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ABSTRACT

Autism spectrum disorder (ASD) is a group of developmental disabilities characterized
by impairments in social interaction and communication and by difficulties in emotion
recognition and regulation. There is currently no cure for autism but psychosocial
interventions and medical treatments exist. However, very few of them have been trialed
on young children and others pose limitations. Strengthening young children’s capacity to
manage their emotions is important for academic success. Thus it becomes important to
design and test the feasibility of an appropriate methodology that can teach emotion
regulation to young children (age 3-6 years) with ASD. This thesis addresses the problem
by proposing a novel framework that integrates physiology with Cognitive Behavior
Theory to enable emotion regulation in the target population by exposing them to real-
time stressful situations. The framework uses a feedback loop that measures the
participant’s physiology, estimates the level of stress being experienced and provides an
audio feedback. The feasibility of the individual building blocks of the framework was
tested by conducting pilot studies on nine typically developing children (age 3-6 years).
The attention capturing capacity of different audio representations was tested, and a stress
profile generating system was designed and developed to map the measured physiology
of the participant on to a relative stress level. 33 out of 43 instances of audio
representations proved to be successful in capturing the participants’ attention and the
stress profiles were found to be capable of distinguishing between stressed and relaxed
state  of the participants with an  average accuracy of 83%.
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Chapter 1 - Introduction

The American Psychiatric Association (APA) describes autism as a neurodevelopmental
syndrome that is defined by deficits in social reciprocity and communication, and by
unusual restricted, repetitive behaviors [56]. It is a lifelong pervasive developmental
disorder that appears during the first three years of life [10]. No two children with autism
possess the exact same profile and each child has a unique case [86]. However, the
difficulties these children face fall into core domains [86] and are generally characterized
as impairments in social communication and interaction and repetitive behaviors [14, 87,
4]. Children with autism also show deficits in recognizing emotion and expressing it [58],

when compared to Typically Developing (TD) children of the same age.

Several psychosocial and medical treatments have been adopted in the past in an attempt
to treat anxiety and to teach emotion regulation to this set of population. However, very
few interventions have been trialed with young children (age 3-6 years) [3]. While the
psychosocial treatment continues to be primarily theoretical, the medical treatment is
only able to address the associated features of anxiety in individuals with autism, instead
of targeting the primary difficulties [15, 16, 17, 18, 19]. The driving force in the universe
of wearable technology to assist individuals with autism is mostly confined to the design
of GPS monitoring devices to track wandering and lost individuals [59, 60]. A recent
innovation outside the world of GPS monitors is the development of T.Jacket by a
company named T.Ware, based in Singapore [61, 62]. T.Jacket is a wearable touch
technology vest that uses deep pressure therapy to simulate the feeling of a hug. It is
expected to benefit individuals with autism, sensory processing difficulties, Alzheimer’s
dementia, etc. by improving the user’s attention and ability to regulate arousal [62]. So
far, no wearable technological device has addressed the issue of emotion regulation by
studying the user’s emotional state in real-time, thus providing a more customized

solution to the heterogeneous population diagnosed with autism.

1.1 Motivation
The autistic population is highly heterogeneous with highly varied behavioral responses

and ability to regulate emotions. Thus, a special and personalized solution is needed to



assist each unique individual diagnosed with ASD. Since the effects of medication last
only as long as medication is consumed, with relapse occurring once the medication
regime is ceased [19], this approach appears to be constrained. One of the widely used
psychosocial interventions used for individuals with Autism Spectrum Disorder (ASD) is
the Cognitive Behavior Theory (CBT). It is a psychotherapeutic intervention that targets
the underlying cognitions and behaviors that maintain the individual’s anxiety. Its post-
treatment effects have been observed to last as long as six years [21]. Music therapy
appears to be another intervention that has been proved to have positive benefits [63].
However, the approach used by CBT can be turned into a more personal experience when
integrated with a universal yet personal possession. This possession is the physiology of
an individual which reflects his/her personal affective state, and can be used to study the
anxiety level of the individual [27]. The knowledge gained from CBT and physiology can
be integrated to realize the development of a wearable device which would monitor the
stress and anxiety level of the user in real-time and provide him a feedback about it.
Moreover, the use of music in the form of feedback or a soothing agent can improve the
capabilities and usability of this device. The user can be explicitly taught to use emotion-
regulation techniques whenever a feedback about high stress level is received. The
design of such a wearable device became the impetus for developing and testing the
feasibility of an appropriate framework that would serve as the intelligence in the

wearable device.

1.2 Problem Statement
The approaches to enable emotion regulation in children with ASD suffer from

methodological and theoretical limitations. These approaches either do not include trials
on young children (3-6 years of age) with ASD or lack the efficiency with which emotion
regulation is taught to this population. An early intervention can help lay a stronger
foundation for affect awareness and regulation since children as young as three years of
age have shown to respond to emotional stimuli [7]. Thus, the problem statement for this
thesis is to design and test the feasibility of an appropriate methodology that can teach
emotion awareness and regulation to young children (age 3-6 years) with ASD by

exposing them to real-time stressful situations, with the use of physiological signals. It is



believed that this framework can later be used to design a wearable device capable of
monitoring the user’s stress level and giving him constant feedback to use emotion

regulation techniques accordingly.

1.3 Methodology
This thesis addresses the problem mentioned in the above section by proposing a novel

framework that marries psychology with physiology to enable emotion regulation in
young children (age 3-6 years) with ASD using audio feedback. The goal of the thesis is
to test the feasibility of individual building blocks of the proposed framework which can
later be integrated to design a wearable device. Feasibility testing is achieved by
conducting several pilot studies on Typically Developing (TD) children before
approaching the highly varying autistic population. A block-diagram of this framework is

shown in the following diagram:

Step4  ATTENTION + AWARENESS OF AFFECT

Step 5a  EMOTION REGULATION: The sound may
also help the child relax and soothe his state

AUDITORY

REPRESENTATION
EMOTION

REGULATION
STRATEGIES

Measure Physiology

Generate Stress Template to
measure affect and change in
affect

EMOTION
REGULATION

Figure 1 Block Diagram of the Proposed Framework

The framework is realized by using a standard temperament assessment battery called the
Lab-TAB Preschool version [32], which details activities that can be used to cause
emotional instability in a laboratory setting. These activities were used in the form of fun-
games, and physiology of the participants was measured. The technical setup consisted of
using BioBeat and BioEmo sensors designed by BioControl Systems to measure
physiological signals, namely the Electrocardiogram (ECG) and Electrodermal Activity
(EDA). A tool named EyesWeb was used to record the physiological signals and audio
and video recordings of the participants during these pilot studies. The physiological
signals were processed and features were extracted and correlated with the behavioral
observations noted from the audio and video recordings. As detailed in Chapter 5, a

correlation between the features and behavior observations was seen. The futuristic



wearable device is believed to present a constant feedback about the user’s emotional
state in the form of appropriate audio representations. This feedback needs to be
captivating (so as to be noticed while the user is busy with other routine activities).
Hence, various audio representations were presented to the participants while they were
engaged in some other activity. The goal of this procedure was to check the attention-
capturing capability of the audio representations. Finally, to allow the real-time
modulation of the audio feedback according to the user’s current affective state, a Fuzzy
Inference System (FIS) was designed and developed which created a stress profile of the

participant based on the recorded physiological indicators of stress (see Chapter 6).

1.4 Contributions
The work proposes a novel and validated framework that uses physiology of the

participants to measure the change in affect. The advantages of this framework are
described in detail in Chapter 2. The feasibility of the core blocks of this framework was
tested by conducting pilot studies on nine TD Children (age 3-6 years). An important part
of the work and the framework is the design of a Stress Profile generating system which
has been achieved with the use of fuzzy logic (Chapter 6). This system builds a stress

curve of the participant when the physiological indicators of stress are fed as input to it.

1.5 Thesis Organization
This thesis explores a multidisciplinary world existing at the intersection of

developmental psychology, physiology, affect recognition, stress awareness and stress
measurement. Owing to this interdisciplinary nature of work, the theories of different
areas are presented in their corresponding chapters. Chapter 2 provides the existing
literature and background work that has been done to enable emotion regulation in
individuals with ASD. Chapter 3 presents the proposed solution in detail. Chapter 4
introduces the physiological signals (ECG and EDA) and the tools and algorithms used to
extract features from these signals for data analysis. An overview of theories and
classification of emotions is also presented in Chapter 4. Chapter 5 describes the
methodology, contributing factors and technological implementation for the designed
user studies and the results obtained and insights gained from different iterations of those

studies. Chapter 6 explains the requirements for designing a stress profile generating



system, along with an introduction to fuzzy logic and how it is used to develop the
required system. Finally, Chapter 7 concludes the work with a discussion on the future

work.



Chapter 2: Literature Review

This chapter presents an overview of Autism and Autism Spectrum Disorder (ASD). It
specifically highlights the problems that children with ASD face, and the solutions
presented in the literature to help them with emotion regulation.

2.1 Autism and Autism Spectrum Disorders
During a child’s typical development, speech and communication skills appear to unfold

effortlessly. But for some populations, basic communication skills, empathy, social
function, expression and the ability to relate to others remain a lifelong challenge. One
such demographic is formed by children who are diagnosed with Autism Spectrum
Disorder (ASD) [1]. Autism spectrum disorders (ASDs) are a group of developmental
disabilities characterized by impairments in social interaction and communication and by
restricted, repetitive, and stereotyped patterns of behavior [11]. According to Bogdashina
(2006), Autistic Disorder is defined as a lifelong pervasive developmental disorder that
appears during the first three years of life and interferes with the way children
communicate and relate to others [10]. A recent study conducted by the Centers for
Disease Control and Prevention (CDC) reported that in the year 2008, one in 88 children
aged 8 years was identified as having ASDs [85]. Comparison of the 2008 findings with
the data for the years 2006 and 2002 indicated an increase in estimated ASD prevalence
of 23% and 78% respectively [11, 85]. Since then, the prevalence of autism has continued
to increase at a rapid rate. According to the latest CDC report, one in 68 children is
identified to have ASD in the year 2014 [74]. As described by Williams, Gray and Tonge
(2012), children with autism face difficulties in emotion recognition [3]. As Myers and
Johnson (2007) describe, like other neurodevelopmental disabilities, ASDs are generally

not “curable,” and chronic management is required [2].

2.1.1 Characteristics of ASD and Problems with Emotion Regulation
The literature frequently notes that children with a High Functioning Autism Spectrum

Disorder (HFA) experience anxiety, where HFA refers collectively to those children who
have ASD, without intellectual delay, what was formerly known as Asperger’s Disorder

[75]. DSM-V provides measures to describe the severity of impairments using two main



diagnostic criteria of ASD: social communication and interaction (Criterion A) and
restricted, repetitive behaviors (Criterion B). These measures exist in the form of severity
levels, namely “Level 17, “Level 2” and “Level 3”, which signify the requirement of
“support”, “substantial support” and “very substantial support” respectively, by the
individual with ASD. Some of the severity specifiers listed under these levels are:

99 ¢

“extreme difficulty coping with change”, “inflexibility of behavior”, “limited initiation of
social interactions”, “minimal response to social overtures from others” and “problems of
organization and planning” [75]. According to DSM-V, children with ASD clearly show
deficits in social-emotional reciprocity and exhibit no emotion sharing and little or no
initiation of social interaction [75]. Anxiety is another problem generally faced by this
population. In fact, anxiety related difficulties are so frequently exhibited in children with
Autism Spectrum Disorders (ASDs) that DSM-1V highlights anxiety-like responses as a
common, ‘‘associated feature’’ of autism stating that, ‘‘there may be excessive
fearfulness in response to harmless objects’’ [13, 56]. DSM-V also states that individuals
with ASD are prone to anxiety and disorder and considers these to be associated features
of ASD [75]. Irritability, aggression, impulsivity and self-injury are other common
associated problems [76]. Employment of emotion regulation strategies is weak in
individuals with ASD, and they may react to emotional stimuli with aggression, self-
injury or tantrums. The intense reactions to stress are the outcome of impaired emotion

regulation and are colloquially referred to as “meltdowns” [77].

2.2 Strategies for Emotion Regulation
The two forms of interventions used in the psychological and medical literature to

address anxiety in children with ASD are: psycho-analytic therapy and pharmacotherapy
[14]. Another kind of intervention, the psychosocial intervention, has been empirically-
tested and developed to improve emotion regulation in children with ASD [78]. Several
methodological and theoretical limitations exist within the psychosocial treatments of
anxious ASD individuals including small sample sizes and a lack of quantitative outcome
information. In particular, it might be important to consider other psychotherapeutic
interventions that target the underlying cognitions and behaviors that maintain the ASD

individual’s anxiety, for example, Cognitive Behavior Therapy (CBT).



2.2.1 Conventional Approaches — Story Telling, etc.
It has been suggested recently that evidence for the efficacy of CBT in treating childhood

anxiety disorders is now strong enough to warrant CBT being considered as a ‘‘Probably
Efficacious’ treatment in accordance with the criteria for ‘‘Empirically Supported
Treatment’ set out by the American Psychological Association’s ‘‘Committee on
Science and Practice’” [20]. Research has indicated that the post-treatment reductions
attained from CBT programs have been maintained over long, post-treatment follow-up
periods [21, 22, 23]. Specifically, several recent long-term follow-up studies revealed that
CBT treatment gains were maintained as long as 6 years after treatment [21] or 7 years

after treatment [23].

Psychosocial interventions have proven to be effective in decreasing outbursts and
negativity in young children with ASD based on preliminary evidence [78]. However,
much more work is needed in this area. A number of CBT interventions have been
designed in the past, to target ASDs related problems [3] but most of the previous studies
using these intervention methods have targeted children with autism age nine to
seventeen years [4, 5] and very few emotion-training interventions have been trialed with
young children with autism [3]. The literature quotes only one pilot study which tested
the efficacy of a developmentally modified CBT for children as young as five years of

age, who have been diagnosed with ASD [79].

It is argued that children with ASD, as young as three years of age are capable of
recognizing an emotional stimuli and show a disordered pattern of neural responses to
such stimuli [7]. The literature states that the ability of young children to manage their
emotions and behaviors and to make meaningful friendships is an important prerequisite
for school readiness and academic success. It has been observed that socially competent
children are also more academically successful and poor social skills are a strong
predictor of academic failure [12]. Also, evidence suggests that without early
intervention, emotional, social, and behavioral problems (particularly, aggression and
oppositional behavior) in young children are key risk factors or “red flags” that mark the
beginning of escalating academic problems, grade retention, school dropout, and

antisocial behavior [8, 88]. Moreover, strengthening young children’s capacity to manage



their emotions and behavior, and to make meaningful friendships, particularly if they are
exposed to multiple life-stressors, may serve an important protective function for school
success. Research has indicated that children’s emotional, social, and behavioral
adjustment is as important for school success as cognitive and academic preparedness
[89]. Children, who have difficulty paying attention, following teacher directions, getting
along with others, and controlling negative emotions, do less well in school [90]. They
are more likely to be rejected by classmates and to get less positive feedback from
teachers, which in turn, contribute to off task behavior and less instruction time [91].
Hence, it may be beneficial to investigate the impact of CBT intervention techniques at
younger ages (3 to 5 years) for children diagnosed with ASDs and test the significance of

those techniques in the growth and social development of the individuals.

