domain since the outcome is as important as the diagnosis. 
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Figure 3.1-1 Case structure  

 The two main components of a case are the problem and solution. Fig. 
3.1-2 shows an example of a problem part that contains features and values. 
 

 
   
 
 
 
 
 
 

Figure 3.1-2 Problem part of a case 

The solution part of this case is shown in Fig. 3.1-3 
 
 
 
 

Figure 3.1-3 Solution part of a case 

The problem part contains features that state the problem situation. This 
problem part can be seen as a part of the problem space and solution part 
belongs to the solution space (Watson, 1997) as shown in Fig. 3.1-4.  

In the figure, “?”: Represents a new problem case, which can be solved 
by retrieval of a similar case from the problem space 
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X : an adaptation of a solution from the solution space  
 

 

Figure 3.1-4 Problem and solution part of a case resides in the problem and 
solution space respectively 

 Whenever a new problem case comes it is positioned in the problem 
space and searches for similar cases with a similar problem description. 
Thus, for a new problem case, a CBR system matches the problem part of 
the case against cases in the so called case library and retrieves the solutions 
of the most similar cases. These are suggested as solution after adapting it to 
the current situation. 

3.1.2 Case Library 

In CBR, past cases are stored in a case library or case base (see Fig. 3.1-5). 
“The case library, from a cognitive science perspective, is a kind of 
"episodic memory" that represents the problem solving experience of our 
computational entity” (Simpson, 2011). The case library can be used as an 
important source of knowledge in a CBR system.  
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Figure 3.1-5  Example of a case library in a CBR system 

 So, it should contain representative problems that cover a problem space 
efficiently. If the case library contains low quality cases e.g. contains 
erroneous information then the quality of the decision will be low. The 
number of cases to cover a problem space can vary and depending on the 
problem domain at hand. The case library could accommodate new 
knowledge dynamically and could evolve with time.     

3.1.3 The Case-Based Reasoning Cycle 

Aamodt and Plaza have introduced a life cycle of CBR (Aamodt, 1994) 
which is a four-step model with four Re-s, as shown in Fig. 3.1-6. The four 
Re-s: Retrieve, Reuse, Revise and Retain represent the key tasks to 
implement such a cognitive model. These steps are most often designed 
based on the particular application at hand. They will now be described here 
focusing on issues in medical CBR systems. Interesting publications which 
looked at the early influential CBR systems in the health sciences include 
(Bichindaritz 2006; Holt 2006; Montani 2007; Montani 2008 and Begum 
2011) 

Case n
Problem Solution Case 4

Problem Solution Case 3
Problem Solution Case 2

Problem Solution Case 1
Problem Solution 

New Case 

New Problem 

Similarity  
matching 



                                                      3.1 Case-Based Reasoning 

36 

 

X : an adaptation of a solution from the solution space  
 

 

Figure 3.1-4 Problem and solution part of a case resides in the problem and 
solution space respectively 

 Whenever a new problem case comes it is positioned in the problem 
space and searches for similar cases with a similar problem description. 
Thus, for a new problem case, a CBR system matches the problem part of 
the case against cases in the so called case library and retrieves the solutions 
of the most similar cases. These are suggested as solution after adapting it to 
the current situation. 

3.1.2 Case Library 

In CBR, past cases are stored in a case library or case base (see Fig. 3.1-5). 
“The case library, from a cognitive science perspective, is a kind of 
"episodic memory" that represents the problem solving experience of our 
computational entity” (Simpson, 2011). The case library can be used as an 
important source of knowledge in a CBR system.  
 
 

P
P 

P 
P

P P P

S
S S

S

S S
S 

X

Problem 

Solution 

                                                      3.1 Case-Based Reasoning 

37 

 

 

Figure 3.1-5  Example of a case library in a CBR system 

 So, it should contain representative problems that cover a problem space 
efficiently. If the case library contains low quality cases e.g. contains 
erroneous information then the quality of the decision will be low. The 
number of cases to cover a problem space can vary and depending on the 
problem domain at hand. The case library could accommodate new 
knowledge dynamically and could evolve with time.     

3.1.3 The Case-Based Reasoning Cycle 

Aamodt and Plaza have introduced a life cycle of CBR (Aamodt, 1994) 
which is a four-step model with four Re-s, as shown in Fig. 3.1-6. The four 
Re-s: Retrieve, Reuse, Revise and Retain represent the key tasks to 
implement such a cognitive model. These steps are most often designed 
based on the particular application at hand. They will now be described here 
focusing on issues in medical CBR systems. Interesting publications which 
looked at the early influential CBR systems in the health sciences include 
(Bichindaritz 2006; Holt 2006; Montani 2007; Montani 2008 and Begum 
2011) 

Case n
Problem Solution Case 4

Problem Solution Case 3
Problem Solution Case 2

Problem Solution Case 1
Problem Solution 

New Case 

New Problem 

Similarity  
matching 



                                                      3.1 Case-Based Reasoning 

38 

 

 

Figure 3.1-6 Aamodt and Plaza’s CBR cycle (Aamodt, 1994) 

- Retrieve: Case retrieval is a major phase in the CBR cycle where 
matching between two cases plays a vital role. The retrieval step is essential 
especially in medical applications since lack of similar cases may lead to a 
less informed decision. The reliability and accuracy of the diagnosis system 
depends on the storage of cases/experiences and on the retrieval of all 
relevant cases and their ranking. The retrieved cases are ranked on the basis 
of their similarity in matching the features of the new case and often the 
highest ranked case is proposed as the solution to the new case. In new areas 
of medical research such as diagnosis of stress related to 
psychophysiological issues, the domain knowledge is often not well 
understood. Therefore, retrieving a single matching case as a proposed 
solution may not be sufficient for the decision support system in this 
domain. The comparison of a new case with old cases from the case base 
could be carried out by applying different similarity matching algorithms. 
One of the commonly used similarity measurement techniques is the 
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Nearest-neighbour algorithm (Watson, 1997), (Kang and Lau, 2002). A 
standard equation (shown in equation 3.1-1) for the nearest-neighbour is: 
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Where C is a current/target case, S is a stored case in the case base, w is the 
normalized weight, n is the number of attributes/features in each case, f is 
the index for an individual attribute/feature and sim(Cf, Sf) is the local 
similarity function. Generally there are two ways to specify the values of 
weights for individual features. One way is to define weights by experts in 
terms of the domain knowledge, while the other is to learn or optimize 
weights using the case library as an information source. The fuzzy similarity 
matching algorithm, which is another retrieval technique, is presented in 
section 5.  
- Reuse and revise: The retrieved cases are sent to the reuse step (see Fig. 
3.1-6) where the solution of a past case can often be adapted to find a 
suitable solution for a new case. A user can adapt solutions e.g. a 
combination of two solutions from the list of retrieved and ranked cases in 
order to develop a solution to the problem in a new case. The 
clinician/expert determines if it is a plausible solution to the problem and 
makes modifications to the solution. The case is then sent to the revision 
step where the solution is verified manually for correctness and is presented 
as a confirmed solution to the new problem case. In the medical system, 
there is not much adaptation, especially in a decision support system where 
the best cases are proposed to the clinician as suggestions of solutions and 
when the domain knowledge is not clear enough (Watson, 1997).  
- Retain: Finally, this new solved case is added to the case base 
functioning as a learning process in the CBR cycle and allows the user to 
solve a future problem by using this solved case. Retaining a new solved 
case could be done manually based on the clinician or expert’s decision. 
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3.2 FUZZY LOGIC 

Fuzzy set theory has successfully been applied in handling uncertainties in 
various application domains (Jang, 1997) including the medical domain. 
Fuzzy logic was introduced by Lotfi Zadeh, a professor at the University of 
California at Berkley in 1965 (Zadeh, 1965). The use of fuzzy logic in 
medical informatics began in the early 1970s. The concept of fuzzy logic 
has been formulated from the fact that human reasoning particularly, 
common sense reasoning is approximate in nature. So, it is possible to 
define inexact medical entities as fuzzy sets. Fuzzy logic is designed to 
handle partial truth i.e. truth values between completely true and completely 
false. For instance, Fuzzy logic allows a person to be classified as both 
young and old to be true at the same time. It explains fuzziness that exists in 
human thinking processes by using fuzzy values instead of using crisp or 
binary values. It is a superset of classical Boolean logic. In fuzzy logic, 
exact reasoning is treated as a special case of approximate reasoning. 
Everything in fuzzy logic appears as a matter of some degree i.e. degrees of 
membership function or degrees of truth. Using height classification as an 
example (Table 3.2-1), in Boolean logic if we draw a crisp boundary at 180 
cm (Fig. 3.2-1), we find that Jerry, who is 179 cm, is small, while Monica is 
tall because her height is 181 cm. At the same time, using fuzzy logic all 
men are “tall”, but their degrees of membership depend on their height. So 
for instance, if we consider Jerry is tall we can say the degree of truth of the 
statement ‘Jerry is tall’ is 0.78. A graph of this example interpreted as a 
degree of membership is given in Fig. 3.2-1. Where, the X-axis is the 
universe of discourse which shows the range of all possible values for an 
input variable i.e. men’s heights. The Y-axis represents the degree of 
membership function i.e. the fuzzy set of tall men height values mapped into 
corresponding membership values (Fig. 3.2-2). 
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Table 3.2-2 The classical ‘tall men’ example using Crisp and Fuzzy values 

Name Height, cm Degree of membership 

  Boolean Fuzzy 

John 208 1 1.00 

Monica 181 1 0.82 

Jerry 179 0 0.78 

Roger 167 0 0.15 

Sofia 155 0 0.00 

 

 

Figure 3.2-1 Example presented in crisp set 

 

Figure 3.2-2 Example presented in fuzzy set 

150 160 170 180 190 200 210
0.0 
0.2 

0.4 

0.6 

Height in cm

Degree of 
Membership 

0.8 

1.0 

150 160 170 180 190 200 210
0.0 
0.2 

0.4 

0.6 

0.8 

1.0 

Height in cm

Degree of 
Membership 



                                                                       3.2 Fuzzy Logic 

40 

 

3.2 FUZZY LOGIC 

Fuzzy set theory has successfully been applied in handling uncertainties in 
various application domains (Jang, 1997) including the medical domain. 
Fuzzy logic was introduced by Lotfi Zadeh, a professor at the University of 
California at Berkley in 1965 (Zadeh, 1965). The use of fuzzy logic in 
medical informatics began in the early 1970s. The concept of fuzzy logic 
has been formulated from the fact that human reasoning particularly, 
common sense reasoning is approximate in nature. So, it is possible to 
define inexact medical entities as fuzzy sets. Fuzzy logic is designed to 
handle partial truth i.e. truth values between completely true and completely 
false. For instance, Fuzzy logic allows a person to be classified as both 
young and old to be true at the same time. It explains fuzziness that exists in 
human thinking processes by using fuzzy values instead of using crisp or 
binary values. It is a superset of classical Boolean logic. In fuzzy logic, 
exact reasoning is treated as a special case of approximate reasoning. 
Everything in fuzzy logic appears as a matter of some degree i.e. degrees of 
membership function or degrees of truth. Using height classification as an 
example (Table 3.2-1), in Boolean logic if we draw a crisp boundary at 180 
cm (Fig. 3.2-1), we find that Jerry, who is 179 cm, is small, while Monica is 
tall because her height is 181 cm. At the same time, using fuzzy logic all 
men are “tall”, but their degrees of membership depend on their height. So 
for instance, if we consider Jerry is tall we can say the degree of truth of the 
statement ‘Jerry is tall’ is 0.78. A graph of this example interpreted as a 
degree of membership is given in Fig. 3.2-1. Where, the X-axis is the 
universe of discourse which shows the range of all possible values for an 
input variable i.e. men’s heights. The Y-axis represents the degree of 
membership function i.e. the fuzzy set of tall men height values mapped into 
corresponding membership values (Fig. 3.2-2). 
 

                                                                       3.2 Fuzzy Logic 

41 

 

Table 3.2-2 The classical ‘tall men’ example using Crisp and Fuzzy values 

Name Height, cm Degree of membership 

  Boolean Fuzzy 

John 208 1 1.00 

Monica 181 1 0.82 

Jerry 179 0 0.78 

Roger 167 0 0.15 

Sofia 155 0 0.00 

 

 

Figure 3.2-1 Example presented in crisp set 

 

Figure 3.2-2 Example presented in fuzzy set 

150 160 170 180 190 200 210
0.0 
0.2 

0.4 

0.6 

Height in cm

Degree of 
Membership 

0.8 

1.0 

150 160 170 180 190 200 210
0.0 
0.2 

0.4 

0.6 

0.8 

1.0 

Height in cm

Degree of 
Membership 



                                                                       3.2 Fuzzy Logic 

42 

 

3.2.1 Classical Set Theory 

In classical set theory, a point x belongs to a set A if and only if it equals 1.  
i.e., 

Ax
AxA x ∉

∈= ,0
,1{)(ϕ

 

Where, ϕ  is a characteristic function, mapping from any universal set X to 
the binary set {0,1}.  