The previous studies utilized conventional methods like storytelling and role-playing to
enable emotion recognition and regulation [4]. However, there exist shortcomings of the
previous studies using intervention techniques which are described in detail in section
3.1.

2.2.2 Use of Medication to Cure ASD related Problems
Evidence for the use of medication in the treatment of anxiety in children with an ASD,

also seems to be limited. Studies have explored medication regimes for their ability to
address the associated features of anxious ASD individuals rather than to specifically
target primary anxiety difficulties [15, 16, 17, 18, 19]. A further limitation is that most
pharmacological investigations have only involved adult participants with Autistic
Disorder. Moreover, the effects of medication only appear to last as long as the
medication is being consumed with relapse occurring once the medication regime is
ceased [19].

2.2.3 Stress Detection Monitors
Children with Autism Spectrum Disorders (ASDs) are known to have unique behavioral

responses to social stimuli [24]. However, identifying subjective, internal states in
children with ASDs is difficult due to deficits in language and communication and
difficulties processing and identifying emotions [25, 26]. A typical approach to gather
information about the self would have been self-reports, but with autistic children, these



reports may not be a viable solution for the investigator to understand their emotions
correctly and to help them acknowledge those emotions as well. Thus, behavioral
treatments to improve social and emotional functioning in children with ASDs are often
challenged by lack of such important information. Measurements of psychophysiology
have been used in prior studies to better elucidate how social stimuli are perceived
differently in children with ASDs. Previous work has demonstrated the feasibility of
detecting stress from physiological measurements. Such measurements can be acquired
with minimal discomfort for the subject, and are useful in reflecting emotions [9]. So,
collecting physiological data of young children with ASD and analyzing it to interpret the
stress level can be seen as a replacement for self-reports and a starting point to conduct a
CBT intervention program for young children age three to five years, with autism. The
study by Levine [24] explored potential differences in level of physiological measures of
arousal (EDA i.e. Electro dermal Activity and VT i.e. Vagal Tone, also known as Heart
Rate Variability or HRV) at baseline and in reaction to a standardized social stressor in
children with High Functioning Autism (HFA) [24]. EDA and HRV are the most
commonly used physiological inputs to interpret stress and anxiety levels [24]. In the
study by Shi et al. [27], 26 types of features were extracted after the collection of
physiological data through sensors, which were suggested to be relevant in related
literature [27, 28, 29, 30]. Shi’s approach to incorporate person-specific information, and
build personalized stress detection model by using a State Vector Machine (SVM) helped
him detect stress from physiological measurements at high precision and recall values
(0.9 each) [27].

2.3 Conclusions
As aptly described by Chalfant et al. (2007) [14], the limitations of the abovementioned

interventions for ASD children indicate that researchers need to explore whether other
forms of anxiety treatment might be more appropriate for the anxious, ASD population
[14]. As suggested, it might be important to consider psychotherapeutic interventions
such as CBT that target the underlying cognitions and behaviors that maintain the ASD
individual’s anxiety. So, a more effective CBT intervention program can be designed that
targets young children (age 3-6 years) diagnosed with autism and physiological

parameters such as EDA and HRV can be used to gain insight about the internal state of
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the individual’s stress levels. A feedback mechanism with a computerized audio control
can be used to reflect the stress levels, and presented to the subjects. The intervention can
be used to assist the children to acknowledge their stress level and bring it down using
physical or mental exercises. This kind of an intervention program will be helpful in
testing the impact of intervention at an age as young as three years old, and will try to
check any continued effect as the child develops socially and emotionally.
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Chapter 3: System Overview and Design

This chapter describes the proposed approach, design methodology and framework for

enabling emotion regulation in children with ASD.

3.1 Proposed Approach to Emotion Regulation in Children with ASD
The story-telling approach for teaching emotion regulation relies on asking the subject to

suggest coping mechanisms for the protagonist of the story during situations of emotional
instability [4]. But we hypothesize that the coping measures suggested for someone else
(the protagonist of the story) and the ones applied by the subject for his personal defense
against stress can be very different. For example, it might be easy to suggest measures for
someone else, but it might be more difficult to apply it on self, especially when the
situations in real life are unpredictable. Furthermore, DSM-V states that young children
with ASD particularly lack shared social play and imagination (for e.g. pretend play)
[75]. This can be another critical limitation of the story-telling approach which highly
depends on the imagining power of the participant. Hence, the method of teaching
emotion regulation can be made more effective if the participant is exposed to real-time
scenarios where he/she can sense a change in his/her affect and then use measures to

regulate it.

Another major limitation of the conventional approaches to teach emotion regulation is
that very few emotion-training interventions have been trialed with young children (age
below five years) with autism (see sections 2.2.1 and 2.2.2). But we hypothesize that if
the intervention is presented to the people with ASD at a much younger age (3-6 years), it
can then help them lay a foundation for affect consciousness and regulation at a stage

when they are just beginning to learn and practice these skills.

Owing to these shortcomings of the studies described in Chapter 2, a novel approach is
proposed which can enable emotion recognition, awareness and regulation in children
right at the time when they begin to experience difficulties due to anxiety and frustration
(see sections 3.1.1 and 3.1.2).

12



3.1.1 Description of Proposed Methodology
Using physiology, this study intends to inform the child of his emotional state, thus

raising emotion awareness, and then suggest him ways to combat anxiety, frustration and
stress, thus teaching emotion regulation. A feedback loop will be used that would
measure the physiology (Electrodermal Activity and Electrocardiogram) of the
participant (age 3-6 years), correlate the information derived from it with his/her affect,
and finally present this information back to him/her in the form of an audio
representation. The purpose of the audio representation will be to make the participant
aware of any change in his/her affect, the underlying mechanism for the measurement of
which will be a change in physiology that correlates to a change in affect. Lastly, the
participant would be suggested ways to readjust his/her emotions, thus enabling emotion

regulation.

3.1.2 Framework of Proposed Methodology
Based on multiple studies showing increased sympathetic and decreased parasympathetic

activity in children with ASD, several recent theories have been advanced that suggest an
underlying autonomic dysfunction in ASD that can explain their lack of social
engagement such as the Polyvagal Theory [94], repetitive inflexible behaviors and
anxiety as described by the Autonomic Dysregulation Theory [95], and emotional
outbursts and hyper-sensory reactions as per the Sub-clinical Temporal Lobe Epilepsy
Theory [96]. Taken together, all three suggest that limbic and brainstem regulation of
autonomic activity is compromised, leading to some aspects of ASD symptomatology

and associated co-morbidities.

Thus, the development of a novel innovative framework that will allow young children
(3-6 years old) with ASD to become aware of and harness their hyper-aroused state in
order to improve symptoms and reduce stress-related reactions is proposed. The

following block-diagram is a representation of the proposed framework:
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Step4  ATTENTION + AWARENESS OF AFFECT

Step 50  EMOTION REGULATION: The sound may
also help the child relax and soothe his state

Measure Physiology

Generate Stress Template to
measure affect and change in
affect

REGULATION

Figure 2 Block Diagram of the Proposed Framework

The proposed method uses a feedback loop that, in Step 1, measures autonomic responses
during frustration, including skin conductance (EDA), heart rate (HR), and heart rate
variability (HRV). Step 2 correlates the information derived from these responses with
the child’s affective state. Step 3 creates an auditory representation of the child’s
affective state and Step 4 presents it back to the child. The purpose of this auditory
feedback is to present the level of the child’s emotional arousal explicitly, so that the
child can be aware of his/her physiological state and associated affect. In Steps 5a and/or

5b, the child can then use emotion regulation strategies to modulate this state.

3.1.3 Goals of the Pilot Study
It is known that children with autism show unique behaviors and the universe of

behavioral responses and developmental levels for these children is huge and diverse
[31]. Also, with the goal of designing studies to help children with difficulties in emotion
regulation, it was required to first measure functional emotion recognition and regulation
in children without difficulties in recognizing emotion. Hence before proceeding with the
studies on children with ASD, it was important to validate the proposed methodology by
piloting studies on TD children (age 3-6 years). This thesis is an exploration of the
proposed framework and focuses on the pilot studies that were conducted on TD children.
The thesis describes the study design considerations, challenges, implementation details,
and findings and insights gained from the pilot studies which can be applied to the future
studies with autistic children (see Chapter 5).

The specific aims and research tasks of the pilot study were designed in a way such that

they can be used to test the feasibility of the individual steps of the proposed framework.
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This in turn would help to validate the hypotheses that intervention at a younger age (3-6

years) is feasible and can be beneficial. The integration of these steps would further lead

to a wearable device employing the framework. The device would enable the testing of

the framework and its usefulness in teaching emotion regulation to children with ASD.

The goals of the pilot study are listed as follows:

1.

Testing the feasibility of using extant equipment and technology to successfully
measure physiology of young TD children (3-6 years). This is used to validate
Step 1 of the framework.

Extraction of important features from measured physiology in order to find
a correlation between physiological indicators and change in affect of the child.
This aim caters to the need of proving Step 2 of the framework feasible.
Designing a stress profile for each participant, based on the derived correlation
between measured physiology and observed behavior. This profile will validate
Step 3 of the framework and will be used in creating appropriate audio
representations in real time, in future studies for children with autism.

Presenting different audio representations to the participant to check if these
representations are capable of capturing the participant’s attention, thereby
checking the feasibility of Step 4 in the proposed framework.

Evaluation of the audio representations using measured physiology.

Gaining insights from the study to point out areas that need re-design or

improvement (technical and/or methodological).

3.2 Conclusion
This chapter presented a description on the system design and the contributing factors.

The proposed framework justifies the design choices based on the challenges and

considerations. Finally, it will be shown that the experimental design is supported by an

appropriate technical implementation (Chapter 5).
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Chapter 4: Physiological Indicators and Affect Classification

This chapter describes the physiological signals used in the studies, their physiological
origin and measurement techniques. A list of the features extracted from these signals is

also presented. Finally, an overview of various theories on affect classification is given.

4.1 Introduction to Physiological Signals
As described in section 2.2.3, physiological signals have been widely used in the past to

study the perception of social stimuli by children with ASD. Previous work has also
demonstrated the feasibility of detecting stress from physiological measurements. Since
EDA and HRV are the most commonly used physiological inputs to interpret stress and
anxiety levels, and can be measured with minimal discomfort for the participant (see
section 2.2.3), these have been chosen to measure the changes in affect for the studies.
The following subsections describe the Electrocardiogram (ECG), Heart Rate Variability
(HRV) and Electrodermal Activity (EDA) in detail.

4.1.1 Electrocardiogram and Heart Rate Variability
The sympathetic and parasympathetic branches of the autonomic nervous system

modulate the sinoatrial node, which controls the rhythm of the heart [49, 50]. This
rhythmic cardiac cycle consists of periods of contraction and relaxation of the heart,
which are achieved through electrical waves. The electrical activity of the heart can be
recorded in an Electrocardiogram (ECG) [33]. By placing electrodes on the skin surface,
an instrument named the electrocardiograph can sense this electrical activity. The
location of these electrodes is important and can be known using Einthoven’s triangle
[40]. Although these electrical signals are the largest biosignals amongst all other body
signals [41], their absolute value is small and its measurement can be affected by main
power line interference (50-60 Hz noise). The processing of ECG signals should employ
notch filter to remove this noise [33].

The ECG is composed of five waves, namely the P, Q, R, S and T waves. However, for
most applications, a configuration capable of distinctly detecting the R peak is sufficient
[33]. The interval between two R peaks, also called the RR interval, is used to compute

heart rate [33]. An example of a typical PQRS wave, taken from [101] is shown below:
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Figure 3 Diagram Showing a Typical PQRS Waveform (Reproduced from
http://en.wikipedia.org/wiki/QRS complex (Public Domain))

QT Interval

Heart Rate Variability (HRV) is defined as the variations between consecutive RR
intervals or heartbeats [34]. HRV components have drawn attention in psychology and
medicine and are considered to be important dependent measures in psychophysiology
and behavioral medicine [80]. HRV can be studied by analyzing its features in two
domains: time domain and frequency domain. The time domain method features are
extracted by using the RR intervals directly. For frequency domain analysis, the RR
interval signals are transformed from time domain to frequency domain using Fourier
Transform, and then their power spectrum is used to extract required features [34]. A lot
of studies have been conducted in the past showing that HRV is affected by mental stress
[35, 36, 37, 38, 39]. The different features extracted from the ECG are explained in

section 4.3.

4.1.2 Electrodermal Activity
Electrodermal Activity (EDA), also called Galvanic Skin Response (GSR), has been

considered to be one of the most robust physiological indices of stress [42]. It is widely
used and is one of the most popular psychophysiological indicators [43]. One of the

components of EDA is Electrodermal Response (EDR), and its intensity seems related to
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stimulus intensity and/or its psychological significance. The ease of obtaining a distinct
EDR for different stimuli is one of the major reasons for the wide use of EDA [81].

The human nervous system consists of two main parts: the Central Nervous System
(CNS) and the Peripheral Nervous System (PNS) [33]. While CNS includes the brain and
the spinal cord, the PNS is subdivided into the Somatic Nervous System (SNS) and the
Autonomic Nervous System (ANS). The role of CNS is to receive information from the
PNS via sensory neurons and send instructions to other body parts via motor neurons.
The PNS majorly serves to connect the CNS with the rest of the body. The SNS controls
volitional movements of the skeletal muscles. The ANS is responsible for controlling
involuntary changes in body organs. These include operations such as heartbeats,
sweating [33]. The electrodermal activity is a result of the involvement and response of
the eccrine sweat glands to psychological stimuli [44]. The Autonomic Nervous System
(ANS) controls these sweat glands, which are also responsible for thermoregulation. The
amount of sweat present in these glands is inversely proportional to the resistance
measured across the skin surface [44]. The higher density of these glands on the palm and
feet makes the measurement of EDA possible by placing electrodes in an endosomatic
and unobtrusive exosomatic way [33]. By applying constant voltage or current, the
variation in skin resistance can be calculated. The different features of EDA are explained

in section 4.3.

4.2 Tools Used to Process Physiological Signals
As described later in section 5.3.2, two kinds of analysis were performed on the

physiological data gathered during the pilot studies. These analyses mainly varied on
grounds of granularity. One of the analyses was the “Average Calculations” which used a
freely available HRV analyzing tool named Kubios [45, 49]. The other analysis, named
the “Temporal Point-to-Point Analysis” used two separate tools named the EDAtool and
the HRtool which were developed by Javier Jaimovich using MATLAB [33]. These
tools took the respective raw physiological signals as inputs, pre-processed them,
removed artifacts and abnormalities and gave as output the processed features such as the
Phasic and Tonic EDA and HR. However, some extra features were required for

designing the stress profile generation system, such as RMSSD, Coefficient of Variance,
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Standard Deviations of HR and RR intervals, pRR50, pRR20, etc. and additional
functionality was programmed into the HRtool for getting these features as output.