3.2.2 Fuzzy Set Theory  

A fuzzy set A is defined as any set that allows its members to have different 
degrees of membership i.e. membership function mapping from the 
universal set X to the interval [0, 1].  
 

}1,0{:)( →XxAμ  

 
Where, 1)( =xAμ ; if x is totally in A  
             0)( =xAμ ; if x is not in A 
               1)(0 << xAμ ; if x is partially in A 
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 The set operations (union, intersection, complement etc.) in terms of this 
membership function are:  
- Union: Union is the largest membership value of the element in either set 
(Fig. 3.2-4). The union of two fuzzy sets A and B on universe X can be 
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Figure 3.2-5 Example of fuzzy complement 

3.3 FAST FOURIER TRANSFORMATION  

The Discrete Fourier Transformation (DFT) is a popular method in various 
digital signal processing applications, such as linear filtering, correlation 
analysis, and spectrum analysis. It takes a discrete signal in the time domain 
and transforms that signal into its discrete frequency domain representation 
i.e. discrete-time to discrete-frequency transform.  

There are several ways to calculate the DFT. The Fast Fourier 
Transform (FFT) is a method for calculating the DFT. The FFT, developed 
by Cooley and Tukey (Cooley and Tukey, 1965), is a faster version of DFT. 
For DFT, the calculation time is proportional to the square of the number of 
points in the series. FFT is much faster than DFT. The only requirement for 
the algorithm (Radix-2 Cooley-Tukey) is that the number of points in the 
series be a power of 2. 

The Fourier transform is used to transform a continuous time signal into 
the frequency domain. The FFT works as follows: it decomposes an N point 
time domain signal into N time domain signals each composed of a single 
point. The N frequency spectra for these N time domain signals are 
calculated and then the N frequency spectra are synthesised into a single 
frequency spectrum.  
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Figure 3.3-1 The FFT decomposition 

For example a decomposition procedure is shown in Fig. 3.3-1, where a 
signal consists of 16 complex points and each point combined the real part 
and the imaginary part. FFT decomposes the 16 point time domain signal 
into 16 time-domain signals each composed of a single point. It requires 
����� steps for the decomposition i.e. a 16 point signal (2�) requires 4 
steps, a 512 point signal (2�) requires 7 steps and so on. Each of the 1 point 
signals is a frequency spectrum. Finally, these frequency spectra are 
synthesized into a single frequency spectrum. For example, the 16 
frequency spectra (1 point each) in Fig. 3.3-1 are synthesized into 8 
frequency spectra (2 points each), the 8 frequency spectra (2 points each) 
are synthesized into 4 frequency spectra (4 points each), and so on. Finally, 
the output of the FFT is a 16 point frequency spectrum.  

The DFT can be expressed by Equation (3.3-1) (Strearns, 2002), 

Xm = � xn  WN
mn
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� �� � ����� �� � � � � �� 
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Where, , is a unit vector on the complex plane. N is the 
no. of components. Suppose, N is a multiple of 2.Then a fast DFT works by 
decomposing the sample vector into two vectors-even and odd as shown in 
Equation (3.3-2) and (3.3-3) 
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2mn
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n=0
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(3.3-3) 

3.4 EVALUATION METHODS 

3.4.1 Square of the Correlation Coefficient or Goodness-of-fit (R2) 

R2 is the square of the correlation between the response values and the 
predicted response values in regression analysis (Carol 2002).  

 

Figure 3.4-1 The R2 explains how good the model is, where Y is the depend 
variable and X is the independent variable 
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The R2 tells us how much of the variation in a dependent variable Y (Fig. 
3.4-1) can be explained by variation in X, the independent variable.  For 
instance, how much of the variation in experts diagnosis result can be 
explained by a classifier. 

Hence, R2 describes how accurate the model fit is in explaining the 
variation of the data. It ranges between 0 and 1. 1 denotes a perfect fit of the 
model to explain the variation and 0 shows that the model does not explain 
the variation at all.  
 

 

Figure 3.4-2 Square of the correlation coefficient or Goodness-of-fit 

Therefore, the closer the value to 1 the better the model explains the 
variation of the data. For example, an R2 value of 0.9566 means that the 
model fit on an average explains 95.66% of the total variation in the data. 
Fig. 3.4-2 helps to explain the R2 mathematically. In Fig. 3.4-2,  
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 ∑��� � ����  = SST = Total Sum of squares= a measure of variation (or 
scatter) of the Y values around the mean.   
  ∑���� � ���� = SSR = explained sum of squares= attributable to the 
relationship between the independent variable (or variables) and the 
dependent variable. 

∑��� � ����� = SSE = unexplained sum of squares= attributable to factors 
other than the relationship between the independent variable (or, variables) 
and the dependent variable. Where, SST= SSR+SSE and the equation of the 
R� is  
 

 
 

 And, � � �� � � 

3.4.2 Absolute Mean Difference 

The Absolute mean difference or Mean absolute deviation calculates the 
average of the absolute differences between each value and the overall mean 
value. For example, for the values: 13, 6, 12, 10, 11, 9, 10, 8, 12, 9, the 
mean value is 10 and the sum is 100. So the differences from the mean 
value are: 3, -4, 2, 0, 1, -1, 0, -2, 2, -1 
 If we ignore the negative values i.e., don’t consider the directions then 
the absolute mean difference will be: 3, 4, 2, 0, 1, 1, 0, 2, 2, 1, so, it shows 
the distance between each observed values and the mean. Now, 3+ 4+ 2+ 0+ 
1+ 1+ 0+ 2+ 2+ 1=16 

Therefore, the absolute mean difference is 16/10=1.6 
The absolute mean difference can be calculated by Equation 3.4-1 
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�� �  mean values 

�� = sample Y values 
��� = values of Y calculated from the regression Equation 
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3.4.3 Sensitivity and Specificity Analysis  

Sensitivity and specificity analysis evaluates how good a test is in 
identifying who has the disease and who does not. Sensitivity provides a 
measure of having a disease when a person in fact has that disease. 
Specificity provides a measure of not having a disease when a person in fact 
does not have that disease. Ideally, for a system Sensitivity and specificity 
should be high. In our problem domain, we usually prefer to have high 
sensitivity since we don’t want to miss a person who really is stressed. The 
four possible outcomes of a classifier are (Fig. 3.4-3): 
 

  

Figure 3.4-3 Possible outcomes of a classifier 

- True positive:  if a patient has the disease and is diagnosed with 
disease by the classifier. 
- False negative: if the patient really has disease but the system 
identifies as healthy. 
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- True negative: when the patient doesn’t have the disease and the 
system also identifies healthy. 
- False positive: when the system classifies as having disease whereas 
in reality the patient is healthy.  
 

The true positive rate or sensitivity = 
������ �� ���� ���������

����� ��������������� ����������
 

 

and specificity =  
���� ���������

����� ��������������� ����������
 

 

An example of the sensitivity and specificity analysis is shown in Table 3.4-
1.  

Table 3.4-1. Sensitivity and specificity analysis 

               S 
T 

Disease (+) Disease (-) Total 

Classifier(+) 23 (a) 4 (b) 27 

Classifier ( -) 13 (c) 60 (d) 73 

Total 36 64 100 
  

That is, Sensitivity = P (test+ | disease+) = P ���|���= �
���

 

Specificity = P (test- | disease-) = P ���|���= �
���

 
Therefore, in Table 3.4-1, Sensitivity is 23/36 and Specificity is 4/64. 

                                                                                       References 

 
  

51 

 

REFERENCES 

Aamodt, A. and Plaza, E. (1994) Case-based reasoning: Foundational issues, 
methodological variations, and system approaches. AI Communications, Vol. 7 pp.39-
59. 

Bareiss, E. (1988) RPROTOS: A Unified Approach to Concept Representation, 
Classification, and learning. Ph.D. thesis, Department of Computer Science, University 
of Texas. 

Begum, S., Ahmed, M.U., Funk, P., Xiong, N., and Folke, M. (2011) Case-Based 
Reasoning Systems in the Health Sciences: A Survey of Recent Trends and 
Developments. IEEE Transactions on Systems, Man, and Cybernetics--Part C: 
Applications and Reviews 

Bichindaritz, I. and Marling, C. (2006) Case-based reasoning in the health sciences: What’s 
next? In Artificial Intelligence in Medicine, vol 36, Issue 2, 2006, pp. 127-135. 

Cooley, J.W. and Tukey, J.W. (1965) An algorithm for the machine calculation of complex 
Fourier series. Mathematics of Computation, Vol. 19, pp.297-301 

Holt, A., Bichindaritz, I., Schmidt, R., and Perner, P. (2006) Medical applications in case-
based reasoning. In The Knowledge Engineering Review, vol. 20, Issue 3, pp. 289-292. 

Jang, J.S.R., Sun, C.T. and Mizutani, E. (1997) Neuro-fuzzy and Soft Computing. A 
computional approach to learning and machine intelligence. Prentice Hall, NJ.  

Kang, S.H., and Lau, S. K. (2002) Intelligent Knowledge Acquisition with Case-Based 
Reasoning Techniques. Technical report, University of Wollongong, NSW, Australia. 

Kolodner, J. L. (1983a) Maintaining Organization in a Dynamic Long-Term Memory. 
Cognitive Science, Vol. 7, Issue 4, pp. 243-80. 

Kolodner, J. L. (1983b) Reconstructive Memory: A Computer Model. Cognitive Science, 
Vol. 7, Issue 4 pp. 281-28. 

Koton, P. (1989) Using experience in learning and problem solving. Massachusetts Institute 
of Technology, Laboratory of Computer Science, Ph.D. Thesis MIT/LCS/TR-441 
(1989). 

Montani, S. (2007) Exploring new roles for case-based reasoning in heterogeneous AI 
systems for medical decision support. In Applied Intelligence. 2007, pp. 275–285 

Montani, S. (2008) How to use contextual knowledge in Medical CBR Systems: a Survey 
on very recent trends. In Workshop on CBR in the Health Sciences, 2008, pp. 79-88. 

Stearns, S. D. (2002) Digital Signal Processing with Examples in MATLAB. CRC Press. 
New York. 

Riesbeck, C. K. and Schank, R. C. (1989). Inside Case-Based Reasoning. Lawrence 
Erlbaum Associates, Cambridge, MA. 



                                                                 3.4 Evaluation Methods 

50 

 

- True negative: when the patient doesn’t have the disease and the 
system also identifies healthy. 
- False positive: when the system classifies as having disease whereas 
in reality the patient is healthy.  
 

The true positive rate or sensitivity = 
������ �� ���� ���������

����� ��������������� ����������
 

 

and specificity =  
���� ���������

����� ��������������� ����������
 

 

An example of the sensitivity and specificity analysis is shown in Table 3.4-
1.  

Table 3.4-1. Sensitivity and specificity analysis 

               S 
T 

Disease (+) Disease (-) Total 

Classifier(+) 23 (a) 4 (b) 27 

Classifier ( -) 13 (c) 60 (d) 73 

Total 36 64 100 
  

That is, Sensitivity = P (test+ | disease+) = P ���|���= �
���

 

Specificity = P (test- | disease-) = P ���|���= �
���

 
Therefore, in Table 3.4-1, Sensitivity is 23/36 and Specificity is 4/64. 

                                                                                       References 

 
  

51 

 

REFERENCES 

Aamodt, A. and Plaza, E. (1994) Case-based reasoning: Foundational issues, 
methodological variations, and system approaches. AI Communications, Vol. 7 pp.39-
59. 

Bareiss, E. (1988) RPROTOS: A Unified Approach to Concept Representation, 
Classification, and learning. Ph.D. thesis, Department of Computer Science, University 
of Texas. 

Begum, S., Ahmed, M.U., Funk, P., Xiong, N., and Folke, M. (2011) Case-Based 
Reasoning Systems in the Health Sciences: A Survey of Recent Trends and 
Developments. IEEE Transactions on Systems, Man, and Cybernetics--Part C: 
Applications and Reviews 

Bichindaritz, I. and Marling, C. (2006) Case-based reasoning in the health sciences: What’s 
next? In Artificial Intelligence in Medicine, vol 36, Issue 2, 2006, pp. 127-135. 

Cooley, J.W. and Tukey, J.W. (1965) An algorithm for the machine calculation of complex 
Fourier series. Mathematics of Computation, Vol. 19, pp.297-301 

Holt, A., Bichindaritz, I., Schmidt, R., and Perner, P. (2006) Medical applications in case-
based reasoning. In The Knowledge Engineering Review, vol. 20, Issue 3, pp. 289-292. 

Jang, J.S.R., Sun, C.T. and Mizutani, E. (1997) Neuro-fuzzy and Soft Computing. A 
computional approach to learning and machine intelligence. Prentice Hall, NJ.  

Kang, S.H., and Lau, S. K. (2002) Intelligent Knowledge Acquisition with Case-Based 
Reasoning Techniques. Technical report, University of Wollongong, NSW, Australia. 

Kolodner, J. L. (1983a) Maintaining Organization in a Dynamic Long-Term Memory. 
Cognitive Science, Vol. 7, Issue 4, pp. 243-80. 

Kolodner, J. L. (1983b) Reconstructive Memory: A Computer Model. Cognitive Science, 
Vol. 7, Issue 4 pp. 281-28. 