EDAtool

As per the description given in [33], the EDAtool was developed to process the raw EDA
signal and to extract the Phasic and Tonic EDA from it. The processing included removal
of noise and detection of artifacts in the signal. The raw EDA signal is input in to the tool
which is then resampled at 50Hz using interpolation. This allows using all the filter
coefficients of the tool in the same way, even if the sampling rate of the raw EDA signal
is different. The DC offset is removed and the signal is filtered and normalized. Any
electrical noise present in the signal is removed by using a low-pass filter of order 224,
with a cutoff frequency of 0.5Hz. The latency caused by the filter is compensated by
shifting the filtered signal. One of the important features of the EDAtool is that it can
detect and remove artifacts (for e.g. motion artifacts) based on user specifications. The
tool employs a sliding window with a threshold value (which can be specified by the
user) and computes the slope between the edges of the window. Since the changes in
EDA are slower than changes caused by artifacts, distinguishing between the signal and
artifact changes becomes possible. If an artifact is detected, it is replaced by a non-valid
value spanning across a window of 1.5 seconds with the artifact location as its central
point. Another interesting feature provided by the tool is the calculation of “Confidence
Index” which is the ratio between the valid EDA values and the non-valid EDA values.
This is also a representation of the amount of artifact present in the signal. The tool also
allows interpolation of between the detected artifacts. It is achieved by interpolating the
values before and after the non-valid samples. Finally, in order to separate the Tonic and
Phasic EDA, an Infinite Impulse Response (I1IR) Butterworth low-pass filter with a cutoff
frequency of 0.001Hz was used. The output obtained after applying this filter gives the
Tonic EDA. The Phasic EDA is obtained after subtracting the Tonic EDA from the signal

given as input to the IIR filter.
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HRtool

As per the description of the HRtool given in [33], the tool accepts the raw ECG signal as
input and outputs the instantaneous HR values (calculated at every heartbeat). The raw
signal is first de-trended and then filtered using an FIR high-pass Kaiser Window with a
cutoff frequency of 3Hz. The filter coefficients are not constant like in the EDAtool, and
instead depend of the sampling rate of the input raw ECG signal. The latency introduced
by the filter is compensated for by shifting the signal in time domain. Since the peak
amplitude may vary for different beats, the HRtool computes a dynamic threshold by
using a moving window of 2 seconds. The signal present in the window is z-normalized
and the product of standard deviation and the threshold specified by the user is added to
the mean value of the ECG signal, in order to find the peak threshold value. The initial
value of HR is calculated as the average HR for the first 10 seconds of the signal. For
other values, the tool uses a sliding window with its size set to the minimum RR interval
specified by the user. This window slides to detect the R-peaks and saves its timestamp.
After measuring all the R peaks, any values outside the range of minimum and maximum
HR are replaced with either the previous valid HR value or they are interpolated. The tool
also outputs a “Confidence Index” which is the ratio of the number of replaced beats and
the number of valid beats. For all studies, the minimum HR was set to be 50 beats per

minute (bpm) and the maximum HR was 130 bpm.

4.3 Common Physiological Features Extracted from ECG and EDA signals
This section presents the important physiological features that can be extracted from ECG

and EDA.

List of Features derived from EDA [33, 48, 81]:

Feature Name (Abbreviation) Description

SCL Skin Conductance Level (Tonic EDA)

Mean SCL Average Skin Conductance Level over a
time-period

SCR Skin Conductance Response (SCR)

Amplitude SCR Amplitude of SCR

Latency SCR Latency of SCR (between stimuli
introduction and SCR)

Table 1 Features Derived from EDA
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List of Features derived from ECG [33, 34]:

Feature Name (Abbreviation) Description

HR Heart Rate

Mean HR Average HR over a time-period

Std. HR Standard Deviation of Heart Rate

RR RR interval

Mean RR Average of RR intervals over a time-period

Std. RR Standard Deviation of RR intervals

CVRR Coefficient of Variance of RR intervals

RMSSD Root Mean Square of Successive
Difference of RR intervals

pRR50 Percentage of number of pairs of adjacent
RR intervals greater than 50 milliseconds

pRR20 Percentage of number of pairs of adjacent
RR intervals greater than 20 milliseconds

VLF Power Spectrum of Very Low Frequency

LF Power Spectrum of Low Frequency

HF Power Spectrum of High Frequency

nVLF Normalized Very Low  Frequency
Spectrum

nLF Normalized Low Frequency Spectrum

nHF Normalized High Frequency Spectrum

SMI Sympathetic Modulation Index

dLFHF Difference of nLF and nHF spectrums

VMI Vagal Modulation Index

SVI Symphatovagal Blalance Index

HRV Heart Rate Variability

Duration P-wave Duration of P-wave

PR interval PR interval

Duration QRS Duration of QRS waveform

QT interval Duration of QT

QT, QT Variability

Table 2 Features Derived from ECG

4.4 Lists of Physiological Features Used for the Studies
It is important to note that some features could not be used because of the limitations

posed by the signal recording equipment. For instance, the equipment recorded the ECG

signal with enough precision to distinctly mark the R-peaks. But the QRS complex was

not clearly visible, and hence some features such as the PR interval, QT interval, etc.

could not be extracted. However, all the important features used in the literature to detect
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stress, such as HR, Mean HR, Std. HR, RR, Mean RR, Std. RR, RMSSD, pRR50, HF,
SCL, SCR, Amplitude SCR [33] could be successfully extracted and were used for stress

profile generation (see Chapter 6).

4.5 Affect Classification
Two main theories on emotion exist: the Central/Mental approach and the

Peripheral/Organic approach [33]. According to the peripheral/organic theory, each
individual first has a visceral manifestation about an emotion which is later recognized by
the brain. This theory contradicts the fact that the mind is responsible to determine and
evoke an emotional response corresponding to any change in the environment [64]. The
peripheral/organic theory has been challenged on grounds of differentiating emotions, but
it sparked the concept that different emotions cause different physiological effects which

can be measured using instruments such as the Lie Detector Test [65].

On the other hand, the central/mental approach believes that emotion is directed from the
Central Nervous System (CNS) to the rest of the body. It is contradictory to the first
theory because it promotes the notion that the brain first assesses and interprets any

change in the environment which is later evoked as an emotion [33].

However, there exists a different model proposed by Paul Ekman which lists eleven
characteristics to distinguish basic emotions from one another. According to Ekman, no
“non-basic” emotions exist [66]. Another approach to model emotions was proposed by
James Russel [67, 68]. According to him, emotions can be classified according to their
valence and activation levels based on a circumplex model of affect. This is a two-
dimensional model with levels of valence on the X-axis and levels of activation on the Y-
axis [67, 68].

However, since this thesis focuses on testing the feasibility of the framework proposed to
enable emotion regulation in young children (age 3-6 years), considering the entire set of
emotions classified by the above mentioned theories was beyond the scope of this work.
Also, as already explained in section 2.1.1, anxiety related difficulties are so frequently
exhibited in children with Autism Spectrum Disorders (ASDs) that DSM-IV and DSV-V
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highlight anxiety-like responses as a common, ‘‘associated feature’” of autism [56].
Moreover, the Lab-TAB activities chosen for the studies induce emotionally unstable
states such as frustration, anxiety, anger, disappointment and sadness (see section 5.1.2).
So, setting out as an exploratory work, the work targets a simpler world of emotions,
which is classified only into two parts: “Stress” and “Non-Stress”. This classification is
also supported by the fact that all emotionally unstable states caused by the Lab-TAB
activities can be roughly considered to fall under the state of “Stress”. Hence, the baseline
condition and emotional state of the participant during the non-frustrating Lab-TAB
activities can be easily grouped under the state of “Non-Stress” (see section 5.1.2).
Exploration of all other emotional states such as happiness, delightedness, boredom, fear,
etc. would require additional contextual cues such as accelerometers, EMG
(Electromyogram) and real-time behavior observation of facial expressions and gestures

by an expert, and remains an area for future work (see Chapter 7).

4.6 Conclusion
This chapter began with an introduction to the commonly used biosignals for affect (and

more specifically, stress) detection. It was shown that ECG and EDA are considered to be
the most commonly used signals for studies at the intersection of physiology and
psychology. Later, the subsections described the ECG and EDA signals in detail by
presenting their physiological origin, effect on affect, and important features required to
derive the correlation between stress and physiology, along with a description of the tools

used for feature extraction.
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Chapter 5: User Study Design and Results

This chapter presents the design methodology, contributing factors, and details of the user
studies performed in order to test the feasibility of individual building blocks of the
proposed framework. The results, plausible mitigating factors and insights gained from

the studies are also described.

5.1 Method
The pilot studies followed an experimental design through an iterative process of design,

testing, re-design and re-testing. The following subsections outline the challenges faced
in designing the study and the experimental approach employed. Details on the technical

implementation of the study are also presented.

5.1.1 Challenges and Considerations
There were several considerations and challenges that were observed while designing the

study. These are listed below:

1. Duration of the Study
The two main blocks of the proposed methodology are physiological measurement during
situations of emotional instability, and testing the attention capturing ability of different
audio representations. In order to test both the blocks without causing fatigue to the
participant, the study was divided into two visits (namely Visit-1 and Visit-2), each being
around thirty minutes long. The first visit presented an implementation of the first block
of the framework and captured the physiology of the participant while stress was being
induced to him/her. The second visit only focused on the second block of the framework
and presented different audio representations to test their attention-capturing capability.

2. Stress induction
In order to expose the child to real-time situations of experiencing stress, the study
needed to contain some activities that could cause mild frustration/anger. In order to be
able to compare the physiology during stressful situations against the non-stressful
situations, a counterpart of the same activities was required by the study, with

physiological measurements being recorded in parallel.
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3. ‘Return to baseline’ condition
The emotional state of the child while performing any activity can be affected by the
preceding emotional state (if an emotion is carried forward from the previous activities
performed). To remove this precedence effect, and to bring back the child to the baseline
condition after each activity, an Inter-Activity Interval (1Al) was required. The 1Al was a
minute long interval during which a quiet conversation with the child was arranged, so
that the activity would require minimal physical effort (and hence minimal artifacts
would be introduced into the measurements).

4. Comfortable and unobtrusive equipment to measure physiology
Care needed to be taken that the equipment used to record physiological data would not
distract the participant or make him/her feel uncomfortable, as that could affect his
emotional state.

5. Minimal motion artifacts during the study
Artifacts caused by the activities can disturb the physiological measurements and
recording. So, the activities used in the study should demand minimal physical effort, or
should at least be such that they can be performed while the participant is sitting in a
relaxed position.

6. Ease of post-hoc analysis of recorded data
The data should capture the physiology and behavior of the participant in an audio and
visual setting. Recorded data should also be available in a suitable format for post-hoc

analysis.

5.1.2 Experimental Design
The study was designed while taking care of the considerations listed in section 5.1.1.

The methodology and apparatus used in the studies was approved by Virginia

Polytechnic Institute and State University’s Institution Review Board protocol (Serial

number: IRB#13-894).

As already discussed, one of the hypotheses of the study was that the method of teaching
emotion regulation can be made more effective if the participant is exposed to real-time
scenarios where he/she can sense a change in his/her affect and then use measures to

regulate it. So, the study design incorporated a set of activities that caused emotional
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instability in the child by inducing mild frustration/anger (described in detail below).
These activities were chosen from the Preschool version of a standard battery with minor
modifications. This battery, called Lab-TAB, stands for Laboratory Temperament
Assessment Battery [32]. It is widely-used and serves as an instrument to measure early
temperament in laboratory settings. Parental consent and child assent was obtained prior

to participation.

Visit-1 of the Study:

The visit consisted of an introductory session and 3 subsequent phases for each
participant. In the introductory session, the participant was told that he/she will be asked
to play some fun games. Upon receiving his/her agreement, the child was asked to
participate in the subsequent phases (described in detail below). During each activity, the

participant’s physiology was measured.

4 sets (namely S1, S2, S3 and S4) of activities in the form of developmentally appropriate
games were presented. Each activity was performed for approximately three minutes. In
between each activity, there was a minute long break, termed as “Inter-activity Interval
(IAI)”, to bring the child back to the baseline condition. All participants were made to
perform the activities in the same order, to observe patterns in their physiology and
response. Thus the order of participating in the activities was: (S1-a) (IAl) (S1-b) (1Al)
(S2-a) (1Al) (S2-b) (1Al) (S3-a) (IAl) (S3-b) (IAl) (S4-a) (IAl) (S4-b) (I1Al).

The activities in these sets and their sub-parts are explained in detail below.

1. Activity Set-1 (S1):
Activity S1(a): “Attractive Toy in a Transparent Box”
This task was designed to evoke frustration or anger. Before beginning, the experimenter
showed the participant how to stick a key into the lock to open it. Next, the participant
was shown two sets of toys and asked his/her preference. The desired toy was placed in a
locked transparent box, and the padlock without the right key was given to the participant

to open the lock. The participant was left alone in the room facing the camera for three
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minutes. Later, the experimenter returned the correct key to the participant explaining
that he/she mistakenly gave wrong keys to the participant. Finally, the box was opened

and the toy was given to the participant.

Activity S1(b): “Free Playing”

This task was a positive version of the previous task and was therefore designed to
prevent evoking anger or frustration in the participant while he/she was made to perform
the activity. Hence, this activity was used to measure the participant’s physiology during
relaxed state. During this activity, the participant was allowed to play with the toy for

three minutes.

2. Activity Set-2 (S2):

Activity S2(a): “I’m not sharing”

This task targeted the child’s feelings of being treated unjustly. The experimenter told the
participant facing the camera, that a friend of his/her would be bringing a surprise in for
them. Another experimenter gave a box of colored goldfish and asked the other
experimenter to share those equally with the participant. However, the experimenter did
not share the goldfish equally, and also took away some specific colored goldfish from
the participant’s share, saying that he/she likes them a lot. Finally, the experimenter took
away all the goldfish from the participant’s share and asked the participant how he/she
felt about it.

Activity S2(b): “Free Eating”

This task was the positive version of the previous task and so, did not cause any feeling
of being treated unjustly, and thus did not evoke any anger or frustration in the
participant. During this activity, the experimenter simply gave some goldfish to the
participant to eat for three minutes.
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3. Activity Set-3 (S3):

Activity S3(a): “Impossibly Perfect Green Circles”

After the completion of this activity several times, the participant is expected to become
bored and angry. The experimenter first gave the participant a piece of paper and a green
pen and asked him/her to draw a perfect green circle. Every time the participant drew the
circle, his/her drawing was critiqued by the experimenter in a neutral voice and he/she
was asked to draw another circle, without turning the paper. This was carried on for three
minutes. To bring the child back to the baseline, the experimenter complimented the last

drawn circle.

Activity S3(b): “Free Drawing”

This task was a positive version of the previous task and was therefore designed to avoid
arousing any anger, frustration or boredom in the participant. The participant was given a
piece of paper and different colored pens and asked to draw whatever he/she liked, for

three minutes.