Koton, P. (1989) Using experience in learning and problem solving. Massachusetts Institute 
of Technology, Laboratory of Computer Science, Ph.D. Thesis MIT/LCS/TR-441 
(1989). 

Montani, S. (2007) Exploring new roles for case-based reasoning in heterogeneous AI 
systems for medical decision support. In Applied Intelligence. 2007, pp. 275–285 

Montani, S. (2008) How to use contextual knowledge in Medical CBR Systems: a Survey 
on very recent trends. In Workshop on CBR in the Health Sciences, 2008, pp. 79-88. 

Stearns, S. D. (2002) Digital Signal Processing with Examples in MATLAB. CRC Press. 
New York. 

Riesbeck, C. K. and Schank, R. C. (1989). Inside Case-Based Reasoning. Lawrence 
Erlbaum Associates, Cambridge, MA. 



                                                                                       References 

 

52 

 

Schank, R.C. and Abelson, R.P. (1977) Scripts, Plans, Goals and Understanding. Erlbaum, 
Hillsdale, New Jersey, US. 

Schank, R. (1982) Dynamic memory: a theory of reminding and learning in computers and 
people. Cambridge University Press, Cambridge, UK.  

Simpson, R. L. (1985) A Computer Model of Case-Based Reasoning in Problem Solving: 
An Investigation in the Domain of Dispute Mediation. Technical Report GIT-ICS-
85/18, Georgia Institute of Technology, School of Information and Computer Science, 
Atlanta USA. 

Simpson L.R, http://www.asinc.com/case-based-reasoning/. Last referred March 2011 
Watson, I. (1997) Applying Case-Based Reasoning: Techniques for Enterprise Systems. 

Morgan Kaufmann Publishers Inc, 340 Pine St, 6th floor, San Fransisco, CA 94104, 
USA. 

Zadeh, L. (1965) Fuzzy sets, Information and Control. Academic Press Inc 8(3) pp.338-
353. 

 

53 

 

CHAPTER 4 

 COMPUTER-BASED STRESS 
DIAGNOSIS SYSTEM 

 
This chapter explains the steps of stress diagnosis, scientific basis for sensor 
signals such as finger temperature and heart rate variability and how a computer-
based system is designed to perform diagnosis and provide the clinician with 
decision support functionality. The chapter also presents a proposed design for a 
computer based diagnosis system that has been implemented in a prototype for 
evaluation.  

 
In order to implement the DSS in stress management close collaboration 
with clinicians helped to develop the system following procedures similar to 
what clinicians follow in real life. A general diagram for developing such 
computer system is shown in Fig. 4-0-1.  

Figure 4-0-1 A general diagram for developing computer-based medical decision 
support systems 

 In the DSS for diagnosing stress, there are similarities between the 
clinician’s and system’s reasoning process in the sense that both of them are 
using previous experiences. A clinician may start their practice with some 
initial experience (solved cases), then try to utilize this past experience to 
solve a new problem and simultaneously increases their case base. This 
chapter presents a discussion how the AI methodologies discussed in the 
previous chapter and other clinical procedures are employed in developing 
the system.  
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CHAPTER 4 

 COMPUTER-BASED STRESS 
DIAGNOSIS SYSTEM 

 
This chapter explains the steps of stress diagnosis, scientific basis for sensor 
signals such as finger temperature and heart rate variability and how a computer-
based system is designed to perform diagnosis and provide the clinician with 
decision support functionality. The chapter also presents a proposed design for a 
computer based diagnosis system that has been implemented in a prototype for 
evaluation.  
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Figure 4-0-1 A general diagram for developing computer-based medical decision 
support systems 

 In the DSS for diagnosing stress, there are similarities between the 
clinician’s and system’s reasoning process in the sense that both of them are 
using previous experiences. A clinician may start their practice with some 
initial experience (solved cases), then try to utilize this past experience to 
solve a new problem and simultaneously increases their case base. This 
chapter presents a discussion how the AI methodologies discussed in the 
previous chapter and other clinical procedures are employed in developing 
the system.  

Reasoning 
engine 

Knowledge 
base 

Input/Symptom Output/Diagnosis
/Treatment

Computer



        4.1 Calibration Phase 

54 

 

4.1 CALIBRATION PHASE 

When clinicians diagnose a patient some form of calibration is made since 
the individual variations are large (within applied psychophysiology2 this is 
called individual psychophysiological stress profile test or analysis). A 
calibration phase as shown in Fig. 4.1-1 helps to establish an individual 
stress profile and is used as a standard protocol in the clinical environment. 

  

 

 

 

 

Figure 4.1-1 Procedure used to create an individual stress profile 

For calibration purposes the finger temperature and ECG sensor signals 
are measured during different conditions in 6 steps (this could also be called 
conditions), the steps are; baseline, deep breath, verbal stress, relax, math 
stress, relax. The baseline indicates the representative level for the 
individual when he/she is assumed to be neither under intense stress nor in a 
relaxed state. The clinician asks the subject to read a neutral text during this 
step. The clinician not only identifies the individual’s base finger 
temperature, but also notes fluctuations and other effects, e.g. disturbances 
in the environment or observes the subject’s behaviour. In the step ‘Deep-
breath’, the subject breaths deeply which under guidance normally causes a 
relaxed state. How quickly changes in temperature occur during this step is 
relevant and recorded together with observed fluctuations. The step ‘Verbal-
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stress’ is initiated by asking the subject to talk about some significant 
stressful event they experienced in life.  

 

 
 

Figure 4.1-2 An example of the finger temperature measurement during the six 
different steps in the calibration phase 

During the second half of this step the subject thinks about these stressful 
events. The reason is that talking through the mouth can lead to incorrect 
ETCO2, while nose breathing is required. In the ‘Relax step’, the subject is 
instructed to think of something positive, either a moment in life when they 
were very happy or a future event they look forward to experiencing or what 
they used to do when they actively relax.  The ‘Math-stress’ step tests the 
subject’s reaction to directly induced stress by the clinician where the 
subject is requested to count backwards. Finally, the ‘relaxation step’ tests if 
and how quickly the subject recovers from stress. After completing each 
calibration step a visual analogue scale (VAS) was used to collect subject’s 
feedback about how well they were able to follow the instructions (e.g. did 
they really think of a negative event  or did they not succeed for some 
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reason). The scale ranged from 0-10 (10 is the maximum success rate in 
following the instructions) and was used to verify data measured.  

The FT system consists of a thermistor, sensing the finger temperature. 
The sensor is attached to the finger and connected to an electronic device 
that is connected to the USB-port on a computer. Often music is played to 
assist the subject to relax and instructions are given on how to control 
breathing. ECG is a standard way to measure heartbeat and still it is the best 
and most widely used approach.  

ECG records electrical activity of each heartbeat and presents it in a 
continuous time period captured by three attached electrodes in the skin (i.e. 
both wrists). Examples of the finger temperature and ECG sensor signal 
measurements during the six different steps in the calibration phase are 
shown in Fig. 4.1-2 and Fig. 4.1-3. 

 

 

Figure 4.1-3 Variations of HR signal during different test conditions 
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4.2 FEATURE EXTRACTION 

 Features are extracted from two different types of measurements i.e., FT and ECG 
sensor signals. The following two sections describe the feature extraction 
techniques from FT and ECG. 

4.2.1 Feature Extraction from Finger Temperature Sensor Signals 

For FT, we have together with clinicians agreed on a standardisation of the 
slope to make changes visible and patients and situations easier to compare. 
The proposal is that the X-axis displays minutes and the Y-axis degrees 
Celsius, hence a change during 1 minute of 1 degree gives a “degree of 
change” of 45°. A low angle value, e.g. zero or close to zero indicates no 
change or a stable finger temperature. 

 

Figure 4.2-1 Example of visualisations of temperature change, X-axis minutes, Y-
axis in degree Celsius 

 A high positive angle value indicates rising finger temperature, while a 
negative angle, e.g. -20° indicates falling finger temperature. Usually, the 
purpose of step 1 (the baseline, shown in Fig. 4.1-1) is to stabilize the finger 
temperature before starting the test, hence it has been agreed with the 
clinician that this step should not been considered. Classification of 
individual sensitivity to stress based on “degree of change” is shown in Fig. 
4.2-1.  
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As shown in Fig. 4.2-2 each step of the calibration is divided into one 
minute time intervals (Step 3 is 4 minutes in duration and 4 features are 
extracted) while each feature contains 120 data samples (time, temperature).  
 

 

Figure 4.2-2 Changes in FT data against time during different stress and non-stress 
conditions 

Thus, 12 features are extracted from 5 steps (step 2 to 6) and named as 
Step2_Part1, Step2_Part2, Step3_Part1 etc. First, a slope of the linear 
regression line has been calculated through the data points by using 
Equation (4.2-1) for each extracted feature from the measurement.   
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Where f denotes the number of features (1 to 12 see Fig. 22), i is the number 

of samples (1 to 120) and yx,  is the average of the samples. Then the slope 
value is converted to arctangent as a value of angle in radians (-pi/2 to 
+pi/2) and finally expressed arctangent values in degrees by multiplying 
180/PI where PI is 3.14 as a standard value. So these 12 features contain 
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degree values comprising of 120 sample data (time, temperature). Instead of 
keeping the sample data, these degree values are used or represented as 
features.  

Table 4.2-1 List of features extracted from the FT sensor signal 

No. Features No. Features 

1 Step2_part1 9 Step5_part1 

2 Step2_part2 10 Step5_part2 

3 Step3_part1 11 Step6_part1 

4 Step3_part2 12 Step6_part2 

5 Step3_part3 13 Start temperature 

6 Step3_part4 14 End temperature 

7 Step4_part1 15 Maximum_ temperature 

8 Step4_part2 16 Minimum_ temperature 

17 Difference between ceiling and floor temperature 
 

Five other features which have also been extracted from the sensor signal 
are: start temperature and end temperature from step2 to step6, minimum 
temperature of step3 and step5, maximum temperature of step4 and step6, 
and the difference between ceiling and floor. Finally, 17 (12+5) features are 
extracted (Table 4.2-1) automatically from the fifteen minutes (1800 
samples) of FT sensor signal. 

4.2.2 Feature Extraction from ECG Sensor Signal 

HRV depicts the activity of the autonomous nervous system and is thereby 
commonly used as a quantitative indicator of stress (Vaschillo and Lehrer, 
2000). HRV features can be extracted from ECG signals by detecting the 
QRS complex. The time period between consecutive heart beats (or RR 
intervals) can be detected from the ECG signal which helps to determine the 
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2000). HRV features can be extracted from ECG signals by detecting the 
QRS complex. The time period between consecutive heart beats (or RR 
intervals) can be detected from the ECG signal which helps to determine the 
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measurement of HRV analysis. Therefore, it is important to detect the QRS 
complex, in particular the RR interval as correctly as possible to get reliable 
HRV features.   In the system, both time and frequency domain features are 
extracted from the IBI signal. HRV features extracted from these calculated 
IBI values are employed in a CBR system to diagnose stress.  
 A survey was carried out to investigate the most commonly used features 
in HRV analysis. The survey was based on 22 articles that use the frequency 
and time domain features to perform the HRV analysis. It helps to determine 
the weight value for each feature.  

Inter-beat-interval (or RR interval) calculation and outlier removal: In 
Fig. 4.2-3, the ECG signal is plotted against time, where the X axis 
represents time in milliseconds and the Y axis represents the amplitude. 
Each R wave comes after a certain amount of time and the time difference 
between two R waves is the rate of the RR interval or inter-beat interval 
(IBI). So, the time difference between R and R waves in Fig. 4.2-3 is around 
750 ms. The number of R waves that occur in a minute is used to calculate 
HR and the standard unit is beat per minute (bpm). Subjective random noise 
in the IBI signal is a major problem since they could influence the 
corresponding extracted feature values. It was observed that the normal 
range of an IBI signal is 0.4 to 1.1 seconds. However, some IBI values can 
be higher than the range if the data contains any artifacts.  The algorithm for 
outlier removal (Islam, 2010) works in two steps: 1) outlier detection and 2) 
re-sampling the signal. For outlier detection, first the signal is divided into a 
number of windows (winH) horizontally every 30 sec and each horizontal 
window is again divided vertically into a number of windows (winV). 

Now, the frequency and mean for each window (winV) are calculated. 
Then the mean of the lowest frequency window (winV) is compared with 
the normal range (0.4 to 1.1 sec). If the mean value is not within the normal 
range then all the sample data are considered as outliers. These steps are 
continued until the program reaches the last window (winH) and determines 
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all the outliers. After the outliers’ detection, the programs also identify 
length of the outliers for each window (winH) and have marked the entire 
original sample in that length as an artefact. The length of samples is then 
replaced by the same length of usual data received just before or after the 
artefact. The usual data is defined by the highest frequency window (winV). 
Thus, the outlier data is re-sampled by the data captured for the same 
subject. 