Visit-2 of the Study:

During this visit, the participant was asked to watch a video on animals without any
associated audio, and the participant’s physiology was measured. In fact, the participant
was explicitly told that the audio system was not working. This was done to isolate the
reactions received from the participant, based on the audio representations (without
including reactions based on the audio associated with the video). Three variations each
of three audio representations were presented to the participant in a sequential manner
while he/she was still engaged in watching the video, without explicitly informing the
participant about it. These audio representations were created by Brennon Bortz. To
achieve three different kinds of variations in the representations, the first representation
was modulated in amplitude, the second one was divided into three segments and the
third one was developed and modified synthetically. These audio representations were
chosen to be ambient sounds which are commonly heard. The order of presenting the

audio representations was:
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Cat Meow (Low Amplitude)

Cat Meow (Medium Amplitude)

Cat Meow (High Amplitude)
Instrumental Piece — First segment
Instrumental Piece — Second segment
Instrumental Piece — Third segment
Synthetic Sound — Form 1

Synthetic Sound — Form 2

© o N o gk~ wDdhPE

Synthetic Sound — Form 3

5.1.3 Subject Pool
The population chosen for the studies allowed checking for the feasibility of the

equipment and procedures to be tested. The participants belonged to the age group of 3-6
years (pre-K to Grade 1; or the home-school equivalent). The study required them to be
verbal (i.e. at least single words) and to be able to understand verbal instructions. There
were no additional exclusionary criteria for the participants recruited. All participants
were given code numbers to keep their personal information confidential, as per the

Virginia Tech IRB guidelines.

After five participants completed the first iteration of the study, data were analyzed and
adjustments were made to the data recording procedure for conducting the second
iteration of the study. The second iteration also consisted of five participants, but one of

them refused to participate. So, only 4 participants were tested for the second iteration.

5.1.4 Experiment Location
The studies were conducted at the Child Development Center for Learning and Research

(CDCLR) at Virginia Tech.

5.2 Equipment and Technological Implementation
This section describes the equipment and apparatus used to implement and validate the

goals of the pilot study. Based on the requirements of the study as outlined in section 5.1,
sensors were chosen to record the participant’s physiology in an unobtrusive and

comfortable way.
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5.2.1 Physiological Sensors
The BioBeat sensor developed by BioControl Systems was used to measure the heartbeat

of the participant via bipolar voltage [97]. The sensor comes in the form of a belt which
can be worn on the chest. It has three electrodes which need to maintain contact with skin

for measurements [97]. A picture of the BioBeat sensor is shown below:

Figure 4 ECG Sensor (photo by author, 2014)

The sampling rate for recording measurements from this sensor was set to be 200Hz for
most of the participants (three out of four) for the second iteration of Visit-1 studies. This
sampling rate sufficed for distinctly capturing the R peaks in the ECG signal. Moreover,
the loss in samples using this sampling rate was found to be less than 1%. The following
snapshots show ECG recordings measured at the sampling rates of 100Hz and 200Hz.

These snapshots were taken using an HRV analyzing tool named Kubios [45, 49].
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Figure 6 Snapshot of Kubios GUI for HRV Analysis of a 200Hz Sampling Rate ECG Recording

The red points marked on the ECG signal correspond to the R peaks. As can be seen from
the two recordings, the sampling rate of 200Hz provides a more distinct view and better

calibration of R peaks.

To capture the electrodermal activity in an exosomatic way, the BioEmo sensor
developed by BioControl Systems sensor was used [98]. The sensor comes in the form of
two Velcro bands that can be worn as rings on two fingers. The bands contain electrodes
that need to maintain skin contact for measurements. Placing the sensor on distal
phalange captures a better signal compared to placing them on the medial phalanges [98].
In order to keep the bands secure to maintain continuous contact with the skin surface,
band aids were put on top on the bands. The sampling rate for capturing data from the
EDA sensor was also set to 200Hz for the second iteration of the Visit-1 studies.

Following is a picture of the EDA sensors.
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Figure 7 EDA Sensor (photo by author, 2014)

To receive data from the ECG and EDA sensors and stream it wirelessly via Bluetooth,
the Wi-microDig developed by BioControl Systems was used [99]. The received data
was time stamped to ensure synchronization between the video recordings and ECG and
EDA signals.

Figure 8 Wi-microDig (photo by author, 2014)

5.2.2 Audio-Video Recording of Sessions, Data Acquisition and Storage
The ultimate goal of the study was to correlate the physiology of the participant with

changes in his/her affective states and derive a relative value of stress being experienced
by the participant at different times. Visual analysis of observed behavior and gestures
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and measured physiology are equally important to derive this correlation. Hence, a
multimodal approach was used to record data during these studies. Along with recording
physiological measurements, audio and video recording of the sessions was also done.
These recordings were manually annotated by the author. However, for future studies, it
is advised to have multiple experts coding and annotating the audio and video recordings
and ultimately reaching a consensus about the findings. The recordings served as
evidence to support or contradict the derived physiological correlation and other findings.
It will also allow the experimenters to review at a later date and code the participant’s

behavior, which can increase confidence in post-hoc evaluation of the findings.

5.2.3 Synchronization of the Recorded Data
A Microsoft Windows based tool named EyesWeb was used to receive physiological

signals captured by the ECG and EDA sensors. EyesWeb is open software designed and
developed by Casa Paganini — InfoMus at Universita degli Studi di Genova that provides
a platform for designing interactive real-time multimodal systems and interfaces [51]. It
can accept inputs ranging from motion capture systems to audio and video recording
devices, game interfaces (such as Kinect, Wii) to analog inputs (which capture

physiological signals) [51].

The network of connected inputs and outputs that defines the dataflow in an Eyesweb
project is called a ‘Patch’. The patch contains blocks of inputs and outputs and controls
the dataflow between them either automatically or based on real-time interaction. The
EyesWeb patch used for all the studies was designed by Brennon Bortz and had the

following inputs and outputs:

Inputs:
1. Physiological Signals being received from the ECG and EDA sensors (via
Bluetooth)
2. Audio and Video recordings captured by the webcam
3. Input for entering the participant code number

4. Audio and video files used for Visit-2 of the studies
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Outputs:
1. Adisplay of the signals coming from the ECG and EDA sensors
2. File containing data recorded from the ECG and EDA sensors
3. Audio and Video player for playing the audio representations and video clip for
Visit-2 of the study

4. File containing audio and video recorded during the session

Synchronization between blocks:
In order to synchronize the audio and video recordings with the physiological data, a
master clock was used. All recordings were time-stamped according to the current time of

the master clock.

5.3 Results from Iterations
Two iterations of the study were run. The results of these iterations are detailed in the

following subsections.

5.3.1 Results from First Iteration of the Study
Five children comprising of three boys and two girls participated in the first iteration. All

five participants completed Visit-1 of the study, which included performing of the Lab-
TAB activities. However, the sampling rate of the recoding EyesWeb patch was not set
appropriately and physiological data could not be recorded at a fixed sampling rate (250
Hz) for these participants. Hence, only qualitative analysis was performed for this
iteration by specifically observing the behaviors and gestures of the participants. For this,
the audio and video recordings were manually coded and annotated by the author.
However, for future studies, it is advised to have multiple experts coding and annotating
the audio and video recordings and ultimately reaching a consensus about the findings.
The data and analysis was not based on any statistics or control groups. Some key
insights were gained from the analysis of this iteration, and they are listed below:
1. “Attractive Toy in a Transparent Box” activity — effective in inducing stress:

The behavioral observations for all the participants showed that this activity was capable
of inducing stress. All participants looked stressed while trying to open the locked box.

For example, one of the participants started to hit the box with the set of keys after he
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could not open the box. He either did it because he was too frustrated, or maybe he
wanted to signal the experimenter to come and help him. Another participant had to
breathe heavy after trying to open the box for a long time. Later, during the Inter-Activity
Interval, he also expressed that the activity was “not fun”.

2. Precedence Effect:
The “Attractive Toy in a Transparent Box™ activity may contribute to precedence effect
for the “Free Playing” activity. One of the participants doubted using the right key, and
assumed that it would be wrong as well, similar to all the keys he used in the past during
the “Attractive Toy in a Transparent Box™ activity. Another participant confessed that he
could not open the box even when he had the right key, and also complained that opening
it was really hard. He probably believed that the right key would also not work.

3. Timing of Activities:
The “I’m not sharing” activity proved to be a failure for one of the participants as he did
not get affected when the experimenter shared the goldfish unfairly with him. According
to him, he had a good heavy breakfast before the study, and so did not feel hungry during
the study. He instead told the experimenter that she could keep all the goldfish for
herself. This suggests that the timing of activities should be considered, so that they are
not performed after breakfast or lunch breaks.

4. “I’m not sharing” activity — effective in inducing stress:
For rest of the participants, the “I’'m not sharing” activity did succeed in inducing
frustration. For example, one of the participants got up from his chair as he was very
excited to suggest ways for splitting the goldfish into half. When all his goldfish was
taken, he got up from his chair again, snatched a handful of goldfish from the
experimenter’s box and said “now it’s fair”. He also wanted all the remaining goldfish in
order to make the activity fair. Another participant who was sitting calmly till goldfish
was being shared fairly, started to suggest ways to split it equally when unfair sharing
began. It is interesting to note the extent to which this activity could induce anger and
disappointment. One of the participants was very verbal during the activity and
exclaimed “You are getting lot more than me.” when the experimenter shared the
goldfish unfairly. He even shouted “Don’t eat them” when the experimenter ate a

goldfish from his share. So much so, he started crying when the experimenter expressed
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that she did not care being unfair. He was so disappointed that he wanted to stop playing
and wanted to go back to classroom immediately. The experimenters could calm him
down after giving him some goldfish to eat, and after a long quiet talk.

5. Ambiguity in interpreting the gestures:
One of the participants kept smiling even when her physiology reflected that she may be
feeling frustrated (during the “I’m not sharing” activity). Analyzing such a behavioral
gesture is complex as the gesture doesn’t explicitly state if the activity appeared to be
funny to the participant or if smiling was a mechanism employed by her to cope with the
stress she experienced. Such ambiguity needs supporting results from the physiological
data analysis.

6. “Impossibly Perfect Green Circles” activity:
The last activity, “Impossibly Perfect Green Circles” also brought out some interesting
reactions from the participants. However, the reactions were not as strong as they were
during the other two activities. One participant tried to flip the page after drawing circles
on the sheet. But as per the Lab-TAB guidelines, they were not allowed to do so, in order
to make the activity more frustrating. Another participant, after being criticized for each
circle he drew, said that he could make a triangle and started making a triangle instead of
the circle. Another participant first questioned the experimenter’s criticism for his circles,
but later used the same comments for self-criticism.

7. Time Boundaries for Future Analyses:
Another key insight gained from these studies helped decide the time boundaries for
measuring the physiology during each activity. These boundaries (Start and End of
physiological measurements) were chosen to capture peaks and periods that according to
the experimenters would reflect definite “stress” and definite “non-stress”.
Activity S1(a): “Attractive Toy in a Transparent Box”
Start: After the child has tried all wrong keys
End: Just a couple of seconds before the 3 minutes of trying to open the lock end
Activity S1(b): “Free Playing”
Start: A couple of seconds after the child starts playing with the toy

End: A couple of seconds before the 3 minutes of playing end
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Activity S2(a): “I’m not sharing”

Start: When unfair sharing starts

End: When the child responds to how he felt about unfair sharing (after 30 second
response time given)

Activity S2(b): “Free Eating”

Start: A couple of seconds after the child starts eating

End: A couple of seconds before the child finishes eating

Activity S3(a): “Impossibly Perfect Green Circles”

Start: After the experimenter critiques the child’s circle for the first time

End: A couple of seconds before the experimenter chooses one of his circles and
appreciates it

Activity S3(b): “Free Drawing”

Start: A couple of seconds after the child starts to draw freely (as per his wish)

End: A couple of seconds before the 3 minutes of free-drawing end

5.3.2 Results from Second Iteration of the Study
The first iteration helped in debugging the technical issues and finding the measurement

guidelines which were conducive in making the second iteration successful. The second
iteration was performed after fixing the sampling rate issue which was discovered during
the first iteration. Studies were conducted to find a sampling rate which could capture the
ECG and EDA feature details with minimal loss in samples. The results showed that a
sampling frequency of 200Hz was sufficient to record all the physiological features (see
section 5.2.1). Also, there was less than 1% loss of samples while using this sampling
rate. No other changes were made in the methodological procedure, and the order and
timing of activities was kept the same as in the first iteration. The details about the

participants and activities performed are explained below:

e Participants:
The participants were given code numbers to keep their personal information
confidential, as per the Virginia Tech IRB guidelines. This iteration also consisted of five

participants, but one of them refused to participate. So, only 4 participants were tested for
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this iteration. The subject pool for this iteration consisted of 2 boys (Subject No.102 and
Subject N0.110) and 2 girls (Subject No0.107 and Subject N0.108).
e Activity Names:
o Sl(a): “Attractive Toy in a Transparent Box”
o Sl1(b): “Free Playing”
o S2(a): “I’m not sharing”
o S2(b): “Free Eating”
o S3(a): “Impossibly Perfect Green Circles”
o S3(b): “Free Drawing”

Two kinds of analyses were performed on the data. These included:

1. Average Calculations: The time boundaries suggested in section 5.3.1 were
used for measuring average values of different physiological features during each
activity.

2. Temporal Point-to-Point Analysis: For this, the ECG and EDA signals were
processed and their feature values were calculated at a finer granularity (every

few seconds) to see the effect of events on physiological changes.

The results from these analyses are explained below.

Average Calculations:

e Color Coding of the Feature Values:
For the following tables (table 3, table 4, table 5 and table 6), all right-hand columns (Part
(b) of all activities) should ideally be highlighted in green as it would imply lesser stress
(higher HRV) and all left-hand columns (Part (a) of all activities) should be ideally
highlighted in red, implying higher stress (lower HRV) experienced during that time.

e Data Analysis:
Data was analyzed using a tool named Kubios which is developed by researchers at the
University of Eastern Finland [45, 49]. Kubios presents a Graphical User Interface (GUI)
to study Heart Rate Variability. ECG data was loaded as input and the R peaks were

manually adjusted wherever required. Later, time and frequency domain features of HRV
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were extracted. The following picture shows a snapshot of the Kubios GUI using sample
ECG:
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Figure 9 Snapshot of the Kubios Graphical User Interface (GUI)

The Heart Rate Variability indicators for all participants were analyzed using Kubios, for
Average Calculations analysis. The following tables compare the HRV indices during the
frustrating and non-frustrating activities. For Subject 107, the HRV analysis could not be

performed for the activity “Attractive Toy in Transparent Box”, and hence that column
(left column) in Table 4 is left blank.
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Subject 102:

Time Domain Mean RR 610.74 657.54 Mean RR 649.95 601.8 Mean RR 706.83 655.88
STD RR 66.332 79.41 STDRR 85.527 73.453 STD RR 78.912 75.811
Mean HR 99.458 92.639 Mean HR 93.988 101.17 Mean HR 85.999 92.704
STD HR 11.5 11.876 STDHR 13.128 12.739 STD HR 10.263 10.817
RMSSD 87.096 110.39 RMSSD 100.58 110.26 RMSSD 105.5 101.57
NN50 136 138 NN50 110 142 NN50 143 115
pNN50 54.618 60.793 pNN50 57.592 56.574 pNN50 56.746 49.145

Freq Domain %HF 49.815 62.093 %HF 42.526 46.397 %HF 63.498 39.915
LF/HF (Power) 0.73661 0.41583 LF/HF (Power) 0.59759 0.70336 LF/HF (Power) 0.42168 0.64889

Table 3 Features Extracted from ECG of Subject 102 during Visit-1 of Second Iteration
Subject 107:

Time Domain Mean RR 468.25 Mean RR 479.59 459.94 Mean RR 495.2 459.07
STD RR 46.277 STDRR 42.774 40.645 STD RR 43.19 38.585
Mean HR 129.5 Mean HR 126.26 131.49 Mean HR 122.21 131.62
STD HR 14.126 STD HR 13.445 11.887 STD HR 12.375 11.115
RMSSD 67.155 RMSSD 55.789 61.908 RMSSD 60.887 55.333
NN50 111 NN50 67 82 NN50 96 76
pNN50 43,701 pNN50 31.019 36.607 pPNN50 31.27 32.34

Freq Domain %HF 51.485 %HF 44,212 35.399 %HF 38.392 33.516
LF/HF (Power) 0.53183 LF/HF (Power) 0.7614 1.03 LF/HF (Power) 0.90349 1.4312

Table 4 Features Extracted from ECG of Subject 107 during Visit-1 of Second Iteration
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Subject 108:

Time Domain Mean RR 532.66 548.64 Mean RR 556.99 513.44 Mean RR 562.5 536.72
STDRR 78.812 69.985 STDRR 75.213 70.076 STDRR 123.85 95.672
Mean HR 114.87 110.91 Mean HR 109.61 119.56 Mean HR 110.76 114.77
STD HR 16.034 12.559 STD HR 14.62 21.061 STD HR 20.822 18.357
RMSSD 102.67 85 RMSSD 104.49 94.224 RMSSD 158.86 120.23
NN50 120 70 NN50 109 55 NN50 136 140
pNN50 41.522 42.945 pNN50 55.33 47.826 pNN50 51.711 44.164

Freq Domain %HF 43.973 48.737 %HF 68.526 46.854 %HF 60.879 48.298
LF/HF (Power) |  0.87372 0.83522 LF/HF (Power) |  0.37518 0.9063 LF/HF (Power) |  0.48086 0.75052

Table 5 Features Extracted from ECG of Subject 108 during Visit-1 of Second Iteration
Subject 110:

Time Domain Mean RR 544,32 565.27 Mean RR 570.49 530.17 Mean RR 587.67 580.33
STDRR 52.042 43.157 STDRR 58.657 47.55 STDRR 49.696 56.409
Mean HR 111.24 106.79 Mean HR 106.38 114.08 Mean HR 102.81 104.37
STD HR 10.704 8.5284 STD HR 12.378 10.313 STD HR 8.5401 10.184
RMSSD 63.163 59.666 RMSSD 76.175 53.12 RMSSD 60.024 58.397
NN50 121 103 NN50 108 81 NN50 117 114
pNN50 43.369 36.396 pNN50 50.704 35.371 pNN50 39.394 37.874

Freq Domain %HF 41.285 64.829 %HF 60.245 26.275 %HF 47.87 40.869
LF/HF (Power) |  0.87707 0.33679 LF/HF (Power) |  0.45556 1.9126 LF/HF (Power) | 0.80131 0.78639

Table 6 Features Extracted from ECG of Subject 110 during Visit-1 of Second Iteration
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Discussion on Results of Average Calculations:

It can be observed that not all right-hand columns are highlighted in green which would
have signified higher HRV during the non-frustrating tasks. The Average Calculations
compute the average of all feature values over a time-period spanning across three
minutes roughly. During this period, several events may occur which can either cause a
spike or fall in features such as HR. Such sudden spikes and falls can affect the average
calculations by a high degree. These events and their impacts are not visible in the
Average Calculations, and need a finer granularity of observation. This is achieved by

performing a Temporal Point-to-Point Analysis.

As will be observed in the temporal analysis, some artifacts cause the HR to drop because
the HR during an artifact window is set to be the previous computed HR, or is linearly
interpolated, depending on the window size. If the window size is too large, the new HR
value is copied to be the same as the previous HR. In cases when the HR drops or rises a
lot above the threshold, a large artifact window contributes a higher or lower value of HR

for a long time, respectively, thereby affecting the average calculations.

Other interesting events are observed during the temporal analysis which account for
some deviation from expected HRV trend during the frustrating and non-frustrating
events. For instance, during the “Attractive Toy in a Transparent Box™ activity, one of the
participants simply stopped trying to open the lock (see figure 9). This was accompanied
by a drop in his HR. Another participant, during the “Impossibly Perfect Green Circles”
activity, stopped drawing after a couple of trials and critiques. This event also marked a
drop in his HR. So, some events which occurred during the frustrating activity were

conducive in lowering the HR, and also affected other related features.

On the other hand, the non-frustrating versions of activities also witnessed some events
that caused a spike in the HR and related features. For example, during the “Free Eating”
activity, some participants got visibly excited to receive the goldfish. This excitement
witnessed a spike in their HR. It might also be possible that the feeling of getting the

goldfish after losing their share was appreciated more than normal. Another activity,
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“Free Drawing”, made the participants visibly excited about getting to draw something
they liked and enjoyed drawing. A rise in their HR was seen during this event. It is also
important to note that during this activity, the participant often interacted with the
experimenter and described what he/she was drawing. Although neutral, the
experimenter’s appreciation of his/her drawing might have provided him/her some
encouragement, thereby raising his interest and excitement about drawing, and indirectly
raising the HR above baseline. However, the analysis is highly subjective and these
factors may not exist for each participant. Also, the effect of these factors on the

physiology of the participant can vary by a high degree.

Temporal Point-to-Point Analysis:

It is important to note that the results of the study are subjective because the behavior of
each participant is unique. Each participant exhibited different patterns of responding to
stressful events and the ability to cope up with these situations. The activities in Lab-
TAB are designed to assess these individual differences. In the Developmental
Psychology literature, great variability has been seen in the reacting patterns of the
participants. Some activities appear to be highly frustrating for some children while other
children find it very lowly frustrating [32]. Hence, it is not surprising to observe
differences in the stress levels of different participants. The results obtained from each
participant are studied and specific events that were expected to cause frustration or stress

are marked.

Subject 102:

Activities S1(a) and S1(b): ECG

The following picture shows the different features extracted from the ECG signal of
Subject 102. The important events that cause or are expected to cause a change in the
affect or stress level of the subject are marked. It can be seen that there is a rise in the HR
when the participant tries to open the lock (red arrow in Figure 10). The video recording
showed that the participant gave up trying to open the lock after repeated attempts, and as
can be seen in the following figure, the HR falls when the participant stops trying (black

arrow). Unfortunately, the participant leant over the table during the activity which
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produced motion artifacts. Because the duration of the artifacts was long, no interpolation
was performed by the HRtool. Instead, values from the last valid HR were copied for the
entire duration of the artifact window. Another interesting event is when the participant
stops playing with the toy. As shown by the second green arrow, the HR drops down at

the end of the non-frustrating activity (free-playing).
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Figure 10 Temporal Point-to-Point Analysis — ECG — Subject 102 — Activity Set-1
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Activities S1(a) and S1(b): EDA

The following picture shows the different features extracted from the EDA signal of
Subject 102. The X-axis marks the time in seconds while the Y-axis is used to indicate
the Phasic and Tonic EDA levels in terms of percentage. The important events that cause
or are expected to cause a change in the affect or stress level of the subject are marked. It
can be seen that there is a rise in the Tonic EDA when the participant tries to open the
lock (first pink arrow in figure 11). This event also marked a rise in the HR (see figure
10). The video recording showed that the participant gave up trying to open the lock after
repeated attempts, and as can be seen in the following figure, the tonic EDA level falls
when the participant stops trying (black arrow). This finding correlates with the
observation made using the participant’s HR, since this event witnessed a rise in the
participant’s HR (see figure 10). A rise in the EDL is seen when the participant again
starts to open the lock (second pink arrow). Another interesting event is when the
participant gets the toy to play with it. As shown by the first green arrow, the EDL rises
further and finally drops down to baseline at the end of the Inter-Activity Interval (second

black arrow).
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Activities S2(a) and S2(b): ECG

The following picture shows the different features extracted from the ECG signal of
Subject 102. The important events that cause or are expected to cause a change in the
affect or stress level of the subject are marked. The events marked in red are interesting
because they showed a visible correlation between the expected and observed response of
the participant. Between the first two red arrows in Figure 12, the HR of the participant is
seen to rise. This is the time when the experimenter takes away one of the colored
goldfish of the participant, and eats it. Another interesting event where the HR of the
child rises considerably is when all his goldfish is taken away by the experimenter.
However, at the end of the Inter-Activity Interval, the HR is seen to fall back to the

baseline level.
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Activities S2(a) and S2(b): EDA

The following picture shows the different features extracted using the EDA of Subject
102. The X-axis marks the time in seconds while the Y-axis is used to indicate the Phasic
and Tonic EDA levels in terms of percentage. The important events that cause or are
expected to cause a change in the affect or stress level of the subject are marked. A
correlation between the responses in HR and EDA Tonic is observed. For instance, the
HR of the participant is seen to rise when the experimenter takes away one of his colored
goldfish, and eats it. During this time, the Tonic EDA also shows a rise (figure 13).
Another interesting event where the HR of the child rose was when all his goldfish was
taken away by the experimenter. This event also observes a rise in the Tonic EDA level.
However, at the end of the Inter-Activity Interval, similar to the HR falling back to the

baseline level, the EDA Tonic level also dropped down.
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Figure 13 Temporal Point-to-Point Analysis — EDA — Subject 102 — Activity Set-2

Correlation between Physiology and Behavioral Gestures
The correlation between physiology and behavioral gestures can be better understood by

taking a closer look at the two features in detail: HR and Tonic EDA levels.

For figure 15, the X-axis marks the time in seconds while the Y-axis is used to indicate

the Phasic and Tonic EDA levels in terms of percentage. A rise in the HR and Tonic
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EDA level is seen at the time when the experimenter takes away and eats the participant’s
colored goldfish. This event is highlighted by red arrows in Figure 13 and pink arrows in
figure 14. Contrary to the expected rise in HR and Tonic EDA levels during unfair
sharing (black arrows in figure 14 and figure 15), no change is seen in the HR (see figure
14) while a fall is observed in the Tonic EDA level (see figure 15). This behavior is
typical to this participant and using such cases, the Lab-TAB activities succeed in pulling
out the different behaviors exhibited by different children. However, the HR and Tonic
EDA level show expected patterns of rise for the event in which all the goldfish of the
participant are taken away by the experimenter. Another important observation to be
made in this case is that of the Inter-Activity Interval. As can be seen in figure 14 and
figure 15, the HR and Tonic EDA level fall back to the baseline at the end of the Inter-
Activity Interval. The aim of having this interval was to bring back the participant back to
the baseline level so as to avoid the precedence effect. This instance of the interval shows

how the interval was successful in achieving its goal.
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Activities S3(a) and S3(b): ECG

The following picture shows the different features extracted from the ECG signal of
Subject 102. The important events that cause or are expected to cause a change in the
affect or stress level of the subject are marked. It was observed in the video recording that
the participant stopped drawing after a couple of trials, saying that “That’s all I can
draw”. The participant even looked visibly calm while making this statement. A drop in
his HR is seen when he stops drawing which is marked by the first black arrow. Another
interesting event is when the experimenter chooses one of the circles drawn by the
participant and appreciates it. This event, marked by the first green arrow, also witnesses
a drop in the HR. However, the participant was visibly excited during the “Free-
Drawing” activity and this may have contributed to some increase in his HR, which is

demonstrated by the following figure.
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Activities S3(a) and S3(b): EDA

The following picture shows the different features extracted using the EDA of Subject
102. The X-axis marks the time in seconds while the Y-axis is used to indicate the Phasic
and Tonic EDA levels in terms of percentage. The important events that cause or are
expected to cause a change in the affect or stress level of the subject are marked. As
already discussed, the participant was visibly excited during the “Free-Drawing” activity
and this may have contributed to some increase in his Tonic EDA level, which is
demonstrated by the following figure. This is in alignment with the increase in HR for the

“Free Drawing” activity, shown in Figure 16.
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Subject 107

The participant continued playing with the EDA sensors attached on his fingers, even
after being instructed not to do so. Because of this, her EDA data could not be recorded
properly. The following picture shows the irregular EDA data recorded for this
participant. The X-axis marks the time in seconds while the Y-axis is used to indicate the

Phasic and Tonic EDA levels in terms of percentage. No analysis could be performed for
the EDA signal of this participant.
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Figure 18 Temporal Point-to-Point Analysis — EDA — Subject 107

51




Subject 108
Activities S1(a) and S1(b): ECG

The following picture shows the different features extracted from the ECG signal of

Subject 108. The important events that cause or are expected to cause a change in the

affect or stress level of the subject are marked. The video recording showed that the

participant did not attempt to open the lock at all during the three minutes of the activity.