 

 

Figure 4.2-3 Example of an RR interval or inter-beat interval signal   

- Time domain features: Time domain features analyses the beat-to-beat 
variation. Statistical methods are applied to get the time domain features. 
The most commonly used time domain features are: Mean NN interval of 
sinus beats i.e. Normal-to-Normal (NN) interval (Aubert et al., 1998). 
SDNN, the standard deviation of the RR intervals, NN50, the number of 
interval differences of successive NN intervals greater than 50 ms, RMSSD, 
the root mean square of differences of successive NN intervals, and pNN50 
the proportion derived by dividing NN50 by the total number of NN 
intervals etc.  The time domain features from the survey are listed in Table 
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4.2-2. The last column of the table shows the selected features for the CBR 
system. 

Table 4.2-2 The time domain HRV features   

No. Time domain features References 
Total 
no. of 

referenc
es 

Select
ed 

feature
s 

1 
Mean NN 

(Mean value of the RR 
interval) 

(Kemper et al., 2007), (Salahuddin et al., 
2007a), (Salahuddin et al., 2007b), ( Singh et 
al., 2000), (Antelmi et al., 2004), (Dimmer et 
al., 2005), (Bansal et al., 2009), (Lee et al., 
2008) (Rouhani and Soleymani, 2009) (Wu 

and Lee, 2009) 

10 X 

2 
SDNN 

(Standard deviation of RR 
intervals) 

(Kemper et al., 2007), (Salahuddin et al., 
2007a), (Salahuddin et al., 2007b), ( Singh et 
al., 2000), (Antelmi et al., 2004), (Dimmer et 
al., 2005), (Bansal et al., 2009), (Lee et al., 
2008) (Rouhani and Soleymani, 2009) (Wu 

and Lee, 2009) 

10 X 

3 

RMSSD 
(Root mean squire of the all 

successive RR interval 
difference) 

(Kemper et al., 2007), (Carvalho et al., 2000), 
(Salahuddin et al., 2007a), (Ng et al., 2008), 
(Salahuddin et al., 2007b), (Antelmi et al., 

2004), (Dimmer et al., 2005), (Bansal et al., 
2009), (Rouhani and Soleymani, 2009) (Wu 

and Lee, 2009) 

10 X 

4 
pNN 50 

(Percentage of NN 50 in total 
number of beats) 

(Kemper et al., 2007), (Carvalho et al., 2000), 
(Singh and Vinod, 2005), (Salahuddin et al., 

2007a), (Orini et al., 2007), (Salahuddin et al., 
2007b), (Singh et al., 2000), (Antelmi et al., 

2004) 

8 X 

5 Mean HR 
(Mean heart rate) 

(Salahuddin et al., 2007a), (Salahuddin et al., 
2007b), (ouhani and Soleymani, 2009), (Wu 

and Lee, 2009) 
4  

6 

SDANN 
(Standard deviation of 

averages of RR intervals for 
all 5 min segments in the 

entire recordings) 

(Antelmi et al., 2004), (Bansal et al., 2009) 2  
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7 

SDSD 
(Standard deviation of the 

difference between adjacent 
RR intervals) 

(Bansal et al., 2009), (Lee et al., 2008) 2  

8 

NN 50 
(Number of adjacent RR 

interval that differ more than 
50 milliseconds) 

(Bansal et al., 2009) 1  

9 
Max RR – Min RR 

(Deference between highest 
and lowest RR interval) 

(Bansal et al., 2009) 1  

10 

SDNN Index 
(Mean of the standard 

deviations of all RR intervals 
for all 5 min segments in the 

entire recordings) 

(Bansal et al., 2009) 1  

 
11 

HRV Index 
(Total number of all RR 

intervals divided by 
amplitude of all RR interval) 

(Bansal et al., 2009) 1  

 

- Frequency domain features: The frequency domain analysis is performed 
on the basis of the spectral analysis of HRV. The Spectral analysis of HRV 
can be used for assessing levels of parasympathetic and sympathetic 
activities in the autonomous nervous system (ANS) (Akselrod et al., 1981).  
 

 

 
 

 

 

 

 

Figure 4.2-4 The normalized unit of power spectral density   
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4.2-2. The last column of the table shows the selected features for the CBR 
system. 

Table 4.2-2 The time domain HRV features   

No. Time domain features References 
Total 
no. of 

referenc
es 

Select
ed 

feature
s 

1 
Mean NN 

(Mean value of the RR 
interval) 

(Kemper et al., 2007), (Salahuddin et al., 
2007a), (Salahuddin et al., 2007b), ( Singh et 
al., 2000), (Antelmi et al., 2004), (Dimmer et 
al., 2005), (Bansal et al., 2009), (Lee et al., 
2008) (Rouhani and Soleymani, 2009) (Wu 

and Lee, 2009) 

10 X 

2 
SDNN 

(Standard deviation of RR 
intervals) 

(Kemper et al., 2007), (Salahuddin et al., 
2007a), (Salahuddin et al., 2007b), ( Singh et 
al., 2000), (Antelmi et al., 2004), (Dimmer et 
al., 2005), (Bansal et al., 2009), (Lee et al., 
2008) (Rouhani and Soleymani, 2009) (Wu 

and Lee, 2009) 

10 X 

3 

RMSSD 
(Root mean squire of the all 

successive RR interval 
difference) 

(Kemper et al., 2007), (Carvalho et al., 2000), 
(Salahuddin et al., 2007a), (Ng et al., 2008), 
(Salahuddin et al., 2007b), (Antelmi et al., 

2004), (Dimmer et al., 2005), (Bansal et al., 
2009), (Rouhani and Soleymani, 2009) (Wu 

and Lee, 2009) 

10 X 

4 
pNN 50 

(Percentage of NN 50 in total 
number of beats) 

(Kemper et al., 2007), (Carvalho et al., 2000), 
(Singh and Vinod, 2005), (Salahuddin et al., 

2007a), (Orini et al., 2007), (Salahuddin et al., 
2007b), (Singh et al., 2000), (Antelmi et al., 

2004) 

8 X 

5 Mean HR 
(Mean heart rate) 

(Salahuddin et al., 2007a), (Salahuddin et al., 
2007b), (ouhani and Soleymani, 2009), (Wu 

and Lee, 2009) 
4  

6 

SDANN 
(Standard deviation of 

averages of RR intervals for 
all 5 min segments in the 

entire recordings) 

(Antelmi et al., 2004), (Bansal et al., 2009) 2  
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7 

SDSD 
(Standard deviation of the 

difference between adjacent 
RR intervals) 

(Bansal et al., 2009), (Lee et al., 2008) 2  

8 

NN 50 
(Number of adjacent RR 

interval that differ more than 
50 milliseconds) 

(Bansal et al., 2009) 1  

9 
Max RR – Min RR 

(Deference between highest 
and lowest RR interval) 

(Bansal et al., 2009) 1  

10 

SDNN Index 
(Mean of the standard 

deviations of all RR intervals 
for all 5 min segments in the 

entire recordings) 

(Bansal et al., 2009) 1  

 
11 

HRV Index 
(Total number of all RR 

intervals divided by 
amplitude of all RR interval) 

(Bansal et al., 2009) 1  

 

- Frequency domain features: The frequency domain analysis is performed 
on the basis of the spectral analysis of HRV. The Spectral analysis of HRV 
can be used for assessing levels of parasympathetic and sympathetic 
activities in the autonomous nervous system (ANS) (Akselrod et al., 1981).  
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The FFT (chapter 3) is one of the important methods practiced commonly 
in calculating the power spectral density (PSD) of HRV. PSD shows energy 
variations in different frequencies. Unit of PSD is energy (watts) per 
frequency (hertz). Fig. 4.2-4 shows an example of a PSD. In the system, IBI 
values are filtered to remove outliers and transferred into the frequency 
domain using FFT. The frequency domain features are extracted from the 
spectrum. Table 4.2-3 presents the frequency domain features according to 
the survey.   

Table 4.2-3 The frequency domain HRV features  

No. Frequency domain 
features References No. of 

references 
Selected 
features 

1 LF Power 
(Low Frequency Power) 

(Kemper et al., 2007), (Kumar et al., 2007), 
(Adelmann et al., 1999), (Carvalho et al., 

2000), (Aysin, 2006), (Bail´on, 2006), (Orini et 
al., 2007), (Ng et al., 1999), (Salahuddin et al., 
2007b), (Singh et al., 2000), (McCraty et al., 
1995), (Antelmi et al., 2004), (Dimmer et al., 
2005), (Ledowski et al., 2005), (Clifford and 

Tarassenko, 2005), (Bansal et al., 2009), (Lee 
et al., 2008), (Rouhani and Soleymani, 2009), 

(Wu and Lee 2009) 

19 X 

2 HF Power 
(High Frequency Power) 

(Dimmer et al., 2005),(Kemper et al., 2007), 
(Kumar et al., 2007), (Aysin and  Aysin, 2006), 
(Colombo et al., 1990) (Orini et al., 2007), (Ng 
et al., 1999), (Singh et al., 2000), (Antelmi et 

al., 2004), (McCraty et al., 1995) (Ledowski et 
al., 2005), (Clifford and Tarassenko, 2005), 
(Bansal et al., 2009), (Wu and Lee 2009) 

14 X 

3 

LF/HF Ratio 
(Ratio of Low Frequency 

Power and High 
Frequency Power) 

(Salahuddin et al., 2007b), (Singh et al., 2000)  
(Antelmi et al., 2004), (Dimmer et al., 2005), 

(Ledowski et al., 2005), (Clifford and 
Tarassenko, 2005), (Bansal et al., 2009), (Lee 

et al., 2008),  (Wu and Lee 2009) 

9 X 
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Generally, the locations of the frequency bands e.g., Low frequency (LF), 

medium frequency (MF), high frequency (HF) etc. may vary and depend on 
the problem domain and/or individual researchers. The list of the features 
and their frequency ranges from the literature study are presented in Table 
4.2-4.  
  

4 
VLF Power 

(Very Low Frequency 
Power) 

(Kumar et al., 2007), (Carvalho et al., 2000), 
(Salahuddin et al., 2007b), (Antelmi et al., 

2004), (Ledowski et al., 2005), (Bansal et al., 
2009),(Wu and Lee 2009) 

7 X 

5 TP 
(Total Power) 

(Dimmer et al., 2005), (Ledowski et al., 2005), 
(Bansal et al., 2009), (Lee et al., 2008) 4 X 

6 
LF Norm 

(Normalised Low 
Frequency Power) 

(Bansal et al., 2009), (Ng et al., 1999), 
(Dimmer et al., 2005) 3 X 

7 
HF Norm 

(Normalised High 
Frequency Power) 

(Bansal et al., 2009), (Ng et al., 1999), 
(Dimmer et al., 2005) 3 X 

8 
ULF Power 

(Ultra Low Frequency 
Power) 

(Bansal et al., 2009) 1  

9 
MF Power 

(Medium Frequency 
Power) 

(McCraty et al., 1995) 1  

10 
LF Peak 

(Peak in Low Frequency 
Power Region) 

(Colombo et al., 1990) 1  

11 
HF Peak 

(Peak in High Frequency 
Power Region) 

(Colombo et al., 1990) 1  
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19 X 

2 HF Power 
(High Frequency Power) 

(Dimmer et al., 2005),(Kemper et al., 2007), 
(Kumar et al., 2007), (Aysin and  Aysin, 2006), 
(Colombo et al., 1990) (Orini et al., 2007), (Ng 
et al., 1999), (Singh et al., 2000), (Antelmi et 

al., 2004), (McCraty et al., 1995) (Ledowski et 
al., 2005), (Clifford and Tarassenko, 2005), 
(Bansal et al., 2009), (Wu and Lee 2009) 

14 X 

3 

LF/HF Ratio 
(Ratio of Low Frequency 

Power and High 
Frequency Power) 

(Salahuddin et al., 2007b), (Singh et al., 2000)  
(Antelmi et al., 2004), (Dimmer et al., 2005), 

(Ledowski et al., 2005), (Clifford and 
Tarassenko, 2005), (Bansal et al., 2009), (Lee 

et al., 2008),  (Wu and Lee 2009) 

9 X 
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(Bansal et al., 2009) 1  
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HF Peak 

(Peak in High Frequency 
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Table 4.2-4 The frequency domain HRV features and their frequencies   

No. 
Frequency 

domain 
features 

Frequency 
(Hz) References 

Total 
referenc

es 

Selected 
frequen
cy range 

1 VLF Power

0 - 0.04 (Kumar et al., 2007), (Lee et al., 2008), (Wu 
and Lee, 2009) 3  

0.003 - 0.04 (Antelmi et al., 2004), (Bansal et al., 2009) 2 X 

0.02  - 0.04 (Ledowski et al., 2005) 1  

2 LF Power 

0.05 - 0.15 (Colombo, 1990) 1  

0.04 - 0.15 

(Kemper et al., 2007), (Kumar, 2007), 
(Adelmann, 1999), (Aysin, 2006), (Orini et 
al., 2007), (Ng et al., 1999), (Singh et al., 

2000), (Antelmi et al., 2004), (Dimmer et al., 
2005), (Ledowski et al., 2005), (Clifford and 
Tarassenko, 2005), (Bansal et al., 2009),  

(Lee et al., 2008), (Wu and Lee 2009) 

14 x 

3 HF Power 
0.15 - 0.4 

(Kemper et al., 2007), (Kumar et al., 2007), 
(Aysin and Aysin, 2006), (Colombo et al., 

1990) (Orini et al., 2007), (Ng et al., 1999), 
(Singh et al., 2000), (Antelmi et al., 2004), 
(McCraty , 1995) (Ledowski et al., 2005), 

(Clifford and Tarassenko, 2005), (Bansal et 
al., 2009), (Wu and Lee 2009) 

13 X 

0.16 - 0.4 (Dimmer et al., 2005) 1  

4 TP 
0  - 0.4 (Dimmer et al., 2005), (Bansal et al., 2009),  

(Lee et al., 2008) 3 X 

0.02 - 0.4 (Ledowski et al., 2005) 1  

5 LF Norm 

LF / (Total 
power 

– VLF) X 100 
(Bansal et al., 2009) 1 X 

LF/Total 
Power (Dimmer et al., 2005) 1  

LF/(LF+HF) (Ng et al., 1999) 1  

7 HF Norm 

HF / (Total 
power 

– VLF) X 100 
(Bansal et al., 2009) 1 X 

HF/Total 
Power 

(Dimmer et al., 2005) 1  
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Here, the HRV spectrum is divided into very low frequency (VLF), this 
reflects the parasympathetic influences on heart rate. HF is generally 
considered to be an index of cardiac vagal control (McCraty et al., 1995). 
LF appears generally due to both the vagus and cardiac sympathetic nerves. 
The ratio of LF and HF spectra can be proposed as an index of cardiac 
sympathovagal balance (Ori et al., 1992). TP reflects total variance in heart 
rate pattern over the length of the recording, LF norm presents the 
proportion of total HRV that occurs in the low frequency band and HF norm 
shows the proportion of total HRV that occurs in the high frequency band. 
Weight reflects the relative importance of each feature and here it (Table 
4.2-5) is defined on the basis of the literature review. 