However, she continued looking around in anticipation of help from someone. It was

visible from the video recording that she was somewhat tensed during this time. During

this time, an rise in her HR is seen (between the two black arrows in figure 19) which is

later seen to drop down once she receives the toy.
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Activities S1(a) and S1(b): EDA

The following picture shows the different features extracted from the EDA signal of
Subject 108. The X-axis marks the time in seconds while the Y-axis is used to indicate
the Phasic and Tonic EDA levels in terms of percentage. The important events that cause
or are expected to cause a change in the affect or stress level of the subject are marked.
As already discussed, the participant was visibly stressed during the time the toy was kept
locked in the box. Although she did not attempt to open the box, the analysis of the video
recording and the physiological measurements, both reflect a stressed state (first black
arrow in figure 20). Similar to the drop in HR witnessed in figure 19, a drop in the Tonic
EDA level is observed when the participant gets the toy (see figure 20).
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Inter-Activity Interval: ECG

The following picture shows the different features extracted from the ECG signal of
Subject 108. The boundaries marking the beginning and end of the Inter-Activity Interval
are shown. It is interesting to see that the HR is high around the beginning of this interval
but it eventually drops down to the baseline level at the end of the interval. This is
another instance of validating the Inter-Activity Interval where it succeeds in bringing the
participant back to the baseline level. This interval is necessary to eliminate the

precedence effect.
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Inter-Activity Interval: EDA

The following picture shows the different features extracted from the EDA signal of
Subject 108. The X-axis marks the time in seconds while the Y-axis is used to indicate
the Phasic and Tonic EDA levels in terms of percentage. The boundaries marking the
beginning and end of the Inter-Activity Interval are shown. It is interesting to see that the
Tonic EDA level follows a declining trend compared to the period before the beginning
of the interval. This finding is supported by the observation made using figure 21 where
the Inter-Activity Interval brings back the HR down to the baseline level. Also, this is
another instance which validates the efficiency of Inter-Activity Interval in bringing the
participant back to the baseline level.
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Activities S2(a) and S2(b): ECG
The following picture shows the different features extracted from the ECG signal of
Subject 108. The important events that cause or are expected to cause a change in the

affect or stress level of the subject are marked. This activity did not see interesting trends

of rise or fall in HR as observed with the other participants.
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Activities S2(a) and S2(b): EDA

The following picture shows the different features extracted from the EDA signal of
Subject 108. The X-axis marks the time in seconds while the Y-axis is used to indicate
the Phasic and Tonic EDA levels in terms of percentage. The important events that cause
or are expected to cause a change in the affect or stress level of the subject are marked.
This activity did not witness interesting trends of rise or fall in EDA Tonic levels as

observed with the other participant.
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Activities S3(a) and S3(b): ECG

The following picture shows the different features extracted from the ECG signal of
Subject 108. The important events that cause or are expected to cause a change in the
affect or stress level of the subject are marked. It was observed in the video recording that
the participant did not take the criticism quite seriously and started laughing whenever
her drawing was criticized. Also, there were a lot of motion artifacts during this study
which disturbed the ECG measurements. However, one interesting event is when the

participant begins free drawing. A fall in the HR was observed for this event.
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Activities S3(a) and S3(b): EDA

The following picture shows the different features extracted using the EDA of Subject
108. The X-axis marks the time in seconds while the Y-axis is used to indicate the Phasic
and Tonic EDA levels in terms of percentage. The important events that cause or are
expected to cause a change in the affect or stress level of the subject are marked. Two
interesting events can be observed in figure 26. The video recording showed that the
participant stopped drawing after she used up the entire sheet to draw circles. At this
point, she asked for a new sheet. This event, which provided her a break from the
criticism and helped her relax, witnesses a fall in the Tonic EDA level (second black
arrow). Another important event was marked when the child was allowed to draw
anything she liked. The participant was visibly excited about it and this event also

observes a peak in the Tonic EDA level (second black arrow in figure 26).
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Other Events: Sneezing: ECG
Besides observing interesting trends in the physiological features during Lab-TAB
activities, it was seen that the HR of the participant dropped when she moved and

sneezed. Such observations can be used to explain the deviations in physiological

analyses and results that are not accounted for by the subjectivity of behavioral responses

and analysis.
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Subject 110

The participant continued playing with the EDA sensors attached on his fingers, even
after being instructed not to do so. Because of this, her EDA data could not be recorded
properly. The following picture shows the irregular EDA data recorded for this
participant. The X-axis marks the time in seconds while the Y-axis is used to indicate the
Phasic and Tonic EDA levels in terms of percentage. Hence, no analysis could be
performed for the EDA signal of this participant.
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Figure 28 Temporal Point-to-Point Analysis — EDA - Subject 110

5.3.3 Results from Study on Audio Representations
It is interesting to note the effect of audio representations on the EDA of the participants.

The effect was visible (high or low) for almost all participants except Subject Number
102. Owing to a lot of motion artifacts present in his EDA signal (see figure 28), the
physiological measurements couldn’t be analyzed. However, qualitative analysis on the

audio and video recordings of this participant was performed.
The following table shows whether or not the remaining participants could attend to or

observe the playing of the 9 different audio representations. These results have been

derived from manual coding the audio and video recordings and observing the behavioral
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gestures. For this work, the audio and video recordings were manually annotated by the
author. However, for future studies, it is advised to have multiple experts coding and
annotating the audio and video recordings and ultimately reaching a consensus about the
findings. Brief movements such as “looking towards the speakers”, “looking away from
the screen to detect the source of sound”, “looking at experimenter”, “asking the
experimenter about the source of sounds”, “getting distracted from any activity he/she is
engaged in”, etc. count as a positive indication of attending to the audio representation.

However, some behavioral gestures could not be coded due to high ambiguity and the

corresponding columns of the table are highlighted in grey color.

Sound | Sound | Sound | Sound | Sound | Sound | Sound | Sound | Sound
1 2 3 4 5 6 7 8 9
Sulk;)jsct Yes No Yes Yes Yes Yes Yes Yes Yes
Sul%g(:t Yes Yes Yes Yes Yes Yes Yes Yes Yes
Sulb(:j U ves No Yes | Yes | Yes | Yes No No No
Subject Ves Yes Yes No Yes Yes Yes
107
Sulkgg “ No No Yes Yes Yes Yes Yes No No

Table 7 Audio Representations Attended to by the Participants

A correlation was found between the observed behavioral response to these observations
and any changes in the physiological features, specifically the EDA Tonic Level. The
EDA Tonic level is expected to rise as a result of attending to or getting distracted by the
audio representation. Hence, a positive correlation between the physiology and
behavioral observation would be:
1. When the child attends to a specific audio representation (a “Yes” in Table 7) and
a rise in his/her Tonic EDA level is observed a couple of seconds after that audio
representation is presented. This is because a reaction to any stimulus is seen after

a brief delay in the EDA Tonic level.
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2. When the child does not attend to a specific audio representation (a “No” in Table

7) and a fall or no change in his/her Tonic EDA level is observed a couple of
seconds after that audio representation is presented.

All instances of positive correlation between physiology and behavioral gestures are

highlighted in yellow for the analysis of EDA signals of all participants.

Subject 102

The following picture shows the different features extracted using the EDA of Subject
102. The X-axis marks the time in seconds while the Y-axis is used to indicate the Phasic
and Tonic EDA levels in terms of percentage. The times at which the different audio
representations were presented to the participant are marked as arrows. These audio
representations are marked as AR1, AR2,...,AR9 describing the order in which they were
presented. However, the EDA of this participant could not be recorded properly because
of a lot of motion artifacts introduced by him. Hence, no trends or correlation between

physiological analysis and behavioral gestures could be observed.
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Subject 103

The following picture shows the different features extracted using the EDA of Subject
103. The X-axis marks the time in seconds while the Y-axis is used to indicate the Phasic
and Tonic EDA levels in terms of percentage. The times at which the different audio
representations were presented to the participant are marked as arrows. These audio
representations are marked as AR1, AR2,...,AR9 describing the order in which they were
presented. It can be seen from Figure 30 that 7 out of total 9 instances showed a positive
correlation between observed behavioral gestures and the physiological features. These

instances are highlighted in yellow in the following diagram.
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Figure 30 EDA Features of Subject 103 during Visit-2
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Subject 104

The following picture shows the different features extracted using the EDA of Subject
104. The X-axis marks the time in seconds while the Y-axis is used to indicate the Phasic
and Tonic EDA levels in terms of percentage. The times at which the different audio
representations were presented to the participant are marked as arrows. These audio
representations are marked as AR1, AR2,...,AR9 describing the order in which they were
presented. It can be seen from Figure 31 that only 4 out of total 9 instances showed a
positive correlation between observed behavioral gestures and the physiological features.

These instances are highlighted in yellow in the following diagram.
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Figure 31 EDA Features of Subject 104 during Visit-2
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Subject 109

The following picture shows the different features extracted using the EDA of Subject
109. The X-axis marks the time in seconds while the Y-axis is used to indicate the Phasic
and Tonic EDA levels in terms of percentage. The times at which the different audio
representations were presented to the participant are marked as arrows. These audio
representations are marked as AR1, AR2,...,AR9 describing the order in which they were
presented. It can be seen from Figure 32 that all the 9 instances showed a positive
correlation between observed behavioral gestures and the physiological features. These

instances are highlighted in yellow in the following diagram.
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Figure 32 EDA Features of Subject 109 during Visit-2

5.4 Plausible Mitigating Factors (Factors that affected the study, reasons for diff b/w
observed and expected results)

As indicated by the results, some of the activities showed to be more successful in
inducing stress while some are not. There can be various plausible reasons which mitigate

the effect of these activities. A list of these factors is presented:
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Order of Activities

In all the studies, the order of in which the activities were performed was the
same. It may happen that after some time, the participant already knows the
pattern that the experimenter would first frustrate him, and later make him feel
better. So, by the time the participant reaches the third activity, he may expect the
pattern to get repeated, and is prepared to “feel stressed”.

Order of Audio Representations

The order of presenting the audio representations was also the same for all
studies. It was observed that this order induced boredom in the participants, and
many of them could not distinguish between the variants of some audio
representations. For instance, some participants failed to notice the change in
amplitudes of the three cat meow sounds.

. Timing of Audio Representations

It was observed that one of the participants showed an expectancy bias. The
participant understood the timing and frequency of presenting the audio
representations (stimuli) by the time AR 7 was presented to him. Before AR8 was
presented, he was already staring at the speakers, expecting to hear some audio
from them. Presenting the audio representations in a more randomized order can
eliminate this expectancy bias.

. Video clip used in Visit-2

Some of the participants even found the video clip used for the Visit-2 study very
boring. This could have affected their attending capability and felt emotions for
each audio representation.

Subjective Nature of the Studies

It is important to note that the study and its results are subjective, and hence
deriving a concrete universal pattern from such a small population size is not

possible.
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5.5 Findings and Insights Gained
The following insights gained from these studies may be helpful for designing future

studies for children with ASD:

1.

The mitigating factors listed in section 5.4 need to be controlled, because an effect
of these factors was seen in the results of first and second iterations of the study.

It is important to know the temperament envelope for each activity used. This
temperament envelope would enable marking the important events which are
expected to induce stress/anger/frustration, and thus would be helpful in defining

the time boundaries for physiological measurements.

3. The order of presenting audio representations can be randomized to offer variety.

The video clip used in Visit-2 of the study can be replaced with a more
interesting, but neutral (not inducing any extra emotion) clip.
The equipment, apparatus setup and methodology of the study should consider the
following points in order to be more robust:
a. A lot of cases were marked where the participants tried to lean over the
table in order to either open the box or snatch goldfish, or draw circles.
This introduced artifacts in the physiological recordings. Care must be
taken that artifacts should be minimal. For this, either the current set of
activities can be replaced with another set which guarantees minimal
physical effort, or the current activities can be modified to require even
lesser physical movement. However, it is important to note that complete
elimination of motion artifacts may not be may practical. For instance, it
may be impossible to expect the participant to stay stationary throughout
each activity, especially in cases when he is excited (for e.g. while
drawing) or when he is aroused (for e.g. while trying to snatch the
goldfish).
b. Some participants found wearing the equipment uncomfortable. The
current equipment can be replaced with a different sensor which can
record both the ECG, and EDA data. The new sensor should also be more

comfortable to wear.
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c. Before beginning the study, it should be learned from the participants if
they recently had a heavy breakfast/lunch, and what they had for it.
Accordingly, the experimenter should be able to re-design the activity so
as to cause maximal frustration.

6. In order to derive a clearer pattern in the response to the activities, the subject
pool needs to be widened. A higher number of participants would help in finding
the commonalities in behavior. The Developmental Psychology literature uses a
subject pool ranging from 50-100 participants in order to find the responding
pattern. Still, these studies observe groups of responses instead of a standard
responding profile.

7. No special difference in the behavioral patterns was observed which could be
accounted for by the gender of the participants.

8. However, it was noticed that the older participants (around 5 years of age)
followed the instructions more seriously than the younger participants (around 3
years of age). The younger participants were comparatively more distracted
during the sessions. Another important point to be noted is that the older
participants were more capable of regulating their emotional state. For instance,
the older participants showed a larger variation in their behavioral responses.
Also, the extent to which the activities could induce stress in the older participants

was comparatively more varied.

5.6 Conclusion
This chapter detailed the design of the user study and the results and insights obtained

from the two iterations for Visit-1 and Visit-2. As noted, the differences in participant
behaviors make the study and its analysis highly subjective. With a small number of
participants, it is difficult to observe a common response to the Lab-TAB activities used.
High variation was seen in the way each activity induced stress to the participants.
Knowing that the Lab-TAB activities already designed to pull out these differences and
variations, the results were not surprising. The insights gained from these studies can
prove to be helpful in designing the next iterations of the study, especially for children
with ASD.
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Chapter 6: Stress Profile Generation

This chapter describes how a stress profile is generated for each participant, using Fuzzy

Logic.

6.1 Requirements for Stress Profile Generation System
One of the building blocks of the proposed framework is the creation of a stress profile

for each participant. For this, the derived physiological features would be taken as inputs
and a curve of the stress being experienced by the participant at any time would be
produced as the output. The subjective nature of the study and the differences in the
behavior of the participants result in different patterns of change in physiological
indicators’ values. Therefore, common or fixed calculations cannot be employed to
derive a stress profile for all the participants. The generation of the stress profile for each

participant needs a set of basic requirements to be met. These are outlined as follows:

1. A customized and unique stress profile or curve should be derived for each
participant based on their unique behavior patterns.

2. The stress curve should be adaptable to the future behavior patterns. This means
that the design logic should be flexible and should be able to acclimatize itself to
any new behavior patterns exhibited by the participant in the future.

3. The profile designing logic should be able to take as input any expert knowledge

and use it appropriately (aligned well with the physiological findings).

Different adaptive approaches such as genetic algorithms and neural networks can be
used to achieve a design that can produce a stress profile. However these approaches

suffer from some limitations and do not meet all the above listed criteria.

One of the basic limitations in using these conventional approaches is the difficulty in
clearly defining the initial parameters. For instance, subjective parameters such as stress,
HRV, etc. cannot be quantified. Other parameters such as the heart rate, EDL, RMSSD,
etc. also exist within a wide range of values. Simple boundaries for these values cannot

be defined in order to correlate them with stress or no stress. For e.g., an HR of 50bpm
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and a HR of 120bpm would both imply unstable states. Moreover the normal range of HR
can vary from time-to-time and hence this range cannot be fixed. So, it becomes evident

that simple rules such as “If heart rate is x BPM, then stress is y units” won’t suffice.

Another limitation is introduced by the complication in using expert knowledge in the
system design. Experts can look at the physiological signals and interpret their influence
on the stress level of the participant. However, this expert knowledge would exist in
terms that human operators can understand. For example, the expert knowledge would
describe that ‘when the HR becomes too high and if there is a rise in the EDL, the
participant may be experiencing stress.” Such knowledge can be difficult to convert it in a

form usable by the machine.

These limitations call for a system design that is adaptive and can handle the fuzzy
language of expert knowledge (and not requiring quantified inputs and outputs). The
solution to the problem thus emerges in the form of Fuzzy logic (see section 6.1.1) which
is widely used to deal with concepts that are “partially true’ instead of being ‘completely
true’ or ‘completely false’ [46]. For instance, the fuzzy language of expert knowledge
may describe input parameters as “somewhat true” but “mostly false”. Fuzzy logic not
only allows the use and representation of values like “somewhat” and “mostly”, but also
lets such multiple values coexist. Figure 33 shows the concept of “partial truth” being
handled by multi-valued fuzzy logic where the input variable “inputl” belongs to three
different categories simultaneously, namely “low”, “normal” and ‘“high”. The
membership of “inputl” can be seen as “mostly normal”, “somewhat low” and “slightly

high”.
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Figure 33 Many-valued Fuzzy Logic Dealing with the Concept of “Partial Truth”

Fuzzy logic is also useful in situations where an initial mathematical model of the
solution does not exist [69, 100]. One of the other important features of Fuzzy Logic is
that its intelligence can be upgraded without completely redesigning the system [69, 100].
The upgrade requires simple addition, deletion or modification of rules in the fuzzy
system rule base [100]. The following subsections describe fuzzy logic and Fuzzy

Inference System (FIS) in detail.

6.1.1 Introduction to Fuzzy logic and Inference Systems
Fuzzy logic is a many-valued logic which was introduced by Zadeh [46]. It can be

considered as a superset of the traditional binary set logic since it allows the concept of
partial truth. The fuzzy set assigns membership value to its objects, which ranges
between zero and one [46]. This is contrasting to the traditional binary sets where an
object may only take two values: true (one) or false (zero). Membership value is assigned
to the variables using membership functions, and set operations such as union,

intersection, complement, etc. are extended to fuzzy sets.
Describing fuzzy logic mathematically, if X is the space of variables, and * is an element

of X, then
¥ ={x}
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A fuzzy set 4 in X is then characterized by a membership function fa(x) which assigns
each element in 4 a real number between 0 and 1 [46]. Thus, the interval of membership

value for any element is [0:1] and it defines its ‘grade of membership’ in the fuzzy set
[46].

Some of the set-theoretic and logical operations that can be applied to fuzzy sets are
‘Fuzzy Subset’, ‘Fuzzy Compliment’, ‘Fuzzy Intersection’, ‘Fuzzy Union’ and ‘Fuzzy

Cartesian Product’ [52].

A system that uses fuzzy logic to produce a crisp output from a set of input variables is
called a fuzzy system. A structure of a fuzzy system consists of three building blocks:
Fuzzification of Inputs, Inference Mechanism to produce Fuzzy Output and
Defuzzification to produce a crisp output [82]. This is shown by the following diagram:

Inference
X Fuzzification —= Defuzification ¥
Mechanism

Figure 34 Structure of a Fuzzy Inference System

The input x is initially crisp. The ‘Fuzzification’ step converts the crisp value of x into
fuzzy sets which are used by the inference mechanism. The inference mechanism
operates on a set of if-then rules specified in the rule base of the Fuzzy Inference System

(FIS). An example of an if-then rule is:
If xisa, then yisb.

The former part of the rule, ‘¥ is @’ js called the premise of the rule and the latter part,
'vis b" js called the consequent of the rule [52]. The degree of firing of each rule depends
on the membership value of the inputs contained in the rule [52]. The inference system
also determines the implied fuzzy set corresponding to each rule [52]. Finally, the

‘Defuzzification’ step converts the implied fuzzy sets produced by the inference
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mechanism into a crisp output. Different approaches to defuzzification exist, such as the

‘Center of Gravity’ and ‘Center Average’ defuzzification [102].

6.1.2 Comparison of Mamdani-type and Sugeno-type Fuzzy Inference System
Two basic types of Fuzzy Inference Systems that are commonly used are: Mamdani-type

and Sugeno-type [52]. Mamdani’s system which was proposed by Ebrahim Mamdani in
1975 is the most commonly used FIS. The FIS properties described in the previous
subsection characterize the Mamdani-type FIS. The other type is the Sugeno-type system
which is also known as Takagi-Sugeno-Kang FIS. It is similar to the the Mamdani FIS
except that their outputs are computed differently. Mamdani systems compute the output
by clipping the output membership function (distribution) at the rule strength. Unlike the
Mamdani system, the Sugeno FIS does not use an output membership function to derive a
crisp output. Instead, each input is multiplied by a constant and the products are added
up. Their average value makes up the resulting crisp output [54, 73]. Another minor
difference between the two systems exists in the terminology. The term "Rule strength”
of Mamdani systems is referred to as "degree of applicability" and the output is referred

to as the "action™ [54].

The working of Mamdani and Sugeno FIS’ can be better understood with the help of the
following diagrams [54].
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Figure 35 A Two Input, Two Rule Mamdani FIS with Crisp Inputs, Knapp, R. B. (1996). A two
input, two rule Mamdani FIS with crisp inputs [Online image]. Retrieved March 5, 2014 from
http://www.cs.princeton.edu/courses/archive/fall07/cos436/HIDDEN/Knapp/fuzzy004.htm, Used with
permission of R. Benjamin Knapp, 2014.
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Figure 36 A Two-input, Two-rule Sugeno FIS, Knapp, R. B. (1996). A two input, two rule Sugeno FIS
(Pny Ony @and r,, are user-defined constants) [Online image]. Retrieved March 5, 2014 from
http://www.cs.princeton.edu/courses/archive/fall07/cos436/HIDDEN/Knapp/fuzzy004.htm, Used with
permission of R. Benjamin Knapp, 2014.
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6.1.3 Reasons for Selecting Mamdani-type over Sugeno-type System
After selecting fuzzy logic for stress profile generation, it was important to select one of

the two fuzzy inference systems. As described in the previous section and shown in
figure 36, the output membership function of Sugeno is essentially linear or constant
[73]. One of the biggest problems with using Sugeno-type FIS is the selection of the user-
defined constants (coefficients) (for e.g. pn, qn and r, in figure 36). There is no intuitive
way to determine these coefficients [54] especially when the number of input variables is
large. It becomes all the more difficult when different rules use a varying combination of
these input variables. Another problem associated with Sugeno-type FIS is that the output
is always crisp, which may not be desirable for some HCI applications [54]. This is also
considered counterintuitive since the fuzziness is not propagated from the input to the
output [72]. Although there exists a neural-network based algorithm known as ANFIS,
that can automatically optimize the FIS parameters [70], it has stringent requirements.
ANFIS stands for Adaptive Neuro-Fuzzy Inference System and needs a training dataset
as input, in order to tune the membership parameters of the Sugeno-type FIS [70].
Another major limitation related to ANFIS is that the number of rules in the rule-base of
the FIS should be equal to number of output membership functions [73]. This limitation

can be very tricky to handle. This is explained with the help of following rules:

1. If (hris high) and (hr_stdDev is low) then (stress is high)
2. If (hris low) and (hr_stdDev is low) then (stress is high)
3. If (rris low) and (rr_stdDev is low) and (rmssd is low) then (stress is high)

4. 1f (rr is high) and (rr_stdDev is low) and (rmssd is low) then (stress is high)

Supposing that only these four rules made up the logic for any FIS, Sugeno based ANFIS
would not have accepted this rule-base. This is because the output variable only contains
one membership function (with the value “high”) which is being used by four rules
simultaneously. ANFIS does not permit this kind of rule sharing. Hence, it becomes very
difficult to program an ANFIS especially when all crisp values of the output variable are
not known (for e.g. very low stress, low stress, normal stress, high stress, etc.). On the

other hand, Mamdani-type FIS allows rule sharing and is more intuitive and better suited
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to human input [73]. Hence, owing to the limitations posed by ANFIS, a Mamdani-type
Fuzzy Inference System was designed for the current application.

6.1.4 Conclusion
This section explained the requirements for developing logic for stress profile generation.

The design challenges led to the selection of fuzzy logic as the solution, and specifically

the Mamdani-type FIS was selected for implementation.

6.2 Design of Fuzzy Inference System for Stress Profile Generation
This section describes the design of the Fuzzy Inference System in terms of the input

variables, their membership functions, the output variable, and the rules used to map
inputs to output. The Mamdani-type FIS used for these studies was developed using the
Fuzzy Logic Toolbox in MATLAB. The Fuzzy Logic Toolbox provides functions to
design and simulate fuzzy logic systems which can be used in a program or via its
Graphical User Interface (GUI) [69, 100].

6.2.1 Selected Features as Input Variables
Several features were extracted from the ECG and EDA signals processed using the

HRtool and the EDAtool respectively. Additional features were extracted by modifying
these tools. Some features which cannot be computed instantly for every heartbeat need
to be computed over a time window of around 5 seconds. Examples of such features
include Standard Deviation of Heart Rate and RR-intervals, RMSSD, Coefficient of
Variance, pRR50, etc. For this, extra functionality was added to the HRtool to compute
values of these features using a technique suggested by Khandpur (2003) [40]. According
to Khandpur, a combination of beat-to-beat calculation and averaging values can be
created which calculates the average measure of four or six RR intervals [40]. Hence, a
moving window of 4 RR-intervals was used in order to maximize the effect of each
contributing sample (compared to using 6 RR-intervals). The moving window was used
to extract all the required features which needed to be computed across some timeframe.
These included Mean of Heart Rate, Standard Deviation of Heart Rate, Mean of RR
Interval, Standard Deviation of RR Interval, Coefficient of Variance, RMSSD, pRR50
and pRR20.
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Concluding, the features used for generating a stress profile using fuzzy logic are:

Heart Rate, Standard Deviation of Heart Rate, RR Interval, Mean of RR Interval,
Standard Deviation of RR Interval, RMSSD, Coefficient of Variance, pRR50, pRR20,
Heart Rate Variation (computed as the difference between two adjacent RR intervals),
First Differential of Heart Rate Variation, Tonic EDA Level and Phasic EDA Level.

6.2.2 Membership Functions for Input Variables
As already described in section 6.2.1, the range of values for each input variable can be

divided into three areas: low, normal and high. Mostly, the value of the variable existing
in the normal area implies a stable emotional state of the participant. A value much lower
or much higher than the normal bounds can reflect an emotionally unstable or “stressed”
state. Hence, it was important to categorize some input variables and define their fuzzy
membership based on three areas, namely “low”, “normal” and ‘“high”. For other
variables, only two membership functions were defined, namely “low” and “high”. It is
interesting to note that the division into membership functions is essentially inclusive,
such that clear boundaries for these areas cannot be defined, and any value can belong to
two or more areas at the same time. Fuzzy logic comes handy in such applications when
the input variables cannot be quantified in the first place, but can only be considered to
belong to two or more “fuzzy subsets”. For instance, a value of Heart Rate being 100
bpm (beats per minute) can appear to be “somewhat” normal and “mostly” high. Use of
adjectives like “somewhat” and “mostly” cannot be expressed outside fuzzy logic. Thus,
all input variables were assigned three membership functions with the characterizing
curve of a Gaussian curve. The advantage of using Gaussian curve is that it is differential
at each point, and reflects the area of the membership function in an intuitive way, using

parameters such as mean and standard deviation to define the shape of the curve.

The typical membership functions for any variable can be graphically seen as following:
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Figure 37 Membership Function Plot for FIS Input Variables Containing 3 Membership Functions

For other variables containing only two membership functions (“low” and “high”), the

plot of membership functions looked as follows:
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Figure 38 Membership Function Plot for FIS Input Variables Containing 2 Membership Functions

The values for these membership functions (“low”, “normal” and “high’) were derived
using the physiological data recorded during Visit-1. The minimum and maximum of
each physiological feature was used to define the bounds of the membership functions of
corresponding features. Additionally, measurements during the baseline activity were

calculated to find the bounds for the curve signifying “normal” area of the feature.
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6.2.3 Fuzzy Rule Base
It was observed that the system performed better in estimating the output stress value

when rules were defined for both conditions: when stress is high and when stress is low.
The rules used for modeling the input/output datasets collectively form the rule base of
the FIS. The numbers in brackets at the end of each rule statement define the weight of
that rule. Because the rule base elaborately covers every feature in different rules based
on its absolute and relative importance, the weights of all the rules have been assigned to

be the same, and hence carry the value 1.

One FIS each was developed for features derived from the ECG and EDA signals
respectively. The integration of the rules for ECG and EDA features was not trivial
because of the presence of artifacts in both signals. The artifacts were present at different
times in the signals, and the parts of signals during these artifacts needed to be avoided
for calculating the fuzzy system’s performance. Moreover, the difference in the way
features are derived from the ECG and EDA signals was another factor that made the
integration difficult. The HRtool derives features from the ECG based on the position of
R peaks which can be spaced unevenly in time. The EDAtool on the other hand is nnot
time-dependent to compute the Phasic and Tonic EDA levels. Simple interpolation of the
features derived from the ECG and EDA does not solve this problem either, and more
complex processing is needed to synchronize the features from ECG and EDA to develop
a common rule base for an integrated fuzzy system. Thus, for this work, two separate
fuzzy systems with their corresponding rule bases were developed for the ECG and EDA

features.

The rule base for the FIS based on features derived from the EDA is as follows:

If (edaTonic is high) and (edaPhasic is high) then (stress is high) (1)
If (edaTonic is high) then (stress is high) (1)
If (edaTonic is low) then (stress is low) (1)

If (edaTonic is low) or (edaPhasic is low) then (stress is low) (1)

a ~ W e

If (edaPhasic is low) then (stress is low) (1)
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The rule base for the FIS based on features derived from the ECG is given below.

© 0 N o g B~ w DN PE
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If (hr is high) and (hr_stdDev is low) then (stress is high) (1)

If (hr is low) and (hr_stdDev is low) then (stress is high) (1)

If (rr is low) and (rr_stdDev is low) then (stress is high) (1)

If (rr is high) and (rr_stdDev is low) then (stress is high) (1)

If (hr is high) and (rmssd is low) then (stress is high) (1)

If (hr is high) and (rmssd is low) then (stress is high) (1)

If (rr_stdDev is low) and (rmssd is low) then (stress is high) (1)
If (rmssd is low) then (stress is high) (1)

If (hrv is high) then (stress is low) (1)

. If (hrv is low) then (stress is high) (1)

. If (rmssd is high) or (prr20 is high) then (stress is low) (1)

. If (hr is normal) and (rr is normal) then (stress is low) (1)

. If (rmssd is high) then (stress is low) (1)

. If (hr is normal) or (hrv_diff is high) then (stress is low) (1)

. If (hr is normal) and (hr_stdDev is high) then (stress is low) (1)
. If (rr is normal) and (rr_stdDev is high) then (stress is low) (1)

. If (rr_stdDev is high) and (rmssd is high) then (stress is low) (1)
. If (rmssd is high) and (prr20 is high) then (stress is low) (1)

The resulting FIS designed using the Fuzzy Toolbox GUI is shown below:
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Figure 39 Resulting FIS Built using the Fuzzy Toolbox GUI
6.2.4 Conclusion
Section 6.2 introduced the process of designing a Mamdani-type FIS in MATLAB using
the Fuzzy Logic Toolbox. The subsequent subsections presented details about the
Mamdani based FIS developed to generate a stress profile which is unique for each

participant.

6.3 Results
The developed FIS’ were used to generate one stress profile each for the features derived

from the ECG and EDA respectively for each participant. These profiles were unique to
the participant since such a customized solution was required by the proposed

framework.
The designed fuzzy inference systems were tested to see the effect of each input variable

on the output value of stress. Additionally, two datasets were constructed for each

participant to test the fuzzy system’s performance.
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1. Dataset 1: Data with output stress interpreted to be present (Stress value = 1):
For this, a correlation was found between the observed behavior from the audio and video
recordings and the physiology of the participant. Timestamps of events occurring during
the Lab-TAB activities “Attractive Toy in a Transparent Box”, “I’m not sharing” and
“Impossibly Perfect Green Circles” which coincided with a change in affect were noted.
Physiological features in the time periods marked within the boundaries (start and end) of
these events were separated to construct the first dataset which assumes the output stress
variable to have the value 1, signifying that the participant experienced stress during
these times.