Table 4.2-5 The time and frequency domain HRV features and their weights   

Feature Name Weight 
LF 10 
HF 10 

LF HF ratio 9 
VLF 8 
TP 3 

LF Norm 7 
HF Norm 7 
Mean NN 10 

pNN50 9 
SDNN 10 

RMSSD 10 

 
Except the baseline, the features are calculated for the step2 to step6 of the 
Calibration phase. In Table 4.2-6, the first seven features are the frequency 
domain features and the next four are the time domain features. These time 
and frequency domain features are used to formulate a new problem case. 
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proportion of total HRV that occurs in the low frequency band and HF norm 
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LF HF ratio 9 
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LF Norm 7 
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Except the baseline, the features are calculated for the step2 to step6 of the 
Calibration phase. In Table 4.2-6, the first seven features are the frequency 
domain features and the next four are the time domain features. These time 
and frequency domain features are used to formulate a new problem case. 
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Table 4.2-6 The time and frequency domain HRV features to formulate a case 

No Features 
1 Step2_LF 
2 Step2_HF 
3 Step2_ LF/HF 
4 Step2_VLF 
5 Step2_TP 
6 Step2_LF Norm
7 Step2_HF Norm
8 Step2_pNN50 
9 Step2_SDNN 

10 Step2_RMSDD 
11 Step2_Mean NN
. 
. 
. 

. 

. 

. 
50 Step6_LF 
51 Step6_HF 
52 Step6_ LF/HF 
53 Step6_pNN50 
54 Step6_SDNN 
55 Step6_RMSDD 

 

4.3 COMPUTER-BASED STRESS DIAGNOSIS SYSTEM 

To design a computer based stress diagnosis system clinicians’ clinical 
methods and experience is used as a foundation. The diagnosis system 
shown in Fig. 4.3-1 assists in the case-based classification of FT and HRV 
signals in stress management. The system takes FT and HRV measurements 
during the calibration phase. Then, from these signals, it identifies the 
essential features and formulates new problem cases with the extracted 
features. The new problem case is then fed into the CBR cycle to retrieve 
the most similar cases. Classification of the FT and HRV measurements are 
done using case retrieval and matching based on the extracted features. 
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Here, the k-Nearest Neighbour (kNN) algorithm is applied for the retrieval 
of similar cases.  
 

 

Figure 4.3-1 Schematic diagram of the steps in stress diagnosis system 

The new problem case is matched using different matching algorithms 
including modified distance function, similarity matrix and fuzzy similarity 
matching. A modified distance function uses Euclidean distance to calculate 
the distance between the features of two cases. Hence, all the symbolic 
features are converted into numeric values before calculating the distance. 
For example, for the feature ‘gender’, male is converted to one (1) and 
female is two (2). The function ‘similarity matrix’ is represented as a table 
where the similarity value between two features is determined by the 
domain expert. For example, the similarity between same genders is defined 
as 1 otherwise 0.5.  

In fuzzy similarity, a triangular membership function (mf) replaces the 
crisp value of the features for new and old cases with a membership grade 
of 1. In both cases, the width of the membership function is fuzzified by 
50% on each side. For example, an attribute ‘S’ of a current case and an old 
case have the values -6.3 and -10.9 respectively. If the weight of the 
membership function is fuzzified with 50 % on each side, which can be 
done using a trial and error process based on the problem domain, the input 
value for the current case -6.3 can be represented with a mf grade of 1 and 
the lower and upper bounds -9.45 and -3.15 can be represented with a mf of 
grade 0. For the old case, the input -10.9 can be represented with a mf grade 
of 1 and the lower and upper bounds -16.35 and -5.45 with a mf grade of 0.  
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Fuzzy intersection is applied between the two fuzzy sets to get a new 
fuzzy set which represents the overlapping area between them. Similarity 
between the old case (Sf) and the new case (Cf) is now calculated using 
Equation 4.3-1 (Begum et al., 2006; Paper II) 

 (4.3-1) 

where m1, m2 and om are the area of the corresponding fuzzy sets. For 
instance, m1=5.45 and m2=3.15 where area is defined by the equation 
area=(1/2) x base x height. For om=0.92, height is defined from the 
intersection point of the two fuzzy membership functions. So from Equation 
2, the calculated local similarity can be min (0.17, 0.29)=0.17 and max is 
0.29. If the mfs are considered as 100 % fuzzified then minimum local 
similarity will be 0.34 and maximum will be 0.58. Thus, a user can get the 
options both for tuning the mfs and choosing the min/max values for the 
similarity function based on their requirements. When the overlapping areas 
become bigger, then the similarity between the two features will also 
increase, and for completely matched features the similarity will be 1.  

An overview of the CBR stress diagnosis system using FT and ECG 
sensor signal (i.e. HRV) is shown in Fig. 4.3-2. The system can provide 
matching outcomes in a sorted list of best matching cases according to their 
similarity values in three circumstances: when a new problem case is 
matched with all the solved cases in a case base (between subject and class), 
within a class where the class information is provided by the user and also 
within a subject.  

For example, Fig. 4.3-3 displays a screen shot which shows similarity 
matching of a current case with the previous cases in a ranked list.  The 
system identifies the current case with the reliability of 71.8% that the 
subject is under the state ‘very_stressed’. Users can adapt solutions i.e. it 
could be a combination of two solutions from the list of retrieved and 
ranked cases in order to develop a solution to the problem in the new case. 
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Figure 4.3-2 Overview of the case-based system based on physiological sensor 
signals 

Then clinician/expert determines if it is a plausible solution to the 
problem and he/she could modify the solution before approval. Then the 
case is sent to the revision step where the solution is verified manually for 
correctness and presented as a confirmed solution to the new problem case. 
In the retention step, this new case with its verified solution can be added to 
the case base as new knowledge. Thus, the CBR system provides the 
classified FT and HRV measurement as an output for the diagnosis of 
individual sensitivity to stress. 
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Fuzzy intersection is applied between the two fuzzy sets to get a new 
fuzzy set which represents the overlapping area between them. Similarity 
between the old case (Sf) and the new case (Cf) is now calculated using 
Equation 4.3-1 (Begum et al., 2006; Paper II) 

 (4.3-1) 

where m1, m2 and om are the area of the corresponding fuzzy sets. For 
instance, m1=5.45 and m2=3.15 where area is defined by the equation 
area=(1/2) x base x height. For om=0.92, height is defined from the 
intersection point of the two fuzzy membership functions. So from Equation 
2, the calculated local similarity can be min (0.17, 0.29)=0.17 and max is 
0.29. If the mfs are considered as 100 % fuzzified then minimum local 
similarity will be 0.34 and maximum will be 0.58. Thus, a user can get the 
options both for tuning the mfs and choosing the min/max values for the 
similarity function based on their requirements. When the overlapping areas 
become bigger, then the similarity between the two features will also 
increase, and for completely matched features the similarity will be 1.  

An overview of the CBR stress diagnosis system using FT and ECG 
sensor signal (i.e. HRV) is shown in Fig. 4.3-2. The system can provide 
matching outcomes in a sorted list of best matching cases according to their 
similarity values in three circumstances: when a new problem case is 
matched with all the solved cases in a case base (between subject and class), 
within a class where the class information is provided by the user and also 
within a subject.  

For example, Fig. 4.3-3 displays a screen shot which shows similarity 
matching of a current case with the previous cases in a ranked list.  The 
system identifies the current case with the reliability of 71.8% that the 
subject is under the state ‘very_stressed’. Users can adapt solutions i.e. it 
could be a combination of two solutions from the list of retrieved and 
ranked cases in order to develop a solution to the problem in the new case. 
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Figure 4.3-2 Overview of the case-based system based on physiological sensor 
signals 

Then clinician/expert determines if it is a plausible solution to the 
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correctness and presented as a confirmed solution to the new problem case. 
In the retention step, this new case with its verified solution can be added to 
the case base as new knowledge. Thus, the CBR system provides the 
classified FT and HRV measurement as an output for the diagnosis of 
individual sensitivity to stress. 
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Figure 4.3-3 Similarity matching of a current case with previous cases is presented 
in a ranked list of cases as solution.   
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This chapter shows how clinicians use sensor signals, calibrations and 
procedures to make a diagnosis. A brief introduction is given about how the 
finger temperature is interpreted by clinicians and how HRV signals are 
interpreted by clinicians. Based on this a computer based diagnosis system 
follows the same principals and a procedure which produces reliable results 
and provides transparency for clinicians.  
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CHAPTER 5 

 EVALUATION 
 

The evaluation of the decision support system is presented in this chapter. 
 

Evaluation of a medical DSS is an important issue before introducing it into 
a day-to-day clinical environment. “Evaluation of medical decision support 
systems is important because these systems are planned to support human 
decision making in tasks where information from different sources is 
combined to support clinicians' decisions concerning diagnosis, therapy 
planning and monitoring of the disease and treatment processes.” (Nykänen 
et al., 1991). According to Watson (1997) evaluation of a CBR system can 
be performed by verification tests (i.e. building the system right) and 
validation (i.e. building the right system). For the DSS, performance is 
evaluated by doing some preliminary verification tests and experimental 
work.  

The prototype systems are developed in Java using the FT and HRV 
measurements to evaluate the performance. Some of the verification 
techniques for CBR systems described in (Watson, 1997) are followed here. 
A detailed paper of the verification is available in (Ahmed et al., 2011). The 
two basic verification techniques are a) Check Retrieval Accuracy - if the 
system is inputted with a case that is already available in the case-library 
does it retrieves the same cases with 100% similarity b) Check Retrieval 
Consistency - if we use the same case twice does the system provide us with 
the same list of best matching cases with the same retrieval accuracy.  

The performance in terms of accuracy has been compared with a domain 
expert, where the main goal is to see how close the system can perform 
compare to the expert. The expert involved in the experiments has been 
working both as a clinician and as a researcher in the field of 
psychophysiology for more than 20 years. Also, for evaluation purposes,
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The cases are classified as healthy (1) or stressed (0). Fig. 5.1-1 shows 
that the expert’s overall classification is better described by the HR (on an 
average 82%) than the other parameters. 

Table 5.1-1 Classification by the experts using three different parameters FT, HRV 
and RR 

Case Id Overall 
classification FT HR RR 

1 0 1 0 0 
2 0 0 0 0 
3 1 1 1 0 
4 0 0 0 0 
5 0 1 1 0 
6 0 0 1 0 
7 1 1 1 0 
8 1 1 0 1 
9 1 0 1 1 
10 1 0 1 1 
11 1 1 1 1 
12 1 0 1 1 
13 0 1 1 0 
14 1 0 1 1 
15 1 1 1 0 
16 0 0 0 1 
17 1 0 1 1 
18 1 1 1 1 
19 1 1 1 1 
20 1 1 1 1 
21 0 0 0 0 
22 0 0 0 1 

R2 (Overall vs. Individual classification 
parameters) 0.64 0.82 0.77 
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5.1.1 System’s Performance Using FT Measurements 

In this experiment, the levels of stress are classified by the expert into five 
classes ranging from 1 to 5 where 1=Very Stressed, 2=Stressed, 
3=Normal/Stable, 4=Relaxed and 5=Very Relaxed. The 5 test groups (TG) 
of various numbers of cases have been created (i.e. TG-A=5, TG-B=7, TG-
C=9, TG-D=11 and TG-E=14) where cases are selected randomly and 
classified by the expert. These formulated test cases were then used in the 
classification process by the CBR system using the fuzzy similarity 
matching algorithm.  