2. Dataset 2: Data with output stress interpreted to be absent (Stress value = 0):

For this, timestamps of events occurring during the Lab-TAB activities “Free Playing”,
“Free Eating” and “Free Drawing” and baseline measurements which coincided with a
change in affect were noted. Physiological features in the time periods marked within the
boundaries (start and end) of these events were separated to construct the second dataset
which assumes the output stress variable to have the value 0, signifying that the

participant did not experience any stress during these times.

These values from these datasets were input into the designed FIS to compare the
expected value of stress (0 or 1) with the results output by the FIS to find the fuzzy

system’s performance.

To check the accuracy of FIS, different thresholds were set to distinguish between
“stress” and “no stress” values output by the FIS. The thresholds are labeled for “stress”
and “no stress” states. For instance, the threshold 0.7-0.3 would mean 0.7 threshold value

for “stress state” and 0.3 threshold value for “no stress” state.

The different thresholds used are explained as follows:
e 0.5-0.5: Output values>0.5 imply “stress” & output values<0.5 imply “no stress”
e 0.6-0.4: Output values >0.6 imply “stress” & output values<0.4 imply “no stress”
e 0.7-0.3: Output values >0.7 imply “stress” & output values<0.3 imply “no stress”

e (.8-0.2: Output values >0.8 imply “stress” & output values<0.2 imply “no stress”
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The thresholds 0.6-0.4, 0.7-0.3 and 0.8-0.2 make the error margins for distinguishing
between “stress” and “no stress” states tighter, since an ideal system would compute the
output value of stress as close to 1 as possible, when the user interpreted value is 1. Also,
the ideal system would compute the value of “no stress” very close to 0 when the user

interpreted value of stress is 0.

However, it is important to note that the actual value of stress may not be absolutely 0 or
1 even when its user interpreted value defines it as 0 or 1. This is because human
knowledge cannot quantify stress and the interpreted value is a rough estimate or
rounded-off value of stress which is assumed to be 0 or 1.

Furthermore, the rule base of the FIS is dependent on several features derived from the
ECG and EDA. Deriving values of stress as absolute 0 or 1 may not be possible, since
that will require an optimized set of values for all the features, which can force all the
rules to output the value of stress as absolute 0 or 1. Hence, achieving an ideal fuzzy

system that outputs the value of stress as absolute 0 or 1 is impractical.

The accuracy of the system is calculated in percentage as the ratio of number of samples
with a positive correlation between the user interpreted and system computed values of

stress to the total number of samples.

A positive correlation is defined as a case when the user interpreted value of stress is 1
and the system computed output is above the “stress” state threshold, or when the user
interpreted value of stress is 0 and the system computed output is below the “no stress”
state threshold.

The results and system performance for each participant is explained in detail below.

Subject 108:
Input in the form of features derived from the ECG and EDA signals was provided to the
corresponding FIS’. The input feature values were a combination of values from Dataset

1 and Dataset 2, and were arranged in the order of their occurrence. The FIS used its rule
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base to compute the value of stress against the given feature values at any instant. The
output stress value was compared against the interpreted stress value (0 or 1).

Stress Profiles generated using FIS’ based on features derived from the ECG and
EDA signals

The following plot is an example of the stress profile generated by the FIS based on
features derived from the ECG signals. The plot shows the samples arranged in time on
the X-axis and the value of stress (ranging between 0 and 1) on the Y-axis. The
interpreted values are marked in blue and they toggle between 0 and 1, since human
expertise cannot quantify stress as 0.3 or 0.6, etc. The values of stress computed by the
FIS based on features derived from ECG are drawn in red. It is interesting to note how
the value of stress computed by the FIS rises up for the time when the expert interpreted
value of stress is 1. On the other hand, the fall in the FIS output value of stress also
coincides with the expert interpreted value of stress being 0.

Stress Template for Subject 108 - Based on Features derived from ECG

S e L
BT TR O NI PR

|
14 200 250 300 350 400

samples

| |
Figure 40 Stress Profile Generated using FIS Based on Features Derived from ECG

If different thresholds are considered to evaluate the FIS’ accuracy in predicting stress, it
can be seen that both the FIS (based on ECG and EDA features respectively) perform
well when the threshold is set to 0.5-0.5. The performance of the FIS based on ECG
features for 0.5-0.5 threshold is 88.76% while the accuracy of the other FIS based on
EDA features for this threshold is 92.89%. This trend is also observed in figure 40 where
the stress values computed by the FIS are mostly concentrated between the value range
0.4 and 0.6. The accuracy of the FIS keeps dropping as the boundaries for distinguishing
between the “stress” and “no stress” states are made tighter in thresholds 0.6-0.4, 0.7-0.3,
0.8-0.2.
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Figure 41 Accuracy of Stress Prediction by FIS (EDA Features) with respect to Different Thresholds
for Subject 108 (left)
Figure 42 Accuracy of Stress Prediction by FIS (ECG Features) with respect to Different Thresholds
for Subject 108 (right)

Subject 102, Subject 107 and Subject 110:

Input in the form of features derived from the ECG and EDA signals was provided to the
corresponding FIS’. The input feature values were a combination of values from Dataset
1 and Dataset 2, and were arranged in the order of their occurrence. The FIS used its rule
base to compute the value of stress against the given feature values at any instant. The

output stress value was compared against the interpreted stress value (0 or 1).

Stress Profiles generated using FIS’ based on features derived from the ECG and
EDA signals

For Subject 102, stress profiles were generated using the two FIS based on ECG ad EDA
features respectively. The accuracy of the two FIS was checked using different
thresholds. The EDA signals for Subject 110 and Subject 107 had a lot of artifact and
hence for them, the FIS based on EDA features wasn’t used. For these participants, the

stress profile was generated only using the FIS based on ECG features.
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The accuracy of the FIS for all the participants was checked using different thresholds.
As seen in previous results, the FIS performed the best for the threshold levels 0.5-0.5
(see figures 43, 44 and 45).

However, as it can be observed in figure 45, the FIS for Subject 110 performed
considerably well for the other thresholds like 0.6-0.4 and 0.7-0.3. Also, the performance
for the thresholds 0.5-0.5 and 0.6-0.4 was similar in the FIS for Subject 110. This is
unique to this FIS as for all other FIS’, the performance for all thresholds except 0.5-0.5

was quite low.
FIS Accuracy (ECG FIS Accuracy (ECG
Features) Features)
0 0,

100.00% 8981% 100.00% 27 439

90.00% - 90.00% .

80.00% - 80.00% -

70.00% - 70.00% -~

60.00% - 60.00% -

50.00% - 50.00% -~

40.00% - 40.00% -

30.00% -~ 30.00% -~

20.00% - 20.00% -~

5.40%
10.00% - 0.00% 0.00% 10.00% - 0.00% 0.00% 0.00%
0.00% - T . T T ] 0.00% - T T T ]
0.5-05 0.6-04 0.7-03 0.8-0.2 0.5-0.5 0.6-0.4 0.7-0.3 0.8-0.2

Figure 43 Accuracy of Stress Prediction by FIS (ECG Features) with respect to Different Thresholds
for Subject 102 (left)
Figure 44 Accuracy of Stress Prediction by FIS (EDA Features) with respect to Different Thresholds
for Subject 107 (right)
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Figure 45 Accuracy of Stress Prediction by FIS (ECG Features) with respect to Different Thresholds
for Subject 110

Thus, the FIS based on features derived from the ECG could distinguish between “stress”
and “no stress” states with varying accuracies for different thresholds, and these are
described as follows:

e 0.5-0.5: Accuracy (Average) = 83.365%

e 0.6-0.4: Accuracy (Average) = 30.305%

e 0.7-0.3: Accuracy (Average) = 18.86%

e 0.8-0.2: Accuracy (Average) = 0%

It 1s believed that the performance of the FIS’ can be improved by incorporating more
features derived from the ECG and EDA signals as input, and by integrating the two FIS

into one.

6.4 Conclusion
This chapter presented the details of fuzzy logic and fuzzy inference systems (Mamdani-

type and Sugeno-type). A Mamdani-type FIS was designed to estimate the value of stress
based on the input physiological features. Two FIS each were developed for creating the
stress profiles of each participant. These FIS were based on the features derived from the

ECG and EDA signals of the participants, which were captured during Visit-1 of the
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studies. The FIS based on features derived from the ECG signal could distinguish
between the “stress” and “no stress” states with an average accuracy of 83.365% when

the threshold was set to be 0.5-0.5.

89



Chapter 7: Conclusion and Future Work
7.1 Conclusion
A framework to enable emotion regulation in children with ASD is proposed. The
feasibility of the building blocks of the framework has been tested by conducting pilot
studies on nine young TD children (age 3-6 years). Nine participants voluntarily agreed
to participate in the user studies designed to verify the each building block of the study.
The goals of the study were set to test the feasibility of these building blocks, and are
described as:
1. Testing the feasibility of using extant biotechnological methodology to
successfully measure physiology of young TD children (3-6 years).
2. Designing a stress profile for each participant, based on the correlation derived
between measured physiology and observed behavior.
3. Presenting different audio representations to the participant to check if these

representations are capable of capturing the participant’s attention.

The results of the studies were analyzed temporally point-to-point and for average
calculations to gain insights. The goals of the studies were achieved as each step of the
framework being tested was found to be feasible.

The extant biotechnological equipment could be successfully used with this young
population. 90% of the participants could participate in the sessions without experiencing
any discomfort. However, the equipment was found to be distracting for the other
participants. The different audio representations were also successful in capturing the
participants’ attention. This is supported by the fact that 33 out of 43 instances of playing
audio representations captured the participants’ attention. It was found that the Lab-TAB
activities were effective in inducing stress, although the level of stress experienced by the
participants was variable. However, the overall study design was found to be successful
in inducing stress and measuring the corresponding changes in affect by measuring the

changes in physiology.
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7.2 Future Work
The first step would be to conduct these studies with a larger set of participants to

observe similarities in the response patterns of participants under stressful situations
(Lab-TAB activities). The next step would be to integrate the individual steps validated in
the pilot study, to verify the functioning and effectiveness of the proposed framework.
The future studies would test both the populations: Typically Developing children and
children with ASD. However, some suggestions for individual pieces of the framework

are presented, which would make the design more robust.

Audio Representations

Since it is difficult to predict which sounds will work best with autistic children,
and considering the fact that different children may have different preferences and
hence attend to different sounds, we need to explore all the shortlisted audio
representations with the autistic population, to see if there exist any differences in the
choices and attention capturing capability for this new population. The architecture will
ensure the modification and playing back of these representations such that they
fire (with corresponding change in pitch, frequency or structure) when a change in affect

is detected.

Data Analysis

Besides analyzing the results obtained from the Average Calculations and Temporal
Point-to-Point Analysis, it might be important to study if there was a change in affect at
specific events during the activities for all participants. Also, measurement of this change
can be useful in determining the effect of each activity in inducing stress/frustration.
Finally, this can be useful in observing a pattern of change in affect across all
participants. This third type of measurement can be done for future studies which would
compare the values of different HRV indices before and after the important events for

each activity.

Owing to the subjective nature of this study, and with differences in the behavior and

response of each participant, it is difficult to cover all events that may occur during the
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studies. So, the events for this analysis have been chosen so that they are prominent

(believed to cause a change in affect) and standard (occur during all studies). The

standard events chosen for this analysis are categorized according to the activities during

which they occur.

Activities S1(a) and S1(b)
Important Events:

Event 1: When the child has tried all wrong keys to open the locked box
Event 2: When the three minutes of trying are over

Event 3: When the toy is handed over to the child

Event 4: A couple of seconds after the child starts to play with the toy
Event 5: When the three minutes of playing with the toy get over

Activities S2(a) and S2(b)

Important Events:

Event 6: When the experimenter introduces the activity (tells about goldfish and
equal sharing, and hands over the box to another experimenter)

Event 7: When goldfish is equally shared for the first time

Event 8: When goldfish is unequally shared for the first time

Event 9: When the experimenter eats the participant’s colored goldfish

Event 10: When the experimenter takes all the goldfish from the participant’s
share

Event 11: When the experimenter accepts that she was not being very fair

Event 12: When the experimenter tells about giving some goldfish to the
participant

Event 13: When the participant gets some goldfish to eat

Event 14: When the participant has finished eating
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Activities S3(a) and S3(b)

Important Events:

Event 15: When the experimenter critiques the participant’s drawing (circle) for
the first time

Event 16: When the experimenter critiques the participant’s drawing for the third
time

Event 17: When the experimenter critiques the participant’s drawing for the fifth
time

Event 18: When the experimenter critiques the participant’s drawing for the last
time

Event 19: When the experimenter chooses one of the drawn circles and
appreciates it

Event 20: When the participant receives colored markers to draw

Event 21: When the participant starts drawing anything of his/her choice

Event 22: When the participant has finished his drawing

Inter-Activity Intervals (1AI) — 1, 11, 111

Important Events:

Event 23: Beginning of 1Al — |
Event 24: End of IAI - 11

Event 25: Beginning of 1Al — 11
Event 26: End of 1Al — 11

Event 27: Beginning of 1Al — 11
Event 28: End of 1Al — 111

In order to study the change in physiology and expected behavior before and after these

events, only those features could be used which can be extracted for any time instant (for
e.g. Heart Rate (HR), Tonic EDA (EDL)). All other HRV and EDA indices are related to
these features, but need to be computed over a time window ranging from 5 seconds to 5

minutes. Hence these features have not been studied and compared for this analysis.
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Emotion Regulation Strategies

After performing each activity, the child should be taught to use emotion
regulation strategies such as deep breathing, smiling, engaging in an activity of
their liking (such as drawing, singing, etc.) to return to baseline. The effect of
each strategy should be measured in terms of how soon it brings the child back to
a relaxed state and for how long does it help the child stay relaxed. This is one of the
unique points of the study as it teaches emotion regulation to the child during
moments of self-experienced stress, contrary to conventional approaches of storytelling

and role-playing.

Use of Audio Representations

The audio representations carry a lot of potential to influence the affect of the participant.
The literature quotes wide use of Music Therapy to solve emotion regulation difficulties
experienced by children with ASD. The audio representations in that case could not just
enable emotion regulation by capturing the child’s attention, but would also possess
soothing properties that could help the child return to the baseline condition. In this way,

the audio representations would support emotion recognition and regulation, both.

Affect Classification
The current studies only target two emotional states: “Stress” and “Non-Stress”. It would
be interesting to see if the future work can target other affects described in section 4.1

and provide a feedback based on a wider range of affective states.

Design and Development of a Wearable Device

Finally, the most fascinating and seemingly promising area for future work would be to
design and develop a wearable device that employs the proposed framework. This device
would enable emotion regulation in young children (age 3-6 years) ASD by studying the
user’s affective state in real-time, thus providing a more customized solution to this

heterogeneous population.
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