Closeness to the expert’s classification: The results of the experiment for 
each test group are illustrated in Table 5.1-2. As can be seen from the table, 
the first two columns present the name and the number of the cases for each 
test group. The classification of the cases in each group by the CBR system 
is then compared with the expert’s classification.  

Table 5.1-2 Experimental results for the test groups 

Test 
Group 

Number of 
Cases 

Goodness-of-fit 
(R2) 

Absolute mean 
Difference 

TG-A 5 0.94 0.20 

TG-B 7 0.92 0.14 

TG-C 9 0.67 0.33 

TG-D 11 0.78 0.30 

TG-E 14 0.83 0.28 

Average 9.2 0.83 0.25 

 
Goodness-of fit (R2) and absolute mean difference (error) by the system 

for these five groups have been calculated and presented in Table 5.1-2. R2 
values of all the sets are 0.94, 0.92, 0.67, 0.78 and 0.83; absolute mean 
differences of the five sets are 0.20, 0.14, 0.33, 0.30 and 0.28; so the 
average R2 and error values of these sets are 0.83 and 0.25, respectively.  
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Correctly classified cases: Fig. 5.1-2 illustrates a comparison for each 
group on the basis of the number of cases and correctly classified cases. In 
Fig. 5.1-2, the blue column represents the total number of cases in a group 
and the red column shows the number of cases correctly classified by the 
system for the corresponding group.   

For each case in each test group, the CBR system correctly classifies 
80%, 86%, 78%, 82%, 86% of the cases. So, from the experimental result, it 
can be observed that the classification system correctly classifies cases with 
an average accuracy of 82%. Table 5.1-3 describes that for the class Very 
Stressed, the system classifies 88% correctly and for the Stressed class, it 
classifies cases with an accuracy of 75% compared to the expert’s 
classification. 
 

 

Figure  5.1-2 Comparison results of the classification for the five test groups (i.e. 
TG-A, TG-B, TG-C, TG-D, TG-E and average of all the groups) 

Here for instance, a serious false negative means that the case was 
misclassified as Relaxed whereas the expert has classified the patient as 
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Stressed. Similarly, a low false positive case means that the case was 
misclassified as VeryStressed whereas the expert has classified the case as 
Stressed. Table 5.1-3 presents the total distribution of the classified cases 
where it shows that 80% of the cases are classified correctly by the system. 

Table 5.1-3 The total distribution of correctly classified cases 

Classification criteria Values 

Correctly classified cases in VeryStress class 88% 

Correctly classified cases in Stress class 75% 

Correctly classified cases in total 80% 

Low false positive 5% 

Low false negative 10% 

Serious false negative 5% 

 
Performance of the similarity matching algorithms and comparison with 

trainee clinician: The performance of the three matching algorithms 
modified distance, similarity matrix, and fuzzy matching implemented in 
this system are also evaluated (see details in Begum et al., 2009; Paper VI). 
The performance is investigated concerning the ranking and similarity 
aspects. Experimental work has also been done to see how good the system 
can classify compared to trainee clinicians (Ahmed et al., 2011). It shows 
that the system could work as well as or sometimes better than some less 
experienced clinicians. 

5.1.2 System’s Performance Using HRV Measurements 

Closeness to the expert’s classification: The details of the experimental 
work are described in (Begum et al., 2011; Paper V).  
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Figure 5.1-3 Sensitivity and specificity test using Time, Frequency and Time-
frequency (i.e., multi-domain) domain features 

 Sensitivity, specificity and accuracy are used as indices for the 
experiment and a weighted average method has been applied in order to 
combine the time and frequency domain features. It can be seen from Fig. 
5.1-3 that using only the time domain features, 73% sensitivity is achieved 
and the obtained specificity and accuracy are only 79% and 76% (lowest 
achievement). Whereas, when considering 70% of frequency and 30% of 
time domain features the sensitivity, specificity and accuracy achieved as 
highest as 91%, 88%, and 89%.  

On the other hand, considering 80% of frequency and 20% of time 
domain features the sensitivity, specificity and accuracy achieved the 2nd 
highest i.e. 82%, 88%, 85%. So, multi-domain features perform better in 
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terms of sensitivity, specificity and accuracy than using features from only 
frequency or time domain. 
 System’s performance compared to the expert and a senior clinician: 
One expert and a senior clinician have taken part in this study. 22 cases 
were chosen randomly and all the cases classified both by the expert and the 
senior clinician. The goal was to see the system’s performance compared to 
the expert and the senior clinician (Begum et al., 2011). 
 

 

Figure 5.1-4 Sensitivity and specificity test based on the expert’s and a senior 
clinician’s classification 

 Fig. 5.1-4 shows the Sensitivity and specificity test based on the expert’s 
and a senior clinician’s classification. According to the expert, out of 22 
cases, 12 cases are classified as stressed and 10 are classified as healthy. 
Among the 12 stressed cases, 10 are correctly diagnosed as stressed (i.e. true 
positive) and only 2 are incorrectly identified as healthy (i.e. false negative) 
by the system. Likewise, among the 10 healthy cases, 8 are correctly 
classified as healthy (i.e. true negative) and 2 are incorrectly classified as 
stressed (i.e. false positive) by the system. So, the obtained sensitivity and 
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specificity are 83% (stressed persons are identified as ‘stressed’ by the 
system) and 80% (healthy persons are identified as ‘healthy’ by the system). 
The overall accuracy obtained is 81%. 
 According to the senior clinician, out of 22 cases, 11 cases are classified 
as stressed and 11 are classified as healthy. Note that, both the expert and 
the senior clinician have classified some of the cases into the same classes 
whereas some are classified to dissimilar classes. Among the 11 stressed 
cases, 9 are correctly diagnosed as stressed (i.e. true positive) and only 2 are 
incorrectly identified as healthy (i.e. false negative) by the system. 
Similarly, among the 11 healthy cases, 10 are correctly classified as healthy 
(i.e. true negative) and 1 is incorrectly classified as stressed (i.e. false 
positive) by the system. So, the sensitivity and specificity obtained are 81% 
and 90%. The overall achieved accuracy is 86%. 
 Therefore, sensitivity is an important factor for this domain and the 
system in terms of sensitivity (83%) matched marginally closer to an expert 
than the senior clinician (81%).   As we can see that the clinician and expert 
have dissimilar classification results it is obvious that the test provides us 
different result. However, the system can on average diagnose stress 82±1% 
accurately in terms of sensitivity and 85±5% in terms of specificity. 
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CHAPTER 6 

DISCUSSION, CONCLUSIONS AND 
FUTURE WORK 

 
This chapter summarizes the thesis contributions and discusses the issues related 
to justification of using the methods and physiological parameters. It also presents 
a discussion about the evaluation and results of the system. The boundaries and 
limitation of the system are also included at the end of the chapter. Conclusions 
drawn from the research work are discussed in the context of future research 
challenges of interest and future potential and possible directions in which the 
research work can be continued. 
 
The DSS to diagnose stress described in this dissertation has been developed 
in close collaboration with clinicians. During the research, several research 
questions are addressed and different solutions complement each other and 
contribute to an overall accomplishment of the thesis work. The nature of 
the research area is analysed carefully to be able to make an appropriate 
choice of methods and strategy. To diagnose stress the method of case-
based reasoning is employed comparing previous similar cases in terms of 
features extracted. Also a calibration phase is introduced to estimate 
individual parameters in diagnosing individual stress levels. Moreover, 
fuzzy techniques are incorporated into our CBR system to better 
accommodate uncertainty in clinicians’ reasoning as well as decision 
analysis.  
  Initially, the CBR system has been implemented using FT. At the next 
step the system was adapted for using HRV and when developing this 
system the same methods are applied as previously used in the FT system.  
During the development of the HRV system a significant degree of 
reusability has been achieved since the same methodology works for the two 
different physiological sensor signals (i.e. FT and ECG) even though the 
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signal characteristics are different. Thus, the methodology could be 
applicable for developing such systems using other biomedical sensor 
signals in domains similar to the stress diagnosis.   

6.1 METHODS RELATED ISSUES 

In reality, clinicians or experts in the medical domain do not always follow 
precise rules or schemas while making decisions. Their judgements might 
sometimes depend on vague or probabilistic information, which they apply 
intuitively (Dawes et al., 1989) or they can also take decisions even when 
the information is incomplete or contradictory (Forsythe et al., 1992). These 
are some of the reasons why even today diagnosis of disease is mostly 
manual and rarely aided by computerised systems. This scenario is also true 
in the psychophysiological domain for diagnosing stress. Therefore, 
developing computer-based medical diagnostics is an interesting and 
challenging area. The early AI systems for medical decision making 
emerged around the 1950’s mainly built using decision trees or truth tables. 
After that, different methods or algorithms have been introduced to 
implement medical decision support systems such as, Bayesian statistics, 
decision-analytical models, symbolic reasoning, neural-networks, rule-based 
reasoning, fuzzy logic etc.  

6.1.1 Why CBR? 

Many of the early AI systems attempted to apply rule-based reasoning in 
developing computer-based diagnosis systems. Some of the preliminary 
criteria for developing a rule-based system are that the problem domain 
should be well understood, constant over time and the domain theory should 
be strong i.e. well defined (Watson, 1997). In psychophysiology, the 
diagnosis of stress is so difficult that even an experienced clinician might 
have difficulty in expressing his knowledge explicitly. Large individual 
variations and the absence of general rules make it difficult to diagnose 
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stress and predict the risk of stress-related health problems. On the other 
hand, CBR works well in such domains where the domain knowledge is not 
clear enough i.e. weak domain theory. Furthermore, CBR systems can learn 
automatically which is very important as the medical domain is evolving 
with time. Rule-based systems cannot learn automatically as new rules are 
usually inserted manually and rules are often highly dependent on each 
other, requiring extensive validation to ensure reliability. Statistical 
techniques are also applied successfully in medical systems. But to apply 
statistical models a large amount of data is required to investigate a 
hypothesis and the amount of data available in our application domain is 
limited and costly to acquire. The reasons why some of the signal 
processing techniques i.e., FFT and statistical methods such as  calculating 
the mean and standard deviation are not appropriate for diagnosing stress 
using FT is discussed in (Begum, 2009; Paper III). FFT computes a 
sequence of values into components of different frequencies but for FT the 
amplitude of the frequency components is not an indication of stress. Again, 
if we consider mean temperature or standard deviation for two cases where 
one is relaxed (e.g., FT is increasing from 27 27° C to 29° C) and one is 
stressed (e.g., FT is decreasing from 29° C to 27° C) their values will be the 
same.  
 
Several motivations for applying CBR to diagnose stress in this project can 
be identified as: 
 

- Possesses similarity with clinician’s typical reasoning process: CBR 
(Watson, 1997) and (Aamodt and Plaza, 1994) are inspired by the way 
humans’ reason i.e. to solve a new problem by applying previous 
experiences. This reasoning process is also medically accepted and the 
experts in diagnosing stress also rely heavily on their own and others past 
experience to solve a new case. This is the prime reason why we prefer to 
use CBR.  
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- Overcomes the knowledge elicitation problem: Knowledge elicitation 
is another problem in diagnosing stress, as human behavioural response 
to stress is not always predictable. Even an experienced clinician in this 
domain might have difficulty in articulating knowledge explicitly. 
Sometimes experts make assumptions and predictions based on 
experiences or old cases. To overcome this knowledge elicitation 
bottleneck we use CBR because in CBR, this elicitation can be 
performed with the previous cases in the case base.  

 

- Works for weak domains and handles individual variations: In order 
to diagnose stress, we use measurement of finger temperature and ECG 
(i.e., HRV). By analysing these biomedical signals we identified large 
individual variations which make it difficult to define a model or use a 
set of rules. So, AI methods such as rule-based reasoning or model based 
reasoning are less suitable in this context. CBR can be used when there 
are no sets of rules or a model (Hinkle and Toomey, 1994), therefore, 
CBR was chosen for this application.    

 

- Reduces mistakes: To implement a CBR system in this domain we 
need to identify features from the measurement of FT and HRV which 
would allow a clinician to identify features for the success or failure of a 
case. These new features would increase reliability in future diagnosis 
and help to reduce the repetition of mistakes in the future. 
 

- Maintenance advantage: The knowledge in the domain is growing 
with time so it is important that the system can adapt and learn new 
knowledge. Many of the AI systems failed to continue because of the 
lack of this type of maintenance. CBR systems can learn by adding new 
cases into the case base. Expert’s strategies or views for diagnosis could 
be changed and accommodated dynamically into the CBR system. 
Therefore, the CBR systems can reason using different profiles when 
different clinicians might have different judgements on a case.  
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- Benefit of case base: The cases in the case base can be used for the 
follow up of treatment and also for training less experienced clinicians.  
 

- Compatible with other methods: Since CBR is a methodology it is 
also possible to include and use other techniques with CBR which is 
important to take advantage of other techniques for better and improved 
performance.   

 
Some problems while implementing the case-based diagnostic system is 
discussed below:  
 

- Insufficient cases in the case library: One of the problems of 
developing CBR systems is that the case library should contain 
qualitative and representative cases. This is the problem that we have 
also faced during the implementation of our CBR system. The number of 
cases especially for a particular class ‘Very Relaxed’ was not enough in 
the case library and this reduced the performance of the system for 
diagnosing new patients of that particular class. However, we have 
introduced fuzzy rule-based reasoning to generate artificial cases (Ahmed 
et al., 2008).  
 

- Automatic adaptation: Another problem is the automatic 
adaptation. In medical systems, there is not much adaptation, especially 
in a decision support system where the best cases are proposed to the 
clinician as suggestions of solutions and when the domain knowledge is 
not clear enough (Watson, 1997). The DSS described here does not 
contain any automatic adaptation. However, the solution of a past case 
often requires adaptation to find a suitable solution for the new case. This 
adaptation might often be a combination of two or more solutions of 
cases from the retrieved cases. Therefore, retrieving a single matching 
case as a proposed solution may not be sufficient for the DSS in this 
domain. So, the proposed system retrieved a list of ranked cases but the 
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adaptation and validation of cases has been carried out by clinicians in 
the domain. 

6.1.2 Why Fuzzy similarity matching? 

Fuzzy techniques are incorporated into our CBR system to better 
accommodate uncertainty in clinicians reasoning. Many crisp values both 
from the FT and HRV measurements given by a clinician are known to have 
a possibility distribution often known by experts and used in their reasoning. 
We propose that this dimension and domain knowledge is represented by 
fuzzy similarity, a concept well received by clinical experts. Representation 
of a similarity values using a matrix (Begum et al., 2009a; paper VI) often 
shows a sharp distinction which may provide an unreliable solution in 
domains where it is known that these values are less exact. Fuzzy similarity 
matching reduces this sharp distinction and handles the underlying 
uncertainty existing in the reasoning process. 

6.1.3 Why FFT  

DFT and FFT are efficient and well known methods in Fourier analysis to 
compute a sequence of values into components of different frequencies.  It 
is widely employed in signal processing to analyse the frequencies 
contained in a sampled signal i.e. to convert time domain signals into 
frequency domain signals. It is one of the most popular methods practiced 
commonly in calculating the PSD as discussed in chapter 4. However, FFT 
is not always a good solution for signals that are non-stationary and does not 
contain little information related to time. Therefore, Discrete Wavelet 
Transformation (DWT) (Coifman et al., 1992) is also applied to see whether 
we get any improved result in PSD analysis. Wavelet Transform is an 
extension of Fourier Transform. DWT measures frequency at different time 
resolutions and locations. For the DWT the coefficients are inclined by the 
sub-series of different sizes.  
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However, it shows that there are no significant differences in values of 
the LF, HF, ULF and VLF calculated using the FFT or DWT for the IBI 
signal (Jasson et al., 1997). Besides, a system for a master’s thesis project 
was also developed using HRV where the ‘Daubechies 4’ algorithm was 
applied (Islam, 2010). The algorithm can calculate the coefficient up to level 
N where the numbers of data points are 2N. Here, the coefficients are 
calculated up to level 4.  The maximum, minimum, mean value and standard 
deviation of each level are considered as DWT features for representing a 
case. But the evaluation does not provide any performance improvement 
using these DWT features. So, DWT for spectrum analysis or feature 
calculation have not been considered for developing the system.   

6.2 PHYSIOLOGICAL PARAMETERS RELATED 
ISSUES                                                                                                                    

Physiological parameters commonly measured to diagnose stress are: skin 
conductance, finger temperature (FT), respiration e.g. end-tidal carbon 
dioxide (ETCO2) and Respiratory Rate (RR), Electromyography (EMG), 
Electrocardiography (ECG) e.g. heart rate (HR), respiratory sinus 
arrhythmia (RSA) and heart rate variability (HRV), 
Electroencephalography (EEG), brain imaging techniques, oculomotor and 
pupilometric measures etc. The physiological parameters that we have used 
in our system are FT and HRV. A discussion about these two parameters, 
FT and HRV is available in chapter 2 and chapter 4. 

6.2.1 Why FT?  

Clinical studies show that FT in general, decreases with stress. The pattern 
of variation within the FT signal could help to determine a stress-related 
disorder (Blanchard et al., 1982) since it reflects the activities of SNS in a 
simple way. For the other conventional methods such as respiration (e.g. 
end-tidal carbon dioxide (ETCO2)), heart rate and HRV etc. used clinically, 
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the diagnosis often expensive and require equipment (often using many 
sensors) not suitable for use in non-clinical environment and without 
experienced clinical staff. FT is relatively easy to understand and use. This 
is helpful for e.g. biofeedback training. Furthermore, the FT measurement 
can be collected using a sensor (comparatively low in cost) and used as a 
supplementary convenient tool to diagnose and control stress at home and at 
the work place by a general user.  

6.2.2 Why HRV? 

HRV was first introduced clinically in the late 1965s (Malik, 1996). It has 
been used by researchers during the last few decades to monitor stress. It 
reflects the activities of the autonomous nervous system and is a well- 
known parameter to analyse balance between the SNS and PSNS.  As a 
result the analysis of HRV has become a popular method to diagnose stress-
related disorders (Kemper et al., 2007; Kumar et al., 2007; Adelmann, 1999; 
Carvalho et al., 2000; Lee and Chiu, 2010 and Aysin and Aysin, 2006). An 
interesting experiment was also done to see which parameter is more 
reliable in stress diagnosis. In our system, cases are individually classified 
by the expert using different biological signals i.e. FT and HR. The expert 
also provides us his overall classification based on other parameters. The 
evaluation result (Chapter 5) shows that HR provides more accurate result 
compare to the others. Perhaps, HRV is more reliable but not so visible to 
describe the relationship with stress and often requires explanation by 
clinical staff. We have introduced HRV as a reference of our initial work 
with FT. It also increases the reliable of the system. RSA, a component of 
HRV can be used for biofeedback training and Nilsson et al. (Nilsson, 2005) 
has investigated RSA patterns for diagnosing stress.    
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6.3 RESULT RELATED ISSUES                                                                               

The aim of the project is to develop algorithms able to classify biological 
sensor signals e.g. such as finger temperature and ECG (i.e. heart rate 
variability) to diagnose individual stress. To accomplish this goal we have 
addressed several research questions and sub-questions as discussed in 
chapter 1. The answer to each of these research questions has resulted in the 
following contributions which are briefly descried in the included papers.   
  
RQ1. The first research question was “What methods/techniques can be 
used for developing a stress diagnosis system?” To answer this question - 

- We have done a study about parameters that are commonly used for 
measuring stress and since our aim is to use the system in clinical and 
non-clinical environment we have worked on FT and HRV as discussed 
earlier in section ‘Physiological parameters related issues’.  
 

-The methods traditionally used in developing diagnostic decision 
support systems are also explored and CBR is found to be more suitable 
for the domain as describe in ‘Methods related issues’ section. As a part 
of the investigation a comprehensive survey on trends and developments 
of recent medical CBR systems has been done (Begum et al., 2011; Paper 
I) which demonstrates that CBR is a methodology that is increasingly 
used in research projects for medical applications. 

 
RQ2. The second research question was “How can we build a DSS able to 
assist clinicians in a complex medical domain when there are no clear 
guidelines and large individual variations?” This question leads to two 
other sub-questions.   

RQ2.1 Second sub-research question: one is “What is needed for 
enabling a computer aided system to identify individual stress level?”  
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-In this sub-question we emphasised the complexity of individual 
diagnosis. It is already known that the stress response has large 
individual variations and there are no general sets of rules and the 
diagnosis also depends on other contextual information. So the most 
important challenge is to identify a method/approach that is clinically 
acceptable in identifying individual stress. Moreover, at the same time 
the measurements using physiological sensor signals should be 
comparable (a precondition of computer-based systems) despite large 
individual variations. A novel combination of ‘calibration phase’ and 
AI methods and techniques meeting these requirements are explored 
to propose algorithms enabling individual diagnosis in (Begum et al., 
2006; Paper II).  

RQ2.2 Second sub-research question: another is “How can essential 
features for stress diagnosis can be extracted from sensor signals such 
as finger temperature and ECG?”   

-The answer to the research question contributed to a novel feature 
extraction technique to extract features from slowly varying 
physiological sensor signal i.e. FT as discussed in (Begum 2009; 
Paper III). The system in (Paper V) shows how a uniform hybrid case 
can be formalized combining time and frequency domain features 
which represent the heart rate variability signal. Even though the 
features used in the system to identify stress are not always similar to 
the clinicians the system provides a similar conclusion which is shown 
in the evaluation chapter. Thus, it avoids the knowledge acquisition 
bottleneck in the system. 
 

-In general, the second question also contributed in defining the 
algorithms for the computer-based classification of individual stress 
and developing a CBR system (Begum et al., 2009; Paper IV; Paper 
V). 
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It explores how fuzzy similarity matching algorithm improves 
system’s performance by handling uncertainty inherently existing in 
the clinicians’ reasoning process of stress diagnosis. Further, it proves 
that it is possible to make complex diagnosis in domains previously 
only manually diagnosed. This shows that artificial intelligence 
enables decision support in complex and weak domains such as stress 
diagnosis domain. Finally, evaluation of the system reveals that the 
proposed algorithm has the potentiality to apply it in clinical as well as 
in non-clinical environments to identify personalized stress. 

6.4 BOUNDARIES OR LIMITATIONS OF THE STRESS 
DIAGNOSIS SYSTEM 

As discussed above, the system has explored new directions and has several 
contributions however the following are some of the boundaries and 
limitations of the system:  
 

- The number of cases in the case library: One of the short coming of 
the system is that the number of cases used for the system evaluation is 
limited. Even though the system’s performance has been evaluated using 
different methods and approaches performance changes might have been 
expected if the system is tested with large number of cases in the case 
library.  
 

- The number of physiological parameters: One of the other issues is 
that other physiological parameters used by clinicians e.g. RSA, 
Respiration, Skin conductance etc. could be analysed and used in the 
DSS system.  
 

- Automatic adaptation: Automatic adaptation in CBR especially in the 
medical domain is one of the key research challenges since knowledge in 
this domain is most of the time difficult to articulate with only some sets 
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of rules. Moreover, diagnostics and treatment often requires individual 
solutions which rarely depend on general solutions. Since medical 
decisions affect quality of life, it is often the expert or clinician who has 
to take the final decision even though the computer-based system 
provides a diagnosis and solution. In the system, a sorted list of similar 
cases is presented to the clinician and he/she has the opportunity to 
investigate every case with their feature values. So, it provides them the 
opportunity to combine two or three solutions to provide a solution for 
the current case. However, it does not provide any automatic adaptation 
solution. It is the expert/clinician who has to perform the final adaptation 
and validation manually.  
 

- Real patient data and day-to-day clinical use: The system has not 
been tested using real patient data diagnosed with severe stress needing 
medical treatment. It is a typical problem in the medical domain that real 
patient data is very difficult to collect for testing computer-based 
systems. The performance of the system when diagnosing stress in 
severely stressed patients may need refinement. The system has not been 
evaluated in day-to-day clinical use. Although the system has been tested 
by clinicians, it is essential to use the system in a clinical environment 
before the value can be fully evaluated.   
 

- Comparison with other methods: Even though the system uses an AI 
method that is well suited for the characteristics of the domain and the 
evaluation also proves that the system provides output similar to an 
expert in the domain it could be tested using other methods. For example, 
if there are large amount of data a statistical model could be developed to 
find which independent variables are significant to explain the dependent 
variable stress or a knowledge discovery approach can be applied for 
automatic feature selection (Funk and Xiong, 2006). Other AI methods 
e.g. neural networks or a data mining algorithm could be tested. Since 
this is out of scope of this project this has not been tested.  
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- Integrated results: Two prototype systems were developed for 
evaluating the system and the combined result using FT and HRV is 
missing so the overall improvement of combining these are not known.    
 

- Generality of the approach: Even though the evaluation shows that 
the system also works well for 2 different experts it could be tested 
introducing other experts in the domain.  

6.5  CONCLUSIONS AND FUTURE RESEARCH 

The contributions are presented in detail in the included papers. In short, the 
major findings of this research can be pointed out as follows: it provides 
feature extraction methods that can automatically identify essential features 
from the FT and HRV sensor data, individual stress profiling is also 
accomplished by introducing a calibration phase, and proposes a better 
similarity matching algorithm that works close to an expert’s level 
compared to a traditional similarity algorithm. The evaluation of the work 
shows a level of performance close to an experienced expert.  
 Thus, from the research work we could conclude that using FT sensor 
signals the system could serve as a convenient tool to diagnose stress-related 
dysfunctions at home and at work without the supervision of clinical staff. 
Hence, this would support non-clinical users and can also be used as an 
auxiliary system in a clinical environment. HRV on the other hand, provides 
more reliable diagnosis and is suitable for clinical use. The system could 
support clinical and non-clinical users to diagnose their stress level and 
thereby improve individual health care.  

6.5.1 Future Research 

Several research topics could be investigated further on the basis of the 
work presented in this thesis.  
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signals the system could serve as a convenient tool to diagnose stress-related 
dysfunctions at home and at work without the supervision of clinical staff. 
Hence, this would support non-clinical users and can also be used as an 
auxiliary system in a clinical environment. HRV on the other hand, provides 
more reliable diagnosis and is suitable for clinical use. The system could 
support clinical and non-clinical users to diagnose their stress level and 
thereby improve individual health care.  

6.5.1 Future Research 

Several research topics could be investigated further on the basis of the 
work presented in this thesis.  
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Some of the possible research directions are as follows:   
 

- First, in future the system could be evaluated with a larger number of 
real cases to investigate the precise reliability of the system. User-level 
evaluation of the DSS is important to be able to implement it in a clinical 
environment. The big challenge is to integrate the system into a clinical 
environment and handle real patient data to make significant 
improvements in patient care. 
 

- Automatic feature weighting and adaptation are important issues in 
medical CBR systems that could be investigated in our system.  
 

- For HRV, 55 features are selected from both time and frequency 
domains. An investigation can be done to reduce this number but 
improve or keep the same level of performance.  
 

- Today the system is based on two physiological parameters i.e. FT 
and HRV. In future, several other parameters such as Respiration rate, 
Skin conductance etc. could be investigated as a reference of the work for 
more reliable and efficient decision support in stress management.   
 

- The system works well for the two different sensor signals which 
encompass different signal characteristics. However, the system could be 
evaluated with cases outside the domain (e.g., diagnosing other illnesses 
such as Alzheimers, Parkinsons etc.) to test the generality of the system. 
 

- The implementation of an intelligent portable sensor system in 
diagnosing stress is on-going within supervised student projects. 
 

- Now-a-days, people are aware of the effect of stress and individual 
performance and well-being. Consequently, the need of such a system to 
diagnose stress is increasing not only for clinical purposes but also for 
other reasons e.g., stress diagnosis for drivers (general or professional), 
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mariners and pilots to avoid accidents, for athletes to achieve better sport 
performance, for elderly people (since at this stage people are often alone 
and feel stressed) for improved quality of life, for students to achieve 
good results, for business and working places to improve productivity 
and reduce sick leave and even for police/fire fighters/soldiers on the 
field can assess their own stress since high stress levels are known to 
influence decision making negatively. In future, it would be interesting to 
test the algorithm in some areas perhaps with some adaptation and 
suitable sensor settings depending on the application area.     
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CHAPTER 7 

 OVERVIEW OF THE APPENDED 
PAPERS  

 
This chapter summarises the thesis contributions. A short summary for each 
included paper, author’s contribution and major findings are also presented here.  
 
The contributions of this research work have been described in the included 
four research papers. The connections between the research questions and 
the contributions can be seen from Table 1 (Introduction chapter). This 
section shortly summarizes the contributions from each paper. The full 
versions of these papers are presented at the end (Part II) of this thesis. 

7.1  PAPER I  

Case-Based Reasoning Systems in the Health Sciences: A Survey on Recent 
Trends and Developments. Shahina Begum, Mobyen Uddin Ahmed, Peter 
Funk, Ning Xiong and Mia Folke. IEEE Transactions on Systems, Man, and 
Cybernetics--Part C: Applications and Reviews. December, 2011  
 

Author’s contribution: Shahina Begum is the main author of the paper. 
She has done relevant system’s studies (for 18 systems), literature reviews, 
and analysis of the systems properties. The result and result discussion were 
done in co-operation with the other co-authors.  
 

Summary: This paper presents a comprehensive survey of applied 
research of CBR in medical domains. A number of recent medical CBR 
systems are analysed deeply in terms of not only their functionalities but 
also the techniques adopted for system construction. In particular we outline 
a variety of methods and approaches that have been used for case matching 
and retrieval which play a key role in these medical CBR systems. The 
survey shows that CBR has been a powerful methodology applied in many 
medical scenarios for various tasks such as diagnosis, classification, 
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tutoring, treatment planning, as well as knowledge acquisition/management. 
It also leaves us with the awareness that hybridization of CBR with other AI 
techniques such as ontology, rule-based reasoning, data mining, fuzzy logic, 
neural network, as well as probabilistic and statistical computing would 
create promising opportunities to enhance CBR systems to scale up to 
increasingly large, complex, and uncertain data and information in clinical 
environments. 
 

Major finding: Reviews the potentiality of CBR in the medical domain. 

7.2  PAPER II 

Using Calibration and Fuzzification of Cases for Improved Diagnosis and 
Treatment of Stress. Shahina Begum, Mobyen Uddin Ahmed, Peter Funk, 
Ning Xiong, Bo von Schéele. Proceedings of 8th European Conference on 
Case-based Reasoning workshop proceedings, September, 2006 
 

Author’s contribution: Shahina Begum is the main author of this paper. 
She has written the chapters establishing a person's stress profile, related 
work, data collection and analysis, preparing data for the case- based 
system, case representation and matching. The other chapters i.e. abstract, 
introduction, fuzzy cases, capturing variations and probabilities, and 
summary and conclusion where written with contribution by the co-authors.  
 

Summary: In this paper a stress diagnosing system using CBR has been 
designed based only on the variation of the finger temperature 
measurements. This paper proposes a combined approach based on a 
calibration phase and case-based reasoning to provide assistance in 
diagnosing stress, using data from the finger temperature. But this research 
does not address whether any other factors could also be used in diagnosing 
individual stress level. A 6 step (i.e. Base line, Deep breath, Verbal stress, 
Relax, Math stress and Relax) calibration phase is described here for 
establishing a person’s stress profile based on a number of individual 
parameters.  

                                                                                                                  7.3 Paper III 
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The individual cases including calibration and fuzzy membership functions 
show promising results to be used in an autonomous stress diagnosis system 
for individuals often under high stress. 
 

Major finding: Defines a Calibration phase. 

7.3  PAPER III 

Sensor Signal Processing to Extract Features from Finger Temperature in a 
Case-Based Stress Classification Scheme. Shahina Begum, 6th IEEE 
International Symposium on Intelligent Signal Processing (Special Session 
on Signal Processing in Bioengineering), August, 2009 
 

Author’s contribution: Shahina Begum is the sole author of this paper 
and has contributed with the ideas and writing the chapters. 
 

Summary: One of the physiological parameters for quantifying stress 
levels is the finger temperature, which helps clinicians in the diagnosis and 
treatment of stress. However, this pattern of the finger temperature sensor 
signal is so individual and in practice, it is difficult and tedious even for 
experienced clinicians to interpret and analyse the signal to classify 
individual stress levels. So there is an inherent need to develop methods or 
techniques providing a computational solution to utilize this sensor signal in 
a computer-based system. This paper presents a feature extraction approach 
based on finger temperature sensor signals. The extracted features are then 
used to formulate cases in a case-based reasoning system to classify 
individual sensitivity to stress. The evaluation result shows an encouraging 
performance to apply the approach in feature extraction from slowly 
changing sensor signals such as finger temperature signal. 
 

Major finding: Describes feature extraction from the FT measurement. 
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7.4  PAPER IV 

A Case-Based Decision Support System for Individual Stress Diagnosis 
Using Fuzzy Similarity Matching. Shahina Begum, Mobyen Uddin Ahmed, 
Peter Funk, Ning Xiong and Bo von Schéele. The Journal of Computational 
Intelligence (CI), vol 25, nr 3, p180-195(16), Blackwell Publishing, August, 
2009 
 

Author’s contribution: for this journal paper Shahina Begum has worked 
as the main author and has written the chapters’ method and system 
overview, related work, features extraction and case formulation, case 
retrieval and matching. The evaluation and other chapters were done in co-
operation with the co-authors.  

 

Summary: The paper addresses a decision support system using case-
based reasoning in combination with other artificial intelligence (AI) 
techniques. Case-based reasoning is applied as the main methodology to 
facilitate experience reuse and decision explanation by retrieving previous 
similar temperature profiles. Furthermore, fuzzy techniques are also 
employed and incorporated into the case-based reasoning system to handle 
vagueness, uncertainty inherently existing in clinicians reasoning as well as 
imprecision of feature values. The paper shows that a fuzzy matching 
algorithm when combination with case-based reasoning is a valuable 
approach in domains where the fuzzy matching model similarity and case 
preference is consistent with the views of domain expert. This combination 
is also valuable where domain experts are aware that the crisp values they 
use have a possibility distribution that can be estimated by the expert and is 
used when experienced experts reason about similarity. This is the case in 
the psycho-physiological domain and experienced experts can estimate this 
distribution of feature values and use them in their reasoning and 
explanation process. In this system fuzzy similarity matching is applied in 
CBR-retrieval. In addition, in extracting features from signal data we have 
considered step 2 to step 6 of the calibration phase. The paper presents a 
result of the evaluation of a computer-aided stress diagnosis system in 
comparison to a domain expert/clinician. 
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Major finding: Describes a diagnosis system based on FT.  

7.5  PAPER V  

A Decision Support System Based on ECG Sensor Signal in Determining 
Stress. Shahina Begum, Mobyen Uddin Ahmed and Peter Funk Submitted 
to the journal Expert Systems with Applications. Elsevier. ISSN: 0957-4174 

 

Author’s contribution: Shahina Begum is the main author of this paper. 
She has contributed in writing the chapters: Related work, materials and 
methods, ECG signal analysis and feature extraction and case-based stress 
diagnosis system. The other chapters are written in co-operation with other 
authors.   
  

Summary: Today, it is a well-known fact that high levels of stress can 
have serious consequences over time on personal health.  So, stress 
diagnosis is an important issue which often involves acquisition of 
biological signals for example finger temperature, electrocardiogram (ECG), 
electromyography signal (EMG), skin conductance signal (SC) etc. 
followed by careful analysis of an expert. However, manual analysis of 
these complex biological sensor signals is difficult and tedious. Therefore, a 
computer-based personalized stress diagnosis system to assist clinicians in 
the domain is valuable. This paper presents a case-based system for 
intelligent analysis and classification of electrocardiogram (ECG) sensor 
signal to diagnose stress. This Case-Based Personalized Stress Diagnosis 
System enables reasoning based on past experiences and fosters experience 
sharing among clinicians leading to more reliable diagnosis. It applies 
several AI techniques i.e. experience-based outlier removal, Case-based 
Reasoning (CBR) and fuzzy logic together with signal processing methods 
i.e. Fast Fourier Transformation for efficient diagnosis.  The extracted 
features are used to formulate cases in a case-based reasoning system to 
develop a personalized stress diagnosis system. The results obtained from 
the evaluation show a performance close to an expert in the domain in 
diagnosing stress using ECG sensor signal. 
 

Major finding: Presents a stress diagnosis system based on HRV. 
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the psycho-physiological domain and experienced experts can estimate this 
distribution of feature values and use them in their reasoning and 
explanation process. In this system fuzzy similarity matching is applied in 
CBR-retrieval. In addition, in extracting features from signal data we have 
considered step 2 to step 6 of the calibration phase. The paper presents a 
result of the evaluation of a computer-aided stress diagnosis system in 
comparison to a domain expert/clinician. 

                                                                                     7.5 Paper V 
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Major finding: Describes a diagnosis system based on FT.  

7.5  PAPER V  

A Decision Support System Based on ECG Sensor Signal in Determining 
Stress. Shahina Begum, Mobyen Uddin Ahmed and Peter Funk Submitted 
to the journal Expert Systems with Applications. Elsevier. ISSN: 0957-4174 

 

Author’s contribution: Shahina Begum is the main author of this paper. 
She has contributed in writing the chapters: Related work, materials and 
methods, ECG signal analysis and feature extraction and case-based stress 
diagnosis system. The other chapters are written in co-operation with other 
authors.   
  

Summary: Today, it is a well-known fact that high levels of stress can 
have serious consequences over time on personal health.  So, stress 
diagnosis is an important issue which often involves acquisition of 
biological signals for example finger temperature, electrocardiogram (ECG), 
electromyography signal (EMG), skin conductance signal (SC) etc. 
followed by careful analysis of an expert. However, manual analysis of 
these complex biological sensor signals is difficult and tedious. Therefore, a 
computer-based personalized stress diagnosis system to assist clinicians in 
the domain is valuable. This paper presents a case-based system for 
intelligent analysis and classification of electrocardiogram (ECG) sensor 
signal to diagnose stress. This Case-Based Personalized Stress Diagnosis 
System enables reasoning based on past experiences and fosters experience 
sharing among clinicians leading to more reliable diagnosis. It applies 
several AI techniques i.e. experience-based outlier removal, Case-based 
Reasoning (CBR) and fuzzy logic together with signal processing methods 
i.e. Fast Fourier Transformation for efficient diagnosis.  The extracted 
features are used to formulate cases in a case-based reasoning system to 
develop a personalized stress diagnosis system. The results obtained from 
the evaluation show a performance close to an expert in the domain in 
diagnosing stress using ECG sensor signal. 
 

Major finding: Presents a stress diagnosis system based on HRV. 
